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ABSTRACT 
 

Machine Learning has a significant and quicker growth in this decade. Every day, 

new Machine Learning applications and algorithms are being developed. It plays a 

significant role in spam detection, recommendations, medical treatments as well. 

The present machine learning approach helps us improve public safety, security 

alerts, and medical interventions. However, not much is being worked in domain 

of real estate sector, house prices continue to rise year after year and the most 

difficult issue is managing or forecasting real estate values. As a result, 

stakeholder, purchasers, and builders want to know which factors influence 

housing prices. We address the prediction of house prices generated by machine 

learning models in this research paper. We would also investigate the elements 

that influence housing market such as location, territory, stock market, and 

ageing and ultimately, develop a system to assist clients in acquiring a property 

that meets their needs. This research intends to analyse, evaluate, and construct 

an intelligent system deploying artificial intelligence on the real estate sector 

using various Machine Learning models such as K-Means Clustering, Random Forest 

Regressor, XGBoost, Neural Networks with an addition of areas of interest that 

people might look for most visited venues. Moreover, this research will explore 

the differences between many advanced models using both classic and advanced 

machine learning methodologies. In addition, it will extensively examine a variety 

of ways in model implementation and deliver an optimistic outcome for housing 

price prediction. 

 

Keywords: House Price Prediction, Artificial Intelligence, Machine Learning, K-

Means Clustering, Random Forest Regression, Sequential Neural Network 

Regression, XGBoos
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CHAPTER 1: INTRODUCTION & BACKGROUND 
 

Have you ever considered buying a property? You can browse a variety of homes 

online and get ideas for properties that interests you. Following which, you might 

consider the looks and the price. However, you might not know what you are 

paying for and what all is covered in the price. Are the houses valuated simply as 

others? Maybe the price is higher due to nearby shopping centre or a good school. 

What are you paying for, and how much does the features of the property affects 

the price? When it comes to pricing of a property, there are many 

unanswered/unresolved questions. 

The significance of the real estate market cannot be understated. It is a key 

portion of an individual’s wealth, and for professional investors, it is a different 

asset class that may be utilized to further diversify their investments. As a result, 

developers, appraisers, homebuyers, and other real estate market participants, 

such as lenders rely on accurate house price forecasts [1]. 

The Behaviour of the real estate market has macroeconomic implications. This 

sector alone accounts for a significant share of the GDP (Gross Domestic Product). 

Moreover, House price fluctuations also have a minimal impact on other markets, 

not only to banking sector but also to business investments or personal 

consumption [2,3]. Even the real estate market has impact at the micro level. 

From a personal perspective, a housing decision is one of the important financial 

decisions in most people’s lives. Thus, understanding rental decisions and real 

estate market determinants is focused by macro and micro-economics. For 

instance, it is generally established that housing markets exhibit long-run mean 

reversion and short run momentum [4]. 
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1.1 Why House Price Prediction? 
Housing, a sub-division of real estate industry is a crucial component of a 

sustainable economy. Owning a property is seen as having a good social standing 

in various nations and is a goal of young individuals entering the employment 

market. Although the reasons are different, the parties who chooses to own a 

house can enter the market and can take advantage of the increase in values. The 

most important issue in stabilizing the real estate market is economic feasibility, 

it is only sustainable if it is affordable and economical. The cost-effectiveness of 

a home also affects the stability of its use as an investment tool [5,6]. 

The financial crisis of 2008 expanded from United States of America to other 

countries, every nation developed a growing interest in the housing market (Asian 

crisis in 1997, as well as the asset price surge before to the 1929 and 2008 US 

crises, are instances of big financial crises that were created by speculative home 

price bubbles). Prolonged price increase, combined with disproportionate 

investment, leads to speculative price fluctuations known as bubbles, which have 

a detrimental impact on long-term economic growth [7]. Since house prices 

directly or indirectly affects economic steadiness, it is essential to control the 

real estate market and the price of housing.[8] 

1.2 Why United Kingdom? 
 

We choose United Kingdom for a variety of reasons. First and foremost, the 

housing industry in the country is vital for both resident and non-resident 

investors. The Rapid growth of real estate business over the past 15 years has 

caught the interest of overseas real estate investors. The sector’s pivotal role, 

particularly during the economic downturn has sparked intense interest in the 

behaviour of the real estate markets. The rate of owner occupation in the United 

Kingdom is significantly greater than in other European countries. Furthermore, 

“new figures based on HM Land Registry records reveal that foreign ownership has 

increased around 180 percent in the last 11 years”.[9] “The Value of inward 



  

3 
 

Foreign Direct Investment position climbed in 2020 by £288.7 billion (17.6%), while 

the outward increased by £13.5 billion (0.8%)”. The value of inbound profits in 

professional and support sectors was roughly five times greater in 2020 than in 

2019 [10]. Currently, currency rates are another reason to invest in property in 

the country due to European Union referendum the value of the pound has fallen. 

The uncertainty around Brexit, followed by the COVID-19 epidemic has kept the 

value of the pound low which gave a chance for foreign investors to take 

advantage to expand their property investment portfolio. Average house price has 

increased from £150k to £276k in past 15 years (see figure 1,2). As per Bank of 

England, the house prices increased from around £10k in 1977 to £200k in 40 years 

(see figure 2). 

 

 

Figure 1: Average House Price in United Kingdom 
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Figure 2:Annual house price change in United Kingdom 

 

Thus, this research will look at the importance of various characteristics for homes 

in United Kingdom. We analyse numerous factors that influence pricing, such as 

exteriors, surroundings, year built and others which contribute towards price. 

Moreover, in the analysis we will also include external factors such as the stock 

market, interest rates, unemployment rates, house price index and environmental 

factors will utilize statistical techniques to analyse how each of many factors 

affects the pricing. Around 80 percent of the United Kingdom’s people reside in 

cities, where the need for accommodation is greatest. The number of houses falls 

well short of needs, and at an annual level of replacement of 0.5 percent [39]. 

England’s real estate market is one the least adaptive in the civilized economies 

due to large number of owner-occupiers, poor renting segment and an absence of 

long-term financing solutions. 

1.3 Why Artificial Intelligence? 
 

Since, there is so much data on real estate markets and transactions, artificial 

intelligence and machine learning may be of great assistance in processing and 

evaluating existing data. Although, real estate may seem to be the only thing that 

is still tangible in a world that is becoming more and more virtual, artificial 
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intelligence is also taking over this industry. It is rapidly being used by real estate 

businesses in all aspects of house purchasing, selling, and financing. Some of the 

industry’s top names like Compass [11], Zillow [12] and LoanSnap [13] are now 

using Artificial Intelligence to assist buyers locate the appropriate mortgage and 

the perfect property.  

Zillow has updated its popular house price “Zestimate” [12] which uses neural 

networks to predict house prices. Most real estate information, including land 

records, title documents, purchase price and even mortgage liens is public data. 

The issue was that gathering all the information required visiting local offices, 

which took a lot of time. Nowadays, algorithms can quickly process documents to 

find information about property values, home improvements, debt levels. 

1.4 Aim(s) 
 

 To create a smart system for the users to show the areas of interest with 

the estimate prices of houses and to analyse the dynamics of the housing 

market in United Kingdom’s economy. 

1.5 Objectives 
 

 To investigate housing market in United Kingdom and corresponding 

variables in relation to literature review through statistical analysis. 

 To deploy machine learning model through Interactive Graphical User 

Interface (a complete system with intuitive interface) which would display 

key venues and analysis of the real estate market of United Kingdom. 

 To assist real estate agents, stakeholders, builders, purchasers in 

identification of key areas(venues) in location by using unsupervised 
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machine learning model and determine which type of house would be best 

as per user’s budget using artificial intelligence. 

1.6 Research Questions 
 

 Can Artificial Intelligence be used to deploy model for dynamic housing 

market? 

 To examine the impact of variables/factors related to housing market using 

statistical analysis (hypothesis testing). 

 How to apply Machine learning to predict the house prices in United 

Kingdom? 

 How an Artificial Intelligence system can reduce the effort and time of 

purchasers in finding desired houses. 

 What is the significance of using Machine learning models instead of using 

classical approach for predicting housing prices? 

1.7 Project Overview 
 

The research approach for carrying out this study is how a smart System will be 

built and evaluated to determine the house prices. The study technique includes 

a suggested intelligent system capable of predicting prices and analysis of 

investment using artificial intelligence and neural networks (deep learning). This 

part is divided into mainly five  sub-sections ,namely, investigation of the variables 

that impact the outcome variable which would be the house price ;dynamic data 

collection for all the identified important variables through various  Application 

programming interface(APIs) ;carrying out analysis of the data which contains 

cleaning and pre-processing , finding out variable interaction on the effect of 

House Price, combining the likewise variables ,and  how variables are related 
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together; after which a model would be implemented that would be deployed on 

an interactive Graphical User Interface; and finally to evaluate the effectiveness 

of the system that meets commercial deployment (see figure 3) 

 

Figure 3: Project Workflow 

CHAPTER 2: LITERATURE REVIEW 
 

(Takats, E. (2012).) explores the impact of ageing on housing values. The report 

concludes that ageing will have a considerable negative impact on house values. 

The paper’s key contribution is to utilize a large panel of international house 

prices to quantify the effects of continuing demographic shifts on present and 

future price trends. The article shows convincing evidence that demographic 

considerations, and hence ageing have an impact on property values. The study 

begins by developing a model to formalize the role of demographic trends in 

determining property prices. The model aids in identifying the old age dependence 

ratio and total population as significant demographic effect factors. The empirical 

research makes use of international panel of house price data from bank for 

international settlements, the data covers 22 advanced economics from 1970 to 

2009. While controlling for macroeconomic factors, the research deploys a panel 

regression model in differences relating the old age dependence ratio and total 

population to actual housing prices.  
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(Sivitanides, Petros. (2018).) Validated and quantified the impact of important 

macroeconomic variables on housing prices in London. The Halifax and Nationwide 

House price indices were used with the date ranging from 1983 to 2016. The author 

estimated alternate error-correction and partial-adjustment models. A classical 

demand-supply paradigm was used to explain the intertemporal behaviour of 

London housing prices, which states that prices at each point in time are 

controlled by the interaction of supply and demand. The research confirmed and 

quantified that the long-term impacts of Gross Domestic Product, London 

population and cumulative construction completions on London’s house values. 

(Jha & Radu (2020).) created machine learning models for predicting the price of 

the house. This research covered XGBoost, CatBoost, RandomForest, Lasso, Voting 

Regressor and more, which are being employed to predict prices on a residential 

dataset of 62,723 records from January 2015 to November 2019 and was obtained 

from the Florida State Real Estate Assessor website. Various cleaning and pre-

processing techniques were used with feature selection and feature engineering. 

Empirical results showed that XGBoost algorithm outperforms other models based 

on performance, coefficient of determination (R2), Mean Square Error, Absolute 

Mean Error, and computation time to predict the price of houses. 

(Gohl, Niklas & Haan (2022)), investigated housing market price expectations in 

short, medium, and long term. About six hypotheses concerning the occurrence, 

development, importance of pricing expectations is developed and tested. Data 

from personalized household survey, previous sales and rental offerings, satellites 

was used. Additionally, data from the Empirica housing data bank for the years 

2012 to 2016 to generate postal code specific house price trends with satellite 

data. The data bank contained around 484,604 observations for rental and non-

rental properties. The research stated that in long run, individual house price 

forecasts exhibit patterns of mean reversion. Furthermore, it demonstrated that 

most tenure selections are not significantly connected to future price predictions. 
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 (Bissoondeeal, R.K. and Tsiaras, L. (2021).) studied the non-linear relationship 

between the housing and stock markets. The research was carried out at both 

national and regional levels. It also investigated the relation of London property 

values with rest of the country. Copula theory is used to simulate the conditional 

joint distribution of the stock and housing market to evaluate their dependent 

structure. To estimate the distribution, Generalized Autoregressive Conditional 

Heteroscedasticity (GARCH) model was used. Quarterly data from 1973 to 2016 

was used which was taken from the Nationwide website, All Share Price Index 

reflected stock market activity, three-month treasury bill rate was utilized as 

interest rate. Moreover, how closely other parts of the country were tied to those 

in London. The research concluded that both markets have positive relationship 

and may display left tail dependency. 

(Quang Truong, Minh Nguyen, 2019) used both classic and advanced machine 

learning methodologies to evaluate the differences between numerous advanced 

models and presented an optimistic outcome for housing prediction. The dataset 

contained about 300,000 data points with 26 variables for pricing in Beijing 

between 2009 and 2018. Before implementing the model, several data pre-

processing approaches were used. GridSearchCV was used to refine models such 

as RandomForest, XGBoost, LightGBM and hybrid regression. RandomForest 

produced the lowest error on training set, whereas Stacked Generalization 

regression produced acceptable results. 

(Chandler, D. (2014)) researched on the housing market’s economics and 

explained by home prices are likely to be more volatile than those in other 

markets. It was also discussed topics of the property market in the United 

Kingdom. It was discovered that the value of household home wealth is likely to 

be variable in the near run and then assessed the impact of this volatility on 

families. 



  

10 
 

(Adam, Roland, 2009) investigated that construction costs and new built prices 

have a significant impact on house values. Building expenses include the cost of 

construction materials as well as manning. The greater the cost of development 

reduces construction and housing stock, and lower level of housing space 

generates higher rent and house prices. Furthermore, changes in prices impacts 

the building activities in construction sector, basically on profitability of 

development projects. Thus, building costs have favourable effect on values of 

houses. 

(Lu Decee Xu and Tang, B. (2012)) research investigated on the drivers of United 

Kingdom home prices based on quarterly data from 1971 to 2012. Co-integration 

technique and associated error correction model was used. According to the test, 

GDP, unemployment, credit, interest rate has a positive effect on prices, while 

income and supply of money have a negative effect. The Model suggested that 

increase of prices is controlled by building cost, income, interest rate and credit. 

The research recommended investors to pay close attention to fluctuations in 

interest rate. 

(Visit, Gan, C. and Lee, M. (2004)) experimentally evaluated the predictive 

capacity of the hedonic model with artificial neural network model. Data of about 

200 sample properties was collected from Christchurch, New Zealand. 

Geographical location as well as other characteristics of property such as type, 

number of bathrooms, bedrooms, garages, home size are used. Three layered 

Neural Network was used in the modelling phase. Weighted Least Square 

technique was used to calculate accuracy instead of ordinary least square 

technique. The research found that hedonic pricing models do not outperform 

neural network prices models. 

Table 1 : Brief of Literature Review 
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CHAPTER 3: METHODOLOGY 
 

Data Science applications seek to gather data and perspective from collected 

data. The originality and applicability of the discovered insights are highlighted. 

However, the influence of a project might be significantly lessened if the 

outcomes are not effectively conveyed. [24] 

The research strategy for carrying out this study is to build and assess a smart 

system to predict housing values thus following a quantitative research 

methodology [25]. The research method involves a proposed intelligent system 

capable of forecasting pricing and investment analysis utilizing artificial 

intelligence (neural networks) and machine learning models. This section is 

divided into five sub-sections: investigation of the variables that impact the 

outcome variable, which is the house price; dynamic data collection for all the 

identified important variables through various application programming 

interfaces(APIs); data analysis, which includes cleaning and pre-processing; 

variable interaction on the effect of house price, combining the likewise variables, 

and how variables are related to each other; after which a model would be 

developed and deployed on an interactive Graphical User Interface(GUI), and 

lastly the efficiency of the system that satisfies commercial deployment would be 

evaluated. 

3.1 Phase I: Investigation of determinants 
 

The First phase of the research was the investigation of various factors or 

determinants for house price, which would be done through literature reviews, 

researching on journals and articles published by the various government 

agencies. As per Takatas[14] the demography affects the price of houses and 

suggests that major shift is taking place.  Aging may lower property values since 

young professionals tend to buy properties, but old age people lead to sales, as 

Krainer [26] documents. As a result, if the proportion of the elderly compared to 
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persons of working age grows, price of the property my decrease, while United 

Nations Projections [27] too confirms it would happen, in developed countries, 

the proportion of old age population will nearly quadruple in the coming forty 

years. Several Studies [28,29] indicate strong indications of cyclical downturn 

impacts through labour market and income on housing demand. Some of these 

[29] point to the impact of rising costs or the mortgage crisis. As per official 

projections, demographic trends are often viewed as the primary basic driver of 

property prices in the long run, although changes fluctuations in financial 

conditions, reflected across both lending rates and availability of credit, effect 

housing market in the near term.[20]. We have taken six hypotheses in the first 

phase of the research, namely: 

 Does the house price and income of households are related?  

 Does inflation affect House Prices?  

 Does economy effects house price?  

 Does interest rate of the banks have an influence on the house prices?  

 Does mortgage lending and bankruptcies influence house prices? 

 Do the stock markets affect house prices?   

3.2 Phase II: Data Collection 
 

The practice of obtaining and quantifying information on variables of interest in a 

structured framework for answering well-defined research questions, experiment 

hypotheses and assess outcomes is known as data collection [30]. Since, there 

would be multiple elements from various domains, the data was collected through 

different APIs and saved at a local data storage (computer’s hardware).  The data 

was then integrated, and different data processing techniques (data pre-

processing, cleaning) were out. Because “garbage in, garbage out” [31] the data 
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needs to be cleansed to obtain reliable findings. Data was gathered from the 

following sources: 

 Office for National Statistics 

 Gov.uk  

 Ukfinance.org.uk 

 Land Registry Data 

 Yahoo Finance 

 Kaggle 

 Propertydata.co.uk 

 opendatacommunities.org 

 Foursquare API 

 Nationwide House Price Index 

 Halifax House Price Index 

 Land Surveyors House Price Index 

 Transactional History from Land Registry 

 

3.3 Phase III: Data Analysis 
 

Data analysis is the way of forming, expressing, unfolding, estimating, and 

understanding data by means of statistical methods. Data analysis in applications 

can be classified as, Exploratory Data Analysis (EDA) which focus on uncovering 

new data characteristics, while Confirmatory Data Analysis (CDA) aids in the 
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confirmation or falsification of existing hypotheses [32]. Pre-processing 

techniques such as data cleaning, removing null values, data manipulation was 

carried to feed the machine learning model. Moreover, visualization techniques 

such as plotting graphs were carried out to get information from the data. 

3.4 Phase IV: Model Development and Deployment 
 

Machine learning’s fundamental purpose is to develop a model that can make 

predictions [33]. This phase asses different machine learning algorithms such as 

K-Means clustering, RandomForest Regressor, XGBoost, Sequential Neural 

Networks and select the best performing algorithm that suits the best. After 

obtaining the relevant variables, a regression model was built to estimate property 

prices, and a classification model to group most visited venues in the selected 

location (city). Both models were placed on GUI, which provided the user with the 

required results based on their search criteria. 

The interface is classified into three categories: Firstly, if the user wants to know 

where he/she should seek the property based on their interests which also 

provides the estimate of the prices of that location. Secondly, if the user wants 

to know the estimate of the house prices as per their specifications (such as year 

built, energy rating, location, square footage), moreover it contains additional 

criteria for predicting the prices of house from demolition or refurbishment which 

shows profit percentage, this part would be beneficial for purchasers as well as 

for investors as it would shows the areas to maximize their profits. While the last 

section shows the graphs of house price index prediction in the next years, prices 

of house country wise in United Kingdom. 

3.5 Phase V: Evaluation 
 

The purpose of evaluating a model is to offer a valid assessment of its predictive 

ability, performance measurements on the other hand must account for the 
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specificity of numerical forecasts, the differences between true and prediction 

function values are the most often used performance indicators [34]. The system 

was assessed based on its efficacy in user engagement, price projections and 

whether it is suitable for commercial implementation. Various accuracy metrics 

were used to evaluate performance on train and test datasets such as Mean 

Absolute Error (MAE), R-squared (R2) Score, Mean Squared Error (MSE). The 

primary goal of this research was to create a smart system that uses the 

architecture and outperforms previous designs. 

CHAPTER 4: IMPLEMENTATION 
 

Implementing a machine learning algorithm provides a thorough understanding of 

the way the algorithm works. When implementing a machine learning algorithm, 

several micro-decisions must be made, and these decisions are frequently omitted 

from theoretical algorithm definitions. Because few individuals take the effort to 

design several the more complicated algorithms as a learning exercise, learning 

and parameterizing these decisions may swiftly push anyone to intermediate and 

advanced levels of comprehensions of a certain approach. To create Machine 

learning applications, one must first choose a platform, an integrated 

development environment (IDE), and a programming language. 

For the implementation part, Python is the programming language that has been 

used as python is a popular language for data science, numerical computation, 

machine learning which enhances the efficiency and effectiveness by its extensive 

libraries [35].  

4.1 Phase I: Hypothesis Testing 
 

A hypothesis is either a preliminary claim or a formal explanation of concept 

(provable or disprovable) that demonstrates how two or more factors are 
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predicted to interact [36]. It might be simple propositions of an expected outcome 

or assertions of the presence of a correlation. Statistical hypotheses are classified 

into two types: The Null hypothesis (Ho) which states that samples are not 

affected that is no change or no difference, while the alterative hypothesis (H1 or 

Ha) is the notion that sample observations are affected by some non-random cause 

[37]. 

Hypothesis testing is an approach to evaluate whether to reject or accept the null 

hypothesis. This procedure consists of the following steps [38]: 

 Specify the hypothesis: The hypotheses must be stated. 

 Create an analytical strategy: The analytical plan explains how to test the 

hypothesis using the dataset 

 Statistical testing: Determine the test statistic provided such as t statistic, 

z-score, percentage. 

 Interpret the findings: Use the selected statistical method outlined in the 

analysis plan. 
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Figure 4: Steps to Hypothesis testing 

 

We have taken six hypotheses in the first phase of the research. 

4.1.1 Hypothesis I: Income of Householders vs House Price  
 

In 2012, Lu Decee and Tang [22] conducted a study on the many factors influencing 

house prices and discovered that income and money supply had a negative impact 

on house prices. Ming-chi-chen [40] researched on the link with housing prices and 

income. While Atalay [41] investigated the influence of housing price volatility on 

observed economic health using longitudinal data on financial behaviour 

satisfaction. Thus, it seems that income has a relationship with house prices. 

Data Description: 

 Dataset downloaded from Kaggle 

o The data was retrieved from Kaggle which contained the average 

house price in the United Kingdom between 1975-2020 and the 

average income between 1999-2020. 

o Rows contained the yearly data, while the columns were namely, 

year, average house prices, and median salary. 

 Dataset downloaded from gov.uk 

o The data was retrieved from gov.uk while contained the yearly 

average house prices and average income for different dwellings 

from quarter 2 of 1992 to quarter 4 of 2021. 

o Rows contained quarterly data, while columns were year, quarter, 

average prices and income for new dwellings, other dwellings, all 

dwellings, first time home buyers and former buyers. 
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Table 2: Data Description of Income 

Index Data Source Description #Rows #Columns 

Income Kaggle Monthly data from 1999-2020 46 3 

Income Gov.uk Quarterly data from 1992-2021 119 17 

 

Python Libraries Used: 

 Pandas (used for importing datasets files, data manipulation and data 

analysis). 

 Seaborn (used for plotting advanced statistical plots and graphical 

representation). 

 Matplotlib (used for making basic graphs) 

 SciPy. Stats (used for obtaining probability distributions, generate 

descriptive statistical values). 

Hypothesis: 

 Null Hypothesis: There is a no relation between Income and house price 

 Alternate Hypothesis: There is a relation between income and house price. 

Statistical Testing Used: 

 Correlation statistical tests. 

 Regression Lines. 

Since, we need to find out the relationship between house price and the income 

of the householders and both variables are continuous, finding the correlation and 

linear regression is most used technique [42] used for exploring the relationship. 
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Correlation evaluates the magnitude of a linear connection between two features, 

whereas regression defines the relation statistically.  

Correlation coefficients evaluate the strength of relationship, a positive 

association is indicated by positive coefficient, while a negative association is 

depicted by a negative coefficient whereas value near zero indicates no 

association. 

 

Figure 5: Correlation coefficients 

4.1.2 Hypothesis II: Inflation vs House Price  
 

Inflation is defined as a consistent increase in the overall price of all commodities 

and services produced in each industry. There are several theories as to what the 

cause is. According to the Keynesian school of economics, inflation is caused by 

market processes such as supply and demand, which cause price shifts. Increased 

supply and service costs lead to higher product prices, resulting in “cost-push” 

inflation [43]. As the price of bricks increases, the cost of constructing rises. 

Data description: 

Inflation is basically measured through two indexes, Retail Price Index (RPI) and 

Consumer Price Index (CPI). RPI is produced by Office of National Statistics, and 

includes mortgage interest payments, whereas CPI includes other goods and 

services except housing costs. 
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Table 3: Data Description of Inflation data 

Index Data Source Description #Rows #Columns 

Retail Price 

Index (RPI) 

Office of National 

Statistics 

Monthly data 

from 1897-2022 

426 2 (Date, 

Index) 

Consumer 

Price Index 

(CPI) 

Online Scrapping from 

rateinflation.com 

Monthly data from 

1988-2022 

414 2 (Date, 

Index) 

House Price 

Index (HPI) 

Office of National 

Statistics 

Monthly data from 

1968-2022 

650 2 (Date, 

Index) 

 

Python Libraries Used: 

 Pandas 

 Matplotlib 

 Numpy (used for manipulation of arrays) 

 Seaborn 

 Statsmodel.tsa.stattools (used for time series analysis) 

 Pandas.plotting (Lag_plot used to look for patterns) 

 Statsmodel.tsa.api (used vector autoregression for time series analysis) 

 Scipy.stats.stats (used kendalltau to measure correlation) 

Statistical Testing Used: 

 Visualization technique 

 Lag plots 

 KendallTau 
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 Granger Causality Test 

Hypothesis: 

 Null Hypothesis: Time series Inflation does not Granger-cause time series 

house price index 

 Alternate Hypothesis: Time series Inflation does not Granger-cause time 

series house price index 

Various visualization techniques were used using seaborn library such as line plots 

for both the RPI and CPI inflation indexes with UK HPI (see fig 6). A lag plot is a 

sort of scatter plot in which two parameters(x,y) are lagged. A lag is a specified 

length of time in a time series data. Lag plots are important in checking the 

outliers, finding patterns, seasonality, and correlation [44] (see appendix fig 41). 

 

 

 

Figure 6: UK inflation data with HPI (1988-2022) 
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After which, Kendall’s Tau statistical test was used. Kendall’s Tau is a measure of 

the strength of an association between variables. The analysis of Kendall’s Tau 

yields two things namely, a correlation coefficient and a p-value. The coefficient 

varies between -1 and 1, while negative represents the variables are negatively 

connected while a positive one represents the positive connection [45]. The p-

value shows the likelihood of finding results have a real association, moreover, p-

value helps in concluding the reject or accept the null hypothesis. 

After making the time series stationary through differencing and testing through 

Dicky fuller test, lag order was calculated using Vector autoregressive model to as 

to input the max lag into the statistical test named granger causality test, which 

is used to examine if one time series can foretell another. The value of time series 

at a particular lag is beneficial for forecasting the value of another series at a 

later period, is called “Granger-causes” [46]. This test provides with two values: 

F-test statistics and p-value, if the p-value is less than 0.5, null hypothesis can be 

rejected, and vice versa.  

4.1.3Hypothesis III: Economy (GDP) vs House Price Index 
 

Lu Xu [22] investigated if the Gross Domestic Product (GDP) has a favourable 

influence on the housing market and found out that GDP has a positive impact on 

the real estate market. While Aizenman [47] utilized a quarterly dataset spanning 

four decades to investigate the link between economic growth and housing 

market. The main aim of this hypothesis was to check the correlation and 

causation of the two indices. 

Dataset Description: 

 For economy data, we have used GDP as it is main factor which tells about 

the state of the economy. 
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 From the dataset, maximum GDP is 7.44 whereas the minimum is -9.27 with 

a mean of 2.24 and standard deviation of 2.73 

 For House Price Index data, we have used data published by Office of 

National Statistics. 

 

Table 4: Data description for GDP data 

Index Data Source Description #Rows #Columns 

Gross Domestic 

Product (GDP 

World Bank Yearly data from 

1968-2021 

54 2 (year, 

GDP_growth%) 

House Price 

Index (HPI) 

Office of 

National 

Statistics 

Monthly data from 

1968-2022 

650 2 (Date, Index) 

 

 Python Libraries Used: 

 Pandas 

 Matplotlib 

 Numpy  

 Seaborn 

 Statsmodel.tsa.stattools  

 Pandas.plotting  

 Statsmodel.tsa.api  

 

Statistical Testing Used: 
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 Visualization technique 

 Lag plots 

 Granger Causality Test 

Hypothesis: 

 Null Hypothesis: Time series GDP does not Granger-cause time series HPI 

 Alternate Hypothesis: Time series GDP Granger-causes time series HPI 

 

Herein, plotting of graphs of the times series of GDP and HPI was done to visualize 

the relationship of both the series (See fig 7). 

 

Figure 7: UK HPI vs GDP Data(1960-2022) 
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Since, GDP data was yearly data and HPI data was monthly, thus, HPI data was 

resampled from monthly to yearly data. After which Granger Causality test was 

performed to check the correlation and causation of the both the time series. 

4.1.4 Hypothesis IV: Interest Rate (Bank Rate) vs House Price Index 
 

Different interest rate concepts, when combined, described, or offer variables 

that affect interest rates. “These approaches are different due to disagreements 

over whether rates of interest are a financial or a real phenomenon, such concepts 

are the classical theory of interest, the Keynesian liquidity preference theory of 

interest, the loanable funds theory of interest, the Friedman monetarist 

framework” [43]. 

Xu [48] found that interest rates in the real estate market have varied effects on 

supply and demand. Moreover, found that interest rates and property prices have 

a complicated and interdependent connection. According to the research [43], 

interest rates have a negligible link with property values, however the association 

is associated favourably. The hypothesis which I took is too related to interest 

rate, whether it affects the real estate market prices or not. 

 Dataset Description 

 Bank rate history data was fetched from Bank of England’s database. 

 Bank rate data had maximum value as 17 whereas the minimum as 0.10 

with a mean of 9.208 and standard deviation of 3.70 

 

Table 5: Data Description for Bank rate History 

Index Data Source Description #Rows #Columns 

Bank Rate 

History 

Bank of England data from 1975-2022 244 2 (Date, 

Rate) 
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House Price 

Index (HPI) 

Office of National 

Statistics 

Monthly data from 

1968-2022 

650 2 (Date, 

Index) 

 

Python Libraries Used: 

 Pandas 

 Matplotlib 

 Numpy  

 Seaborn 

 Statsmodel.tsa.stattools  

 Pandas.plotting  

 Statsmodel.tsa.api  

Statistical Testing Used: 

 Visualization technique 

 Lag plots 

 Granger Causality Test 

Hypothesis: 

 Null Hypothesis: Time series Bank Rate does not Granger-cause time series 

HP 

 Alternate Hypothesis: Time series Bank Rate Granger-causes time series 

HP 
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Data from the time series was plotted to visual the correlation or trend (see fig 

8). Since, the bank rate was not monthly, thus data pre-processing technique was 

used to convert it into monthly to compare it with house price time series. 

 

Figure 8: UK bank Rate (1975-2022) 

 

After cleaning the dataset as per the requirements, stationarity, seasonality, and 

trend was checked, the time series was converted to stationary data with the help 

of adfuller test using statsmodels library, as the basic requirement for granger 

causality test is that the data should be stationary. Lag_plots were plotted and 

applied vector autoregressive model to get the max lag for the granger test. After, 

which granger test was applied to get the f-test score and p-value. 

4.1.5 Hypothesis V: Outstanding Debt (Balance) vs House Prices 
 

Gimeno, R. [49] researched to examine the interaction between mortgage loans 

and housing prices in Spain and found out that both are interdependent. Whereas 

Richard Disney [50] researched the relationship between household indebtedness 
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and property prices and discovered that house price has little impact on the 

indebtedness. We take the hypothesis to check whether the outstanding 

debt(balance) has an impact on the house prices or not, whether increase in debt 

causes house prices to increase. 

Data Description: 

 Data for outstanding loans were fetched from fca.org 

Table 6: Data Description for Outstanding Debt 

Index Data Source Description #Rows #Columns 

Outstanding Debt FCA.org data from 2007-2022 61 6 

House Price Index 

(HPI) 

Office of National 

Statistics 

Monthly data from 

1968-2022 

650 2 (Date, 

price) 

 

Python Libraries Used: 

 Pandas 

 Matplotlib 

 Numpy  

 Seaborn 

 Statsmodel.tsa.stattools  

 Pandas.plotting  

 Statsmodel.tsa.api  

Statistical Testing Used: 

 Visualization technique 

 Lag plots 
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 Granger Causality Test 

Hypothesis: 

 Null Hypothesis: Time series Loan data does not Granger-cause time series 

HP 

 Alternate Hypothesis: Time series Loan data Granger-causes time series 

HP 

Visualization techniques were followed to plot the time series such as line plots, 

histplots and some data cleaning techniques were followed to match the time 

series together, moreover, before passing the data into granger test, the series 

were converted to stationary using differencing and adfuller test. At last, the data 

was fed to the test to get the f-test and p-values. 

4.1.6 Hypothesis VI: Stock Market vs House Price Index 
 

Bissoondeeal [18] investigated the link between the housing market and the stock 

market and discovered that the two markets are favourably associated. Moreover, 

Kim Liow [51] examined the long- and short-term relationship between the real 

estate sector and stock markets. To examine the researchers, we took the 

hypothesis to check whether the stock markets impact the housing market or not. 

Data Description: 

 FTSE All-share Index was collected from yahoo finance from 2005-2021 with 

the interval of 1 month with the help of yfinance library in python. 

Table 7: Data Description of Stock Market 

Index Data Source Description #Rows #Columns 

FTSE- All Share Yahoo 

finance 

data from 2005-2021 206 6 
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House Price Index 

(HPI) 

Land 

Registry 

Monthly data from 1968-

2021 

645 2  

 

Python Libraries Used: 

 Pandas 

 yfinance 

 Matplotlib 

 Statsmodel.tsa.api  

 Scipy 

 seaborn 

Statistical Testing Used: 

 Visualization technique 

 Linear Regression 

 Cross Correlation Function 

Data manipulation techniques were followed to match the starting and ending 

dates of the time series, also percentage change was calculated to check the 

changes in values over time. Graphs were plotted for both percentage change and 

original time series. After which, correlation was calculated between the 

percentage changes, Linear Regression lines were plotted, and cross correlation 

function was applied on the time series to check similarity between the series. 

Cross Correlation Function is measure of degree of similarity; it helps in telling 

whether one time series is helpful in forecasting another one. 
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4.2 Phase II: Data Collection  
 

One of the most critical steps in doing research is data collection. Data gathering 

is a challenging activity that demands meticulous preparation, tenacity, and other 

qualities to be completed properly [30]. Data collection begins with defining what 

type of data is wanted, then selecting a sample from certain demographic. 

API is an abbreviation for Application Programming Interface. APIs are methods 

that allow two components to interact with another by defining and enforcing 

rules and protocols. API architecture describes as Client and server, the program 

that sends request is Client, whereas the application that sends the answer is 

server [52].  

For the property information and prices, we have used propertydata.com API. To 

use an API, we need to have an API Key and the URL (Uniform Resource Locator) 

to get data using the python library requests. Following is the API Key which was 

used to extract data from propertydata.co.uk 

API KEY: ‘L1SGXGR1LQ’ 

To get the prices of houses which specific number of bedrooms, we need to have 

specific URL, which returns the mean of house prices from a given radius for a 

specified full UK postcode and selectable filters. Following is the input as listed 

in the documentation of API [53]. 

URL:  

https://api.propertydata.co.uk/prices?key={API_KEY} 

&postcode={POSTCODE}&bedrooms= {0-6} 
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Table 8: Input parameters  for API to get bedroom prices 

Key API KEY Required Field 

Postcode Full UK Postcode Required Field 

Bedrooms Filter by number (0-5)  

Type Filter by type  

Points Number of points to 

analyze 

Default 20, minimum 

15, maximum 100 

 

Using the Python Library, requests.get() a response(reply) from the server is got 

which contains all the required data as per input parameters. 

To get the crime data of the location, we need to have specific URL, which returns 

the analytics on the local crime from a given radius for a specified full UK postcode 

[53]. Following is the input as listed in the documentation of API 

URL : 

https://api.propertydata.co.uk/crime?key={API_KEY}&postcode={POSTCODE} 

 

Table 9: Input parameters for API  to get crime data 

KEY API KEY 

Postcode Full UK Postcode 

 

The response which we get from the request, contains crime ratings such as Very 

High crime, high crime, average crime, low crime, very low crime. The crime 

analytics contains the labels such as violence, shoplifting, drugs, public orders, 

burglary, thefts, robbery of the postcode that was supplied in the URL [53]. 

We have also used a development calculate in the interface which calculates the 

profit and profit percentage as per the input criteria. This development calculator 



  

37 
 

combines the cost of construction with market data on prices per square footage 

and lets you knows the estimate of profit one can make. 

URL: 

https://api.propertydata.co.uk/development-

calculator?key={API_KEY}&postcode={POST_CODE} 

&purchase_price={PURCHASE_PRICE}&sqft_pre_development={PRE_SQUARE 

FOOTAGE}&sqft_post_development={POST_SQUARE_FOOTAGE}&project_type={P

ROJECT_TYPE}&finish_quality={FINISH_QUALITY} 

Following are the input parameters : 

Table 10: Input parameters of development calculator API 

Key API KEY 

Postcode Full UK postcode 

Purchase_price Initial purchase price of property 

sqft_pre_development Square footage of property before development 

sqft_post_development Square footage of property after development 

project_type Type of development (refurbish / demolition) 

finish_quality Finish quality (premium / medium / basic) 

 

Another API is used in classification of the interest of the people, or to find the 

most visited venues by the people in the location specified. For which, I have used 

FOURSQUARE API. This API too requires an API key and URL to get the response 

from the server. To access the data, additional information is required for 

authentication such as client ID, client secret and version [54]. 

API KEY:  'fsq3lREtx31InF1Fo6N72vvhvlJsyukU2DtVPxkju8HMVGU=' 

CLIENT_ID: WXER4KXQTW0IHEGA0HLO2EMDOOWEZKAX4YFQLRDMZ2TSBRVM 

CLIENT_SECRET: 4NMKXNOKJBU4FR312SHLECHR1WSY0ONMQP2JXUYOZ0TWKTJG 
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VERSION: 20210118 

The URL for get response from the server is listed below: 

URL: 

'https://api.foursquare.com/v2/venues/explore?&client_id={}&client_secret={}&

v={}&ll={},{}&radius={}&limit={}' 

In the above listed URL, we need to provide the Client ID, Client Secret, Version, 

the coordinates of the location for which the search is done, radius of the location, 

and the limit of the results required. For the research purposes, I have set the 

limit to 1000 and radius as 500. 

The rest of the data for the analysis and machine learning models were basically 

collected from Office of National Statistics, Land Registry. 

4.3 Phase III: Data Analysis 
 

Data must be examined to create a satisfactory outcome. Python, with simple 

instructions and syntax, provides a powerful open-source replacement to 

established methodologies and application. Exploratory Data Analysis (EDA) is a 

way of summarizing data by recognizing its key properties and visualizing it by 

means of proper illustrations [55]. EDA emphasizes on validating hypotheses 

necessary for prototype building and hypothesis validation, as well as addressing 

incorrect values and transforming inputs as required. Data patterns are shown 

using EDA tools like bar graphs, scatterplots, compute, and display associations 

among parameters via a heat map. 
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Figure 9: EDA in machine learning process 

4.3.1 EDA on Land Registry 
 

EDA was carried out on the land registry data, which contained all the data of the 

cities of the United Kingdom with average house price, index, percentage change 

of the prices and indexes, sales volumes. The data was from 2004 to 2022 with 

136934 rows and 54 columns. First, separate data frames were created bifurcating 

based on the regions, and with the help of seaborn library lineplots were created 

(see figure 10) for average house prices and average house price indexes. 

 

Figure 10: EDA of Land Registry data price 

 

Moreover, the percentage change in house price index was plotted as per the 

region areas using the seaborn library lineplots. 
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Figure 11: Percentage change in House price index EDA 

The dataset contained sales volumes, thus average sales volume was plotted 

country wise with the help of seaborn library bar () (see fig 12) 

 

Figure 12: Average sales volume country wise EDA 

 

Furthermore, geographical charting of home prices was done nation wise, for 

which geocoder library was utilized and prices were plotted with co-ordinates on 

the map of the United Kingdom using Folium library of Python (see figure 13) 

where green represented Scotland, Yellow represented North Ireland, Red 

represented England, and blue shows Wales. 
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Figure 13: Geographical mapping of prices country wise 

 

4.3.2 EDA on data acquired through API 
Data acquired through API was also subjected to EDA. Propertydata.co.uk API was 

used to obtain data for all areas in the United Kingdom, including the northeast, 

northwest, east midlands, and others. A For Loop was used to pass the values of 

the region list in the URL, and the data was recorded in a dictionary of data 

frames. Visualization was performed on the data such as bar charts and 

geographical plots. 

Region List created:   

[north_east','north_west','east_midlands','west_midlands','east_of_england','great

er_london','south_east', 'south_west','wales','scotland','northern_ireland'] 
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Figure 14: geographical maps with prices of regions of England 

 

Figure 14 represented the all the regions of England with the prices of the cities, 

below is the legend of the colours represented by regions in above mentioned 

figure. 

Table 11 : Colour coding of the regions on Geographical map 

Color Region Name 

Blue Northeast 

Green Northwest 

Purple East Midlands 

Orange West Midlands 

Dark Red East of England 

Light Red Greater London 

Pink Southeast 

Dark Blue Southwest 
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Same as the above figure, for Wales, Scotland and Northern Ireland cities with 

prices were plotted to have a quick view of the locations of the cities and prices 

on a geographical map. 

Furthermore, bar plots were visualized for average house prices region wise (see 

fig) 

 

Figure 15: Region wise bar plots of average house prices 

 

Average growth in the previous year was plotted and insights were found (see fig 

16) 

 



  

44 
 

Figure 16: Average growth in 1 year region wise 

 

4.3.3 Comparison between different indices 
 

Since, the research is based on predicting property prices, house price indices are 

among the most carefully monitored indicators. In United Kingdom, there are 

many significant house price indices, these indexes vary in what is quantified as 

well as the data. We concentrate on the four indicators [56] since they all strive 

to gauge house prices utilizing real market data and seem to be reasonably long-

lasting, allowing to assess variances in movements in the trend over a prolonged 

duration: 

 Halifax Indices 

 Nationwide Building society indices 

 An index by LSL property services/ Acadata (LSL Acad) based on land 

surveyors 

 Land Registry price index. 

Dataset Description: 

Table 12: Data Description of different indexes 

Index Source Data Description # Rows # Columns 

Halifax HPI Halifax Monthly data 
from 2019-2022 

42 3 

Nationwide HPI Nationwide 
Building Society 

Monthly data 
from 1991-2022 

379 7 

Land Surveyors LSL Acad E&W Monthly data 
from 2005-2022 

208 3 

UK HPI Land Registry UK Monthly data 
from 1968-2022 

650 3 

 

 Halifax HPI Index Max is 508.4 and Min is 397.8 with a standard deviation of 

32.052 and mean as 434.53 
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 Nationwide HPI Index Max is 541.83 and Min is 98.95 with a standard 

deviation of 127.83 and mean as 277.50 

 Land Surveyors HPI Index Max is 356.24 and Min is 194.62 with a standard 

deviation of 40.07 and mean as 255.69 

 Land Registry HPI Index Max is 1.88 and Min is 148.68 with a standard 

deviation of 41.73 and mean as 48.61 

 

 

Figure 17: Plotting of different indexes 

Following data cleaning and pre-processing techniques such as equalizing the 

length of time series for comparison, removing null values, and extracting a subset 

of the dataset based on region name, visualization techniques such as plotting of 

line charts (see figure 17) and bar charts (see figure 18) were used to compare the 

different indexes. Moreover, percentage change was calculated and plotted (see 

figure 19). 
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Figure 18: Comparison of change in price by different indexes 

 

Figure 19: Bar chart of prices by different indexes 

 

4.4 Phase IV: Model development and deployment 
 

Machine Learning development phase consists of various processes, such as 

identifying source data, creating models, deploying them and maintenance. The 

activities are divided into two major parts: Model development and Model 

operations [57]. The first part consists of steps including building of model, hyper-

tunning and choosing the model for deployment (see fig 20) 
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Figure 20: Machine learning model development cycle 

 

We primarily used three models for research purpose to be deployed on the GUI. 

Firstly, an unsupervised learning model (KMeans Clustering) for clustering the 

most common venues for the location, a sequential neural network model for 

predicting price index, and one of the supervised learning model random forest or 

XGBoost for prediction of house prices. 

4.4.1 Unsupervised Learning Model (K-Means Clustering) 
 

J.B. MacQueen suggested the KMeans technique as a type of cluster algorithm. 

This approach is commonly used in pattern detection, this method attempts to 

identify K divisions that fulfil a specific requirement to achieve the best possible 

result [58]. The KMeans method has the advantages of being concise, efficient, 

and fast. 

To cluster the most common venues in a location, we need to first have a location 

and find its co-ordinates using geocoder library of python. (See figure 21) 
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Figure 21: Code for finding co-ordinates 

The neighbourhoods of the specified location are then matched, and the same 

method of obtaining co-ordinates is followed. Using the Foursquare API, as 

explained previously in the data collection step, we then send the neighbourhoods 

co-ordinates to receive the most frequently visited venues in that specific region 

which is stored in a dataframe for further processing.(see figure 22). 

 

 

Figure 22: Dataframe of neighbourhood venues 

 

The dataframe is then grouped and sorted to get all the venues as per the 

neighbourhood( see fig 23) 

 



  

49 
 

 

Figure 23: Most common venues dataframe 

 

 Since the data required for any machine learning algorithm must be numerical, 

the dataframe is converted into numerical data using the technique called one 

hot encoding. Furthermore, for KMeans, the basic requirement is that the number 

of clusters must be supplied. The Elbow Method is one of the most prominent 

approaches for determining the ideal value of K, where K is the cluster number. 

We have used Elbow method to find value of K (see figure 24) 

 

Figure 24: Elbow Method and distortion score to find K 

 

We tried the Elbow method for values of K ranging from 1 to 10, and we could 

plainly see that the distortion score was 4, thus we used value of K as 4 for the 

KMeans method. KMeans clustering was used on the dummy dataset created using 
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one hot encoding, and the cluster labels were joined with neighbourhood venues 

that had the most common venues list. A geographical map was then plotted with 

the clusters using folium map. (See figure 25) 

 

Figure 25: Folium map with clustering 

 

4.4.2 Prediction of House Price Index with Sequential Neural Networks 
The purpose of this phase of deployment was to forecast the house price index for 

the next months. Several researchers have utilized neural networks to anticipate 

housing values, including Wang in 2021 [59] who employed a back propagation 

neural network to predict prices, and Varma in 2018 [60]. 

The dataset which was used for the modelling was published by the Office of 

National Statistics which included monthly indices from 1986 to 2022, after which 

EDA was conducted such as plotting a line chart using Seaborn Library (see figure 

26) 
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Figure 26: UK HPI  line chart 

 

Furthermore, the dataset was standardized as part of the feature scaling approach 

since data scaling is a suggested pre-processing step when dealing with algorithms. 

The MinMaxScalar library was used to scale down the data values. MinMaxScalar 

scales the value between 0 and 1. Following that, the dataset was scaled using 

the fit_transform() function,. 

Before feeding the model with data, the dataset was split into 65:35 ratio using 

train and test split. Dividing the datasets is required for an impartial assessment 

of prediction accuracy. The train test split is used to evaluate the effectiveness 

of algorithms for machine learning suitable for forecast based models. This 

approach is a quick and simple method that enables us to evaluate our own 

machine learning output to machine outputs. 

A data matrix was built from the dataset with data append using a time step of 30 

since the past 30 observations would be used to forecast the future observation. 

As a result, the previous 30 observations become independent data, while the 31st 

observation becomes dependent data, this is how the entire dataset was appended 

to a data matrix which would be fed to the neural network. 
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The data was then reshaped for model using reshape function. A sequential neural 

network model was built with four layers (see figure 27),  

 

Figure 27: Architecture of Neural Network 

  

The first layer is a dense layer with 64 neurons, while the second layer is a dropout 

layer that randomly changes the input to 0, preventing overfitting. The Third layer 

is another dense layer with 32 neurons, followed by a dropout layer. The data is 

fed to model with 100 epochs and the validation data parameter was set to test 

data, while the batch size is set to 64. After which the data is predicted using 

model.predict() and the next 9 months of the values were predicted. 

4.4.3 Machine Learning models for House Price Prediction 
 

For predictions, Limsobum Chai in 2004 [23] utilized layered neural networks, 

Takats in 2021 [14] used regression models, while Truong in 2019 [19] and Jha in 

2020 [16] used diverse models such as RandomForest and XGBoost. For housing 

price projections, I have also used machine learning techniques like 

RandomForest, XGBoost and sequential Neural Network.  
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The dataset used in this phase was obtained from the gov.uk website and includes 

the price paid transactions for 2022 for England and Wales. The dataset had 

around 231624 rows and 18 columns. Web scraping was performed from 

opendatacommunities.org to obtain the energy ratings, construction age bands, 

total floor area, and energy tariff of the properties listed in the above-mentioned 

dataset via API calls using a for loop was saved in a dataframe that was joined 

with the original dataset. 

The new dataset underwent data cleaning because it had many null values, for 

which duplicate values were eliminated, nan values were replaced with unknown, 

and outliers were visualized with the help of box plots and thus removed. EDA was 

conducted on the cleaned dataset using the seaborn library, which included plots 

of histograms, box plots, joint plots. In addition, a new column of city population 

rankings was added to the dataset. 

To examine feature correlation, heatmaps were plotted for numerical columns, 

whereas point biserial relationships were used for categorical variables. The 

connection between a binary and continuous variable is measured by point 

biserial, which gives two outputs correlation factor and p-value [61]. -1 indicates 

negative correlation while 1 indicates positive and zero shows no correlation. 

Furthermore, ANOVA tests were used to determine the relationship between 

categorical and continuous variables. It is a statistical test used to determine how 

much one variable influences the other. 

Before feeding the data into the model, the categorical variables need to be 

transformed into numerical values, which was accomplished using dummy 

variables. The data was then scaled using the MinMaxScaler library and split using 

an 80:20 split. After which machine learning models were used. 

RandomForest Regressor 
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Truong in 2019 [19] and Jha in 2020 [16] used RandomForest and XGBoost models 

for prediction of house prices. RandomForest is an ensemble approach that can 

handle both regression and classification problems by combing many decisions 

tress using a method called as bootstrap and aggregation. The core concept is to 

use numerous decision tress to arrive at an outcome rather than depending on 

independent trees. 

The RandomForest Regressor was used, and its accuracy was tested, hyper 

parameter tunning operation was carried out with the assistance of 

HalvingRandomSearchCV. This technique searches for given parameters by halving 

them one by one.  The parameters that were passed to obtain the optimal 

parameters are as follows: 

 

Table 13: Hyper parameters for RandomForest 

Parameter Values 

Bootstrap True 

Max_depth 110,100,90,80 

Max_features 3,2 

Min_samples_leaf 5,4,3 

Min_samples_split 12,10,8 

N_estimators 1000,300,200,100 

 

XGBoost Regressor 

XGBoost is a prevalent and effective open-source gradient boosted trees 

algorithm. It is supervised learning method which combines the estimations of a 

group of smaller, weaker model to attempt to forecast target [64]. The weak 

learners are regression tress and each tree link to another which carries 

continuous score. 
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Many studies utilise the algorithm to estimate house prices, in this instance, we 

employed the algorithm to determine accuracy after which hypertunning of 

parameters was carried out using same Cross validation approach, 

HalvingRandomSearchCV. The parameters that were input to the technique are as 

follows: 

Table 14: Hyper parameters for XGBoost 

Parameters Values 

N_estimators 1500, 1100, 900, 500, 100 

Max_depth 15,10,5,3,2 

Learning_rate 0.20,0.15,0.1,0.05 

Min_child_weight 4,3,2,1 

 

Sequential Neural Network 

After running random forest and XGBoost on the data, it was time to run sequential 

neural network on it. However, to determine the parameters and number of 

layers, the Keras tuner library was used in conjunction with the RandomSearch 

Function, which provided the summary of the findings. The following are the best 

parameters from the results summary: 

 

Table 15: Hyperparameters for Sequential Neural Network 

Number of Layers Number of Units 

Layer 1 224 

Layer 2 160 

Layer 3 64 

Layer 4 64 

Layer 5 96 

Layer 6 128 
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Layer 7 128 

Layer 8 192 

Layer 9 32 

Learning Rate 0.01 

 

The loss was then computed and plotted after the model was built and data was 

fed with number of epochs set to 100 and the validation data parameter set to 

testing data. 

4.4.4 Graphical User Interface 
 

A Graphical User Interface (GUI) is an interactive graphic component system for 

computer applications. A GUI displays elements which connects information and 

specify movements that a user does, When the person interacts with things, they 

differ in hue, magnitude, or visibility [62]. A GUI contains buttons, icons, texts.  

For GUI we have used Tkinter, there are several GUI frameworks in python, 

however Tkinter is the only one that is incorporated into python standard library. 

It is cross-platform and easy to code [63]. 

The GUI framework is made up of three distinct frames. First, Interest City search, 

then know the price frame, and last research (see figure 28) 
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Figure 28: Architecture of GUI 

 

Frame I: Know your City Search 

The First frame is all about the city that the user is interested in; the user just 

picks the appropriate country, county, and city. The city can only be selected 

after selecting country and county from the dropdown option available. After 

clicking on the go button, the GUI presents two graphs. The First graph shows the 

most prevalent venues clustered by colours, while the second graphs show the 

pricing of properties in that selected city clustered by price as high, medium, and 

low. (See figure 29). When a user presses the go button, the GUI calls the 

assist.ipynb file, which performs all the operations of the KMeans algorithm in the 

background and provides a dataframe with the clustered venues, the GUI then 

shows the venues in the form of a map using the Tkintermapview function, while 

the second graph is obtained by the dataframe containing the property prices 

filtered by the chosen city name.  
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Figure 29: Frame 1 of GUI 

 

Furthermore, when the user clicks on the know more button, all the top 10 venues 

in the selected city’s neighbourhoods are displayed, as well as a box plot of 

property prices with bedroom count. Furthermore, the city’s crime data is 

displayed as the number of crimes in the last 12 months and the city’s crime rating 

(see figure 30). The working behind this frame is that a new window is displayed, 

the dataframe that is fetched from assist.ipynb is displayed , a box plot is created 

with the filtered dataframe that contained house prices and crime data analytics 

is fetched by an API call from propertydata.co.uk 
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Figure 30: GUI Frame 1 know more button display 

 

Frame II: Know the Price 

The First part of the frame talks about the estimated property prices based on the 

user selected criteria (see figure 31), while the second part of the frame is a 

development calculator that shows real time market prices combined with 

construction cost and shows the profit an investment could make (see figure 32). 

The working behind this frame is that when the user enters all the information, 

the machine learning model that is being loaded in the GUI predicts the prices, 

while the second portion of the frame accesses an API and displays the expected 

profit percentage. 
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Figure 31: Frame 2 part 1 of GUI 

 

Figure 32: Frame 2 part 2 of GUI 

Frame III: Research 

The Third Frame displays all the graphs that the user may view and analyse; it 

displays four graphs, the first about future house price index prediction, the 

second displays line chart about the average price across the country, the third 

shows average house prices by property type and finally the average sales volume 

of house. The logic behind this frame is that the first graph is predicted by the 

sequential model that is loaded in the GUI, while additional graphs are presented 

by the dataframe that are obtained from the data source (see figure 33). 
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Figure 33: Frame 3 of GUI 

 

4.5 Phase V: Evaluation 
 

When addressing the stability of a predictive model, the effectiveness of a model 

must be estimated, utilizing a wide variety of performance criteria to obtain a 

highly accurate model. Following are the evaluation metrices that were used to 

check the performance of the models used. 

4.5.1 Correlation Coefficient (R2) 
R2 is a metric that quantifies the amount of variance explained by independent 

variables for a dependent variable in a regression model. The formula for R2 score 

is described as: 
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Figure 34: Formula for R2 score 

4.5.2Mean Absolute Error (MAE): 
The MAE quantifies the average difference between expected and observed 

values. The formula is described as: 

 

Figure 35: Formula for MAE 

4.5.3 Mean Squared Error (MSE): 
The degree of inaccuracy is measured by MSE, the average of squared difference 

between the expected and the observed values. The formula is described as: 

 

Figure 36: Formula for MSE 

4.5.4 Root Mean Squared Error (RMSE) 
RMSE is the measure of how spread the residuals are, it is the standard deviation 

of the errors. The formula is defined as: 

 

 

Figure 37: Formula for RMSE 
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The above-mentioned techniques were used to find the correctness and 

performance of the machine learning models, and the model with highest 

performance was deployed in the GUI. 

CHAPTER 5: RESULTS 
 

This section follows the previous chapter in presenting the results. This section 

summaries the key things of the study which was based in the implementation 

section of the research. Firstly, we would focus on the hypothesis phase 

 

Table 16: Results of Hypothesis testing 

Hypothesis Test carried Results Test carried  Result 

Hypothesis I: 

Income vs HP 

Linear 

regression 

3920.94, 150 / 

9872, 1715 

Correlation 

coefficient 

0.877 /0.99 

Hypothesis II: 

Inflation vs HPI 

Granger 

causality F-test 

4.4852 /3.070 p-value 0.0 /0.0006 

Hypothesis III: 

GDP vs HPI  

Granger 

causality F-test 

4.4719  p-value 0.0168 

Hypothesis IV: 

Interest rate vs 

HPI 

Granger 

causality F-test 

1.6911 / 

1.1592 

p-value 0.0795 / 

0.3160 

Hypothesis V: 

outstanding 

debt vs HP 

Granger 

causality F-test 

1.7096 / 

1.3518 

p-value 0.1269 / 

0.2532 

Hypothesis VI: 

Stock Market 

vs HPI 

Linear 

Regression 

27.80 Cross-

correlation 

Number of 

lags 

increases 
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correlation 

decreases. 

 

Sequential Neural network performed in projecting future house price indices (see 

figure16) as the MSE for training data was 26.935 and 112.374 for testing data. 

 

 

Figure 38: Plotting of predications over Train and test data 

Evaluation techniques were applied to the different models used in the 

implementation part; the results are as follows: 

Table 17: Performance Grid for Different Models 

Model Tunning MAE MSE RMSE R2 

Random 

Forest  

Scaling using 

MinMaxScalar 

0.062 0.009 0.075 0.72 

Random 

Forest 

Hyperparameter 

tunning 

0.126 0.027 0.1667 0.212 

XGBoost Scaling using 

MinMaxScalar 

0.064 0.0093 0.0968 0.733 
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XGBoost Hyperparameter 

tunning 

0.058 0.008 0.090 0.766 

XGBoost Reduced 

features 

58347 691578 83161 0.7825 

XGBoost Reduced 

features with 

hyperparameters 

tunning 

69493 901493 94947 0.71 

Sequential 

Neural 

Networks 

Reduced 

features with 

MinMaxScaling 

0.067 0.0108 0.104 0.68 

 

 

CHAPTER 6: DISCUSSION: 
 

6.1 Hypothesis I:  Income of householder’s vs House Price 
 

Once applying the linear regression line using the stats library linregress function 

in python to the dataset acquired from Kaggle, we saw that the slope of the 

regression line was £ 3920.94, indicating the property prices are growing on 

average about 3900 each year, while the average UK pay is falling by 150 per year. 

The correlation coefficient was calculated to be 0.877 

Another dataset obtained from gov.uk revealed that the average house price and 

average income from former home buyers are the highest since 1992. According 

to regression lines, house prices increased by 9872 while income increased by 1715 

per year and gave a correlation value of 0.99. 

Thus, the income and average prices of all dwellings are significantly connected. 
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6.2 Hypothesis II: Inflation vs House Price 
 

After plotting the RPI and CPI line charts, the RPI values and variations were 

substantially higher than the CPI values. The granger causality test ran on RPI and 

CPI data with respect to HPI data, the F-test statistics were 4.4852 and 3.070 with 

p-values of 0.0 and 0.0006, respectively. Since, p-values were smaller than 0.05, 

we may reject the null hypothesis of the test and infer that the inflation does 

affect house prices. 

6.3 Hypothesis III: Economy (GDP) vs House Price 
 

When the UK GDP data was plotted, there was a dip around 2008 due to the 

financial crisis, and another in 2019 due to COVID-19. 

The data was subjected to the granger causality test, which yielded a F-test 

statistics of 4.4719 and a p-value of 0.0168, we may reject the null hypothesis 

since the p-value is smaller than 0.05 and infer that knowing the GDP is important 

for forecasting future HPI. 

6.4 Hypothesis IV: Interest Rate (Bank Rate) vs House Price Index 
 

At lag=10, the granger causality test yielded a f-test statistics of 1.6911 and p-

value of 0.0795. While the reverse, gave an f-test statistics as 1.1592 and p-value 

of 0.3160. We may accept the null hypothesis and conclude that interest rates of 

the bank do not affect the house prices or vice versa. However, according to the 

research, the influence of an increase in rates will be determined by the amount 

and timings of increase. 

6.5 Hypothesis V: Outstanding Debt (Balance) vs House Prices 
 

Plotting the data of loan arrears and outstanding balances each year, the insights 

were discovered that 2009 had the highest. Moreover, in prior years, the arrears 

loan count and outstanding balances have dropped with quarter fourth the lowest. 
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The granger causality test yielded an f-test score of 1.7096 and a p-value of 

0.1269, whereas the reverse yielded an f-test score of 1.3518 and a p-value of 

0.2532. Because p-value is less than 0.05, we reject the null hypothesis and 

conclude outstanding loans are not useful for predicting future house prices and 

vice versa. 

6.6 Hypothesis VI: Stock Market vs House Price Index 
 

The scatter plot of the HPI vs Stock market revealed a positive association, with 

the slope of regression line being 27.80. The cross-correlation statistics value 

shows that as the number of lags increases, the correlation between the two get 

less positive, this indicates that the stock market price during a particular month 

is highly predictive of the housing price index. 

6.7 Different Indexes 
 

When we compared different house price indices, we noticed that nationwide has 

the highest index values, followed by Halifax, whereas the UK HPI has the lowest. 

Furthermore, land surveyors report the highest property prices, while nationwide 

claim the lowest. When the variations in indices were visualized, the UK HPI varied 

the most. 

6.8 Modelling 
 

We learned during the EDA phase that England has the highest average property 

costs, while Northern Ireland had the lowest, however, Northern Ireland had the 

highest house price index with highest fluctuations in index as compared to others. 

Based on Sales volumes, England led the charts. On the grounds of property types, 

detached homes have the highest prices while terraced had the lowest. 

Furthermore, according to deeper insights into regions, greater London has the 

highest pricing as well as weekly rents. However, when compared to other 
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countries, Scotland experienced the largest average growth in a year, but Wales 

topped the charts in terms of 3 and 5 years 

According to the findings of ANOVA tests done in implementation phase, on price 

paid transactions data, current energy ratings, property type, construction age 

bands, and energy tariff are substantially associated to house prices. 

While, choosing the machine learning model to be deployed on the GUI, the model 

with highest R2 score was chosen, Thus, XGBoost with highest r2 score of 0.7825 

was deployed on the GUI for prediction of house prices. 

CHAPTER 7: CONCLUSIONS 
 

This research explored various factors that influenced property prices in United 

Kingdom. After analysing several hypotheses, we determined that household 

income, inflation, GDP, and stock market had a positive impact on prices, whereas 

interest rates and outstanding debts (bankruptcies) had no effect. Even previous 

studies validate this.  

Although mortgage companies’ natural inclination for adopting their preferred 

index, there is not one optimal house price index in practice. This article studied 

machine learning models for forecasting and concluded that XGBoost surpasses 

the others on predictions. 

We looked at how advances in AI helped us comprehend the open, complicated, 

and dynamic real estate market. As a property valuation help tool, algorithms 

provide a comparative advantage in housing market. The proposed would help a 

variety of groups, including homeowners by informing them of the anticipated 

price and regions to seek to buy a property on their preferences. Investors would 

gain since it would show them where to invest to optimize profits.  It may help 

real estate brokers and developers in determining which factors influence the 
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most. Prediction of house prices is critical for enabling budget allocation, finance 

solutions for buyers and investors. 

CHAPTER 8: LIMITATIONS AND FUTURE SCOPE 
 

The research did, however, have several shortcomings. Firstly, the property price 

might be influenced by other economic factors such as governmental decisions, 

sanctions, currency exchanges, which were not factored into the calculation. 

Secondly, due to lack of property data basically in the areas of Northern Ireland 

and Scotland, not much analysis was conducted in that areas. Lastly, the model’s 

low performance might be due to lack of some environmental factors and an 

insufficient sample data. Moreover, due to low system resources, data took much 

time to train. 

However, there is always room for improvement and learning, and there is lot of 

future potential for this research as the scope was limited, such as more research 

testing the influence of new independent variables, testing more external factors, 

gathering more data from other locations of UK which lacked in this project. 

Training the data on high-end machines could benefit in better learning by the 

algorithms which might result in better accuracy. Furthermore, more complicated 

neural networks could be used to enhance performance. 
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CHAPTER 10: APPENDIX 
 

 

Figure 39: Dataset from Kaggle(Income vs House Price) 

 

 

 

Figure 40: Dataset from gov.uk (income vs House price) 
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Figure 41: Lag plots for inflation and HPI 

 

 

 

 

Figure 42: UK GDP Data(1960-2022) 
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Figure 43: EDA on land registry data HPI 

 

 

Figure 44: Comparison of house price by different indexes 

 

 



  

81 
 

 

Figure 45: Change in House Prices by different indexes 

 

 

 

Figure 46: Epochs vs loss for Neural Network 
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Figure 47: Histogram of prices of price paid transactions 

 

 

Figure 48: Box plot for House Prices vs property types 
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Figure 49: Box plot for top 4 cities in transactions 

 

Figure 50: crosstab for number of records with property types 
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Hypothesis I : Income Vs House Prices
Dataset taken from Kaggle :https://www.kaggle.com/datasets/samuelcortinhas/uk-median-house-prices-and-salary-19752020

(46, 3)

Year Average house price adj. by inflation (pounds) Median Salary adj. by inflation (pounds)

0 1975 94983 NaN

1 1976 89281 NaN

2 1977 85028 NaN

3 1978 100519 NaN

4 1979 112067 NaN

Year Average house price adj. by inflation (pounds) Median Salary adj. by inflation (pounds)

count 46.000000 46.000000 22.000000

mean 1997.500000 164014.717391 32791.958182

std 13.422618 60004.318931 1548.767865

min 1975.000000 85028.000000 30772.440000

25% 1986.250000 110149.250000 31436.870000

50% 1997.500000 141578.500000 32484.225000

75% 2008.750000 225347.750000 34145.020000

max 2020.000000 269297.000000 35399.830000

<AxesSubplot:xlabel='Median Salary adj. by inflation (pounds)'>

We can see the median salary is around 32,500 pounds.

<AxesSubplot:xlabel='Average house price adj. by inflation (pounds)'>

We can see that the median house price is around 142000 pounds.

Text(0, 0.5, 'Average price adjusted by inflation (£)')

The slope of the regression line is: £ 3920.94 

Observations:

The regression line tells us that houses prices are increasing each year on average after inflation has been taken into account. By nearly
£3900 a year!  
We also see that houses prices took a serious drop in 2008/2009 due to the housing market crash at that time.  

The slope of the regression line is: £ -149.39 

Observations:

The average salary in the UK is actually decreasing (by £150) each year on average after inflation has been taken into account. 
It seems they took the biggest hit just after the housing market crash of 2008-2009. 
Whilst house prices bounced back after 2010, wages have not.

Year Average house price adj. by inflation (pounds) Median Salary adj. by inflation (pounds)

Year 1.000000 0.877091 -0.626351

Average house price adj. by inflation (pounds) 0.877091 1.000000 0.227437

Median Salary adj. by inflation (pounds) -0.626351 0.227437 1.000000

Conclusion:

Have house prices increased overtime? Yes! Average house price adj. by inflation have gone up by: £3920.94 
Have salaries increased? No Median Salary adj. by inflation have gone down by: £-149.39 
Is there a correlation between house prices and salaries? Yes a negative correlation as the house prices are increasing while the income is
decreasing 

Another Dataset from GOV.UK
Data source : https://www.gov.uk/government/collections/uk-house-price-index-reports

(119, 17)

year                               0 
quarter                            0 
average_price_new_dwelling         0 
average_advance_new_dwelling       0 
Average_income_new_dwelling        0 
average_price_other_dwellings      0 
average_advance_other_dwellings    0 
average_income_other_dwellings     0 
average_price_all_dwellings        0 
average_advance_all_dwellings      0 
average_income_all_dwellings       0 
average_price_first_time           0 
average_advance_first_time         0 
average_income_first_time          0 
average_price_former_owner         0 
average_advance_former_owner       0 
average_income_former_owner        0 
dtype: int64

Text(0, 0.5, 'Price (in pounds)')

From the above chart we can see that the average house prices for former home buyers(not first time home
buyers) is the highest from 1992 to present.

Text(0, 0.5, 'Price (in pounds)')

From the above chart we can see that the average income for former home buyers(not first time home buyers) is the highest while the first
time home buyers has the lowest.

Text(0, 0.5, 'Amount (in pounds)')

From the above chart we can see that over the years , income has increased a lot while the house price is not much increased.

Text(0, 0.5, 'Average price(£)')

The slope of the regression line is: £ 9872.06 

Observations:

The regression line tells us that houses prices are increasing each year on average by nearly £9872 a year!  

Text(0, 0.5, 'Average income(£)')

The slope of the regression line is: £ 1715.54 

Observations:

The regression line tells us that income is increasing each year on average by nearly £1715 a year!  

<AxesSubplot:>

0.991511556641327

We can see from the above numbers that the correlation between income of all dwellings and
average price all dwellings is highly correlated to each other.

year quarter average_price_new_dwelling average_advance_new_dwelling Average_income_new_dwelling average_price_other_dwellings av

0 1992 Q2 77360.000000 51950 24149 60210.000000

1 1992 Q3 69893.000000 49558 24049 62513.000000

2 1992 Q4 70043.000000 50374 23462 57193.000000

3 1993 Q1 72700.000000 51911 24440 58345.000000

4 1993 Q2 73289.000000 51219 23291 60196.000000

... ... ... ... ... ... ...

114 2020 Q4 325559.000000 213427 65829 325609.333333

115 2021 Q1 335948.333333 215643 66991 346924.666667

116 2021 Q2 328260.000000 212524 66251 345131.333333

117 2021 Q3 298342.333333 197523 61645 294768.333333

118 2021 Q4 311593.666667 207139 63308 310860.000000

119 rows × 17 columns

year average_price_new_dwelling average_advance_new_dwelling Average_income_new_dwelling average_price_other_dwellings av

count 119.000000 119.000000 119.000000 119.000000 119.000000

mean 2006.621849 196444.111731 128968.865546 47887.764706 186690.782069

std 8.624946 82279.878773 51671.723409 13887.346746 88209.771830

min 1992.000000 69893.000000 49558.000000 23291.000000 57193.000000

25% 1999.000000 114365.000000 79796.000000 35735.500000 94230.500000

50% 2007.000000 212554.000000 133585.000000 51121.000000 217128.000000

75% 2014.000000 267693.666667 175222.000000 61512.500000 264488.368511

max 2021.000000 335948.333333 215643.000000 68068.000000 346924.666667

average_price_new_dwelling average_advance_new_dwelling Average_income_new_dwelling average_price_other_dwellings average_advance

year

1992 72432.000000 50627.333333 23886.666667 59972.000000

1993 73183.500000 51480.250000 23836.000000 60236.250000

1994 74618.750000 53205.250000 24408.500000 62566.750000

1995 79163.250000 57516.750000 26896.250000 62844.750000

1996 84825.500000 61111.750000 28559.750000 67241.500000

1997 93710.750000 65775.250000 30713.250000 73403.500000

1998 96732.250000 69693.250000 31937.750000 79375.500000

1999 111827.250000 77298.250000 35101.750000 89282.500000

2000 122412.500000 82857.000000 36693.750000 98770.500000

2001 132537.000000 91195.000000 39351.750000 109722.000000

2002 156188.500000 102949.000000 43650.500000 124255.250000

2003 183620.000000 119877.000000 47879.500000 148822.750000

2004 208103.250000 135609.500000 51000.000000 177060.250000

2005 211665.750000 138199.250000 52055.250000 188373.000000

2006 221794.250000 147043.000000 54452.500000 203977.250000

2007 224379.986524 147986.500000 53673.750000 223313.381396

2008 221166.255466 140263.500000 52195.250000 228308.748390

2009 199165.897522 123730.250000 49049.250000 227945.887409

2010 213603.613406 132140.750000 51461.000000 254100.700129

2011 223334.216218 139415.250000 52094.000000 247725.439438

2012 230558.833638 147308.500000 53298.250000 246899.035498

2013 239527.482275 156372.250000 57400.750000 251278.652386

2014 273304.769338 177542.500000 66388.000000 267422.628695

2015 276358.498333 179956.500000 63568.750000 276834.750000

2016 289810.607264 189215.500000 63461.000000 281516.143863

2017 300893.667423 194603.500000 62616.750000 276733.157050

2018 306612.649845 199401.250000 62598.750000 278188.803596

2019 305771.013404 200659.000000 62738.750000 277406.438693

2020 316482.250000 208240.250000 65116.500000 301045.166667

2021 318536.083333 208207.250000 64548.750000 324421.083333

year average_price_new_dwelling average_advance_new_dwelling Average_income_new_dwelling average_p

year 1.000000 0.978211 0.975330 0.956173

average_price_new_dwelling 0.978211 1.000000 0.997508 0.983804

average_advance_new_dwelling 0.975330 0.997508 1.000000 0.980826

Average_income_new_dwelling 0.956173 0.983804 0.980826 1.000000

average_price_other_dwellings 0.973362 0.974947 0.963733 0.961594

average_advance_other_dwellings 0.983579 0.984847 0.979743 0.963957

average_income_other_dwellings 0.960810 0.954942 0.942338 0.954308

average_price_all_dwellings 0.976465 0.979181 0.968680 0.964550

average_advance_all_dwellings 0.984940 0.986395 0.981837 0.965433

average_income_all_dwellings 0.964286 0.959879 0.947827 0.959939

average_price_first_time 0.983872 0.983196 0.973977 0.966119

average_advance_first_time 0.983470 0.991283 0.987360 0.974082

average_income_first_time 0.974754 0.972419 0.963521 0.971504

average_price_former_owner 0.984120 0.978043 0.971696 0.952886

average_advance_former_owner 0.986818 0.981154 0.979029 0.951763

average_income_former_owner 0.973905 0.957639 0.949218 0.945100

In [1]: #importing various libraries 
import pandas as pd 
import seaborn as sns 
import matplotlib.pyplot as plt 
from scipy import stats 

In [2]: #importing the dataset 
df = pd.read_csv(r"Datasets/income_HP_kaggle.csv") 

In [3]: #checking the shape of the dataset 
df.shape 

Out[3]:

In [26]: #the first 5 rows of the dataframe 
df.head() 

Out[26]:

In [4]: #checking the statistics of the dataset 
df.describe() 

Out[4]:

In [5]: #visualizing the salary 
sns.boxplot(x='Median Salary adj. by inflation (pounds)',data=df) 

Out[5]:

In [6]: #visualizing the house prices 
sns.boxplot(x='Average house price adj. by inflation (pounds)',data=df) 

Out[6]:

In [7]: # Plotting average house price over the years 
plt.figure(figsize=(12,6)) 
sns.regplot(x='Year', y='Average house price adj. by inflation (pounds)', data=df,marker='x') 
plt.title('Average House Prices in UK (adjusted by inflation) \n') 
plt.xlabel('Year') 
plt.ylabel('Average price adjusted by inflation (£)') 

Out[7]:

In [8]: # Slope of regression line 
slope, intercept, r_value, p_value, std_err = stats.linregress(df['Year'], 
                                                               df['Average house price adj. by inflation (pound
 
print('The slope of the regression line is: £','{:.2f}'.format(slope)) 

In [9]: # Plotting the average salary over time 
plt.figure(figsize=(12,6)) 
sns.regplot(x='Year', y='Median Salary adj. by inflation (pounds)', data=df,marker='x') 
plt.title('Median yearly earnings in UK (adjusted by inflation)') 
plt.xlabel('Year') 
plt.ylabel('Average wage adjusted by inflation (£)') 
plt.show() 

In [10]: # Slope of regression line 
slope, intercept, r_value, p_value, std_err = stats.linregress(df.iloc[24:,0],df.iloc[24:,2]) 
 
print('The slope of the regression line is: £','{:.2f}'.format(slope)) 

In [11]: df.corr() 

Out[11]:

In [12]: #importing the dataset  
df1 = pd.read_excel(r'Datasets/income_HP_govuk.xlsx') 
df1 

Out[12]:

In [27]: #checking the shape of dataset 
df1.shape 

Out[27]:

In [13]: #checking the statistics of the dataset 
df1.describe() 

Out[13]:

In [14]: #checking the null values 
df1.isna().sum() 

Out[14]:

In [15]: # group by the quarters to check the average yearly values 
df_group_year = df1.groupby('year').mean() 
df_group_year 

Out[15]:

In [16]: #plotting the average prices amoung dwellings over years 
plt.figure(figsize=(12, 8))  
plt.plot(df_group_year.average_price_all_dwellings, label='All Dwellings(New , Old and unknown)') 
plt.plot(df_group_year.average_price_former_owner, label ="Not First time buyers(Former Owners)") 
plt.plot(df_group_year.average_price_first_time, label ="First time buyers") 
plt.plot(df_group_year.average_price_new_dwelling, label = 'New Dwellings') 
plt.plot(df_group_year.average_price_other_dwellings, label ='Old Dwellings') 
plt.title('Average Prices over years') 
plt.legend() 
plt.xlabel('Years') 
plt.ylabel('Price (in pounds)') 

Out[16]:

In [17]: #plotting the average prices amoung dwellings over years 
plt.figure(figsize=(12, 8))  
plt.plot(df_group_year.average_income_all_dwellings, label='All Dwellings(New , Old and unknown)') 
plt.plot(df_group_year.average_income_former_owner, label ="Not First time buyers(Former Owners)") 
plt.plot(df_group_year.average_income_first_time, label ="First time buyers") 
plt.plot(df_group_year.Average_income_new_dwelling, label = 'New Dwellings') 
plt.plot(df_group_year.average_income_other_dwellings, label ='Old Dwellings') 
plt.title('Average Income over years') 
plt.legend() 
plt.xlabel('Years') 
plt.ylabel('Price (in pounds)') 

Out[17]:

In [18]: #plotting the average income and house prices for all dwellings 
plt.figure(figsize=(12, 8))  
plt.plot(df_group_year.average_income_all_dwellings, label='Average Income for All Dwellings(New , Old and unkn
plt.plot(df_group_year.average_price_all_dwellings, label ='Average House Price for All Dwellings(New , Old and
plt.title('Average Income vs House Price for all dwellings  over years') 
plt.legend() 
plt.xlabel('Years') 
plt.ylabel('Amount (in pounds)') 

Out[18]:

In [19]: # Plotting average house price for all dwellings over the years 
df_group_year.reset_index(inplace=True) 
plt.figure(figsize=(12,6)) 
sns.regplot(x='year', y='average_price_all_dwellings', data=df_group_year,marker='x') 
plt.title('Average House Prices in UK for all dwellings \n') 
plt.xlabel('Year') 
plt.ylabel('Average price(£)') 

Out[19]:

In [20]: # Slope of regression line 
slope, intercept, r_value, p_value, std_err = stats.linregress(df_group_year['year'], 
                                                               df_group_year['average_price_all_dwellings']) 
 
print('The slope of the regression line is: £','{:.2f}'.format(slope)) 

In [21]: # Plotting average income for all dwellings over the years 
 
plt.figure(figsize=(12,6)) 
sns.regplot(x='year', y='average_income_all_dwellings', data=df_group_year,marker='x') 
plt.title('Average Income in UK for all dwellings \n') 
plt.xlabel('Year') 
plt.ylabel('Average income(£)') 

Out[21]:

In [22]: # Slope of regression line 
slope, intercept, r_value, p_value, std_err = stats.linregress(df_group_year['year'], 
                                                               df_group_year['average_income_all_dwellings']) 
 
print('The slope of the regression line is: £','{:.2f}'.format(slope)) 

In [23]: # checking the correlation between the columns  
plt.subplots(figsize=(8, 6)) 
sns.heatmap(df1.corr()) 

Out[23]:

In [24]: # checking the correlation 
df1.corr() 

Out[24]:

In [25]: #checking the correlation between income of all dwellings and average price all dwellings 
df1.average_income_all_dwellings.corr(df1.average_price_all_dwellings) 

Out[25]:

https://www.kaggle.com/datasets/samuelcortinhas/uk-median-house-prices-and-salary-19752020
https://www.gov.uk/government/collections/uk-house-price-index-reports


Hypothesis II: Inflation vs House Price Index
Types of Inflation measure :

- RPI (Retail Price Index) 
- CPI (Consumer Price Index)

Retail Price Index (RPI)
The Retail Price Index (RPI) is one of the two main measures of consumer inflation produced by the United Kingdom's Office for National
Statistics (ONS). It is not considered an official statistic by the U.K., but it is used for certain types of cost escalation. The RPI was introduced
in the U.K. in 1947, and it was made official in 1956.

Date RPI

0 1987-01-01 100.0

1 1987-02-01 100.4

2 1987-03-01 100.6

3 1987-04-01 101.8

4 1987-05-01 101.9

... ... ...

421 2022-02-01 320.2

422 2022-03-01 323.5

423 2022-04-01 334.6

424 2022-05-01 337.1

425 2022-06-01 340.0

426 rows × 2 columns

RPI

count 426.000000

mean 198.366432

std 58.890449

min 100.000000

25% 150.300000

50% 188.350000

75% 250.750000

max 340.000000

We can see from the above table , that maximum RPI is 340 whereas the minium is 100 with a mean of 198.36 and standard deviation of
58.89

(426, 2)

Starting date of RPI data : 1987-01-01 00:00:00 
Ending date of RPI data : 2022-06-01 00:00:00 

Date RPI %change_RPI

0 1987-01-01 100.0 0.000000

1 1987-02-01 100.4 0.004000

2 1987-03-01 100.6 0.001992

3 1987-04-01 101.8 0.011928

4 1987-05-01 101.9 0.000982

Consumer Price Index (CPI)
Data source : https://www.rateinflation.com/consumer-price-index/uk-historical-cpi/

Date CPI

0 1988-01-01 48.4

1 1988-02-01 48.5

2 1988-03-01 48.7

3 1988-04-01 49.3

4 1988-05-01 49.5

CPI

count 414.000000

mean 81.673188

std 17.697839

min 48.400000

25% 69.050000

50% 77.650000

75% 99.100000

max 121.800000

We can see from the above table , that maximum RPI is 121.80 whereas the minium is 48.40 with a mean of 81.67 and standard deviation of
17.69

(414, 2)

Starting date of CPI data : 1988-01-01 00:00:00 
Ending date of CPI data : 2022-06-01 00:00:00 

Date CPI %change_CPI

0 1988-01-01 48.4 0.000000

1 1988-02-01 48.5 0.002066

2 1988-03-01 48.7 0.004124

3 1988-04-01 49.3 0.012320

4 1988-05-01 49.5 0.004057

From the above chart , we can see that the percentage change in RPI is more than CPI.

UK HPI Data

Date Index

2379 1988-01-01 22.805855

2389 1988-02-01 22.805855

2399 1988-03-01 22.805855

2409 1988-04-01 24.183390

2419 1988-05-01 24.183390

Starting date of HPI data : 1988-01-01 
Ending date of HPI data : 2022-05-01 

Checking the correlation between Inflation and HPI

Date HPI CPI RPI

2379 1988-01-01 22.805855 48.4 103.3

2389 1988-02-01 22.805855 48.5 103.7

2399 1988-03-01 22.805855 48.7 104.1

2409 1988-04-01 24.183390 49.3 105.8

2419 1988-05-01 24.183390 49.5 106.2

... ... ... ... ...

135249 2022-01-01 143.422582 114.9 317.7

135670 2022-02-01 144.646684 115.8 320.2

136091 2022-03-01 145.556596 117.1 323.5

136512 2022-04-01 146.898652 120.0 334.6

136933 2022-05-01 148.688246 120.8 337.1

413 rows × 4 columns

Step 1: Test each of the time-series to determine their order of integration. Ideally, this should involve using a test (such as the ADF test) for
which the null hypothesis is non-stationarity.

*c* argument looks like a single numeric RGB or RGBA sequence, which should be avoided as value-mapping will ha
ve precedence in case its length matches with *x* & *y*.  Please use the *color* keyword-argument or provide a 
2D array with a single row if you intend to specify the same RGB or RGBA value for all points. 
*c* argument looks like a single numeric RGB or RGBA sequence, which should be avoided as value-mapping will ha
ve precedence in case its length matches with *x* & *y*.  Please use the *color* keyword-argument or provide a 
2D array with a single row if you intend to specify the same RGB or RGBA value for all points. 
*c* argument looks like a single numeric RGB or RGBA sequence, which should be avoided as value-mapping will ha
ve precedence in case its length matches with *x* & *y*.  Please use the *color* keyword-argument or provide a 
2D array with a single row if you intend to specify the same RGB or RGBA value for all points. 

The above charts shows that it has high autocorelation.

Date HPI CPI RPI

2389 1988-02-01 0.000000 0.1 0.4

2399 1988-03-01 0.000000 0.2 0.4

2409 1988-04-01 1.377535 0.6 1.7

2419 1988-05-01 0.000000 0.2 0.4

2429 1988-06-01 0.000000 0.2 0.4

... ... ... ... ...

135249 2022-01-01 1.530073 -0.2 0.0

135670 2022-02-01 1.224102 0.9 2.5

136091 2022-03-01 0.909912 1.3 3.3

136512 2022-04-01 1.342056 2.9 11.1

136933 2022-05-01 1.789594 0.8 2.5

412 rows × 4 columns

HPI CPI RPI

HPI 1.000000 0.966223 0.967465

CPI 0.966223 1.000000 0.999689

RPI 0.967465 0.999689 1.000000

KendalltauResult(correlation=0.8659741606319639, pvalue=1.0577117502818923e-151)

KendalltauResult(correlation=0.8718916363983841, pvalue=5.857463404643057e-154)

The above methods show that the series are correlated.

ADF Test Statistic : -3.920995269948388 
p-value : 0.0018856532414154793 
#Lags Used : 16 
Number of Observations Used : 395 
strong evidence against the null hypothesis(Ho), reject the null hypothesis. Data has no unit root and is stati
onary 

ADF Test Statistic : -1.1690923610077042 
p-value : 0.6867481275792435 
#Lags Used : 16 
Number of Observations Used : 395 
weak evidence against null hypothesis, time series has a unit root, indicating it is non-stationary  

ADF Test Statistic : -0.46213541727518187 
p-value : 0.8991961332547193 
#Lags Used : 14 
Number of Observations Used : 397 
weak evidence against null hypothesis, time series has a unit root, indicating it is non-stationary  

Since , the RPI and CPI is non-stationary , so differencing again and testing with ADF

C:\Users\hp\AppData\Local\Temp/ipykernel_23040/1750697369.py:1: SettingWithCopyWarning:  
A value is trying to be set on a copy of a slice from a DataFrame. 
Try using .loc[row_indexer,col_indexer] = value instead 
 
See the caveats in the documentation: https://pandas.pydata.org/pandas-docs/stable/user_guide/indexing.html#ret
urning-a-view-versus-a-copy 
  df_all['CPI'] = df_all['CPI']- df_all['CPI'].shift(1) 
C:\Users\hp\AppData\Local\Temp/ipykernel_23040/1750697369.py:2: SettingWithCopyWarning:  
A value is trying to be set on a copy of a slice from a DataFrame. 
Try using .loc[row_indexer,col_indexer] = value instead 
 
See the caveats in the documentation: https://pandas.pydata.org/pandas-docs/stable/user_guide/indexing.html#ret
urning-a-view-versus-a-copy 
  df_all['RPI'] = df_all['RPI']- df_all['RPI'].shift(1) 

Date HPI CPI RPI

2399 1988-03-01 0.000000 0.1 -1.421085e-14

2409 1988-04-01 1.377535 0.4 1.300000e+00

2419 1988-05-01 0.000000 -0.4 -1.300000e+00

2429 1988-06-01 0.000000 0.0 -1.421085e-14

2439 1988-07-01 3.214248 -0.2 -3.000000e-01

... ... ... ... ...

135249 2022-01-01 1.530073 -0.8 -3.400000e+00

135670 2022-02-01 1.224102 1.1 2.500000e+00

136091 2022-03-01 0.909912 0.4 8.000000e-01

136512 2022-04-01 1.342056 1.6 7.800000e+00

136933 2022-05-01 1.789594 -2.1 -8.600000e+00

411 rows × 4 columns

ADF Test Statistic : -7.124151186354299 
p-value : 3.657055882516593e-10 
#Lags Used : 12 
Number of Observations Used : 398 
strong evidence against the null hypothesis(Ho), reject the null hypothesis. Data has no unit root and is stati
onary 

ADF Test Statistic : -5.548638500588681 
p-value : 1.638916550894879e-06 
#Lags Used : 13 
Number of Observations Used : 397 
strong evidence against the null hypothesis(Ho), reject the null hypothesis. Data has no unit root and is stati
onary 

Now , the CPI and RPI becomes stationary after 2 differencings.

*c* argument looks like a single numeric RGB or RGBA sequence, which should be avoided as value-mapping will ha
ve precedence in case its length matches with *x* & *y*.  Please use the *color* keyword-argument or provide a 
2D array with a single row if you intend to specify the same RGB or RGBA value for all points. 
*c* argument looks like a single numeric RGB or RGBA sequence, which should be avoided as value-mapping will ha
ve precedence in case its length matches with *x* & *y*.  Please use the *color* keyword-argument or provide a 
2D array with a single row if you intend to specify the same RGB or RGBA value for all points. 
*c* argument looks like a single numeric RGB or RGBA sequence, which should be avoided as value-mapping will ha
ve precedence in case its length matches with *x* & *y*.  Please use the *color* keyword-argument or provide a 
2D array with a single row if you intend to specify the same RGB or RGBA value for all points. 

Moreover , the above lag plots give confirmation that the data is stationary

In [120… #importing various libraries 
import pandas as pd 
import matplotlib.pyplot as plt 
import numpy as np 
import seaborn as sns 
from statsmodels.tsa.stattools import grangercausalitytests, adfuller 
from pandas.plotting import lag_plot 
from statsmodels.tsa.api import VAR 
from scipy.stats.stats import kendalltau 

In [5]: #importing the RPI data 
header = ['Date','RPI'] 
df_RPI = pd.read_excel(r'Datasets/RPI.xlsx',names=header,header=7) 
df_RPI 

Out[5]:

In [6]: # checking the statistics of the dataset loaded 
df_RPI.describe() 

Out[6]:

In [7]: #checking the shape of dataset 
df_RPI.shape 

Out[7]:

In [8]: #checking the dataset's to and from dates 
print("Starting date of RPI data :",df_RPI.Date.min()) 
print("Ending date of RPI data :",df_RPI.Date.max()) 

In [10]: #plotting the RPI data 
sns.set_theme(style="darkgrid") 
plt.figure(figsize=(12,8)) 
sns.lineplot(data = df_RPI, x='Date',y='RPI',err_style='bars',color='red') 
plt.title("UK RPI Data(1987-2022) ",fontdict={'fontsize':20}) 
plt.xlabel("Year") 
plt.ylabel('RPI') 
plt.show() 

In [12]: #calculating the percentage change in RPI 
df_RPI['%change_RPI'] =df_RPI['RPI'].pct_change() 
df_RPI.fillna(0,inplace=True) 
df_RPI.head() 

Out[12]:

In [13]: # plotting the percentage change in RPI 
plt.figure(figsize = (12,8)) 
sns.lineplot(data=df_RPI,x='Date',y='%change_RPI') 
plt.axhline(0, ls='--',c='red') 
plt.title("Percentage change in RPI ",fontdict={'fontsize': 20}) 
plt.show() 

In [14]: # importing the dataset 
df_CPI = pd.read_excel(r'Datasets/CPI.xlsx') 
df_CPI.head() 

Out[14]:

In [15]: # checking the statistics of the dataset loaded 
df_CPI.describe() 

Out[15]:

In [16]: #checking the shape of dataset 
df_CPI.shape 

Out[16]:

In [17]: #checking the datasets to and from dates 
print("Starting date of CPI data :",df_CPI.Date.min()) 
print("Ending date of CPI data :",df_CPI.Date.max()) 

In [18]: #plotting the RPI data 
sns.set_theme(style="darkgrid") 
plt.figure(figsize=(12,8)) 
sns.lineplot(data = df_CPI, x='Date',y='CPI',err_style='bars',color='red') 
plt.title("UK CPI Data(1988-2022) ",fontdict={'fontsize':20}) 
plt.xlabel("Year") 
plt.ylabel('CPI') 
plt.show() 

In [19]: #calculating the percentage change in RPI 
df_CPI['%change_CPI'] =df_CPI['CPI'].pct_change() 
df_CPI.fillna(0,inplace=True) 
df_CPI.head() 

Out[19]:

In [21]: # plotting the percentage change in RPI 
plt.figure(figsize = (12,8)) 
sns.lineplot(data=df_CPI,x='Date',y='%change_CPI') 
plt.axhline(0, ls='--',c='red') 
plt.title("Percentage change in CPI ",fontdict={'fontsize': 20}) 
plt.show() 

In [35]: #plotting the RPI and CPI data together 
plt.figure(figsize=(12,8)) 
sns.lineplot(data = df_RPI, x='Date',y='RPI',err_style='bars',color='blue',label='RPI Data') 
sns.lineplot(data = df_CPI, x='Date',y='CPI',err_style='bars',color='green',label='CPI Data') 
plt.title("UK RPI vs CPI Data(1987-2022) ",fontdict={'fontsize':20}) 
plt.xlabel("Year") 
plt.ylabel('Value') 
plt.show() 

In [34]: # plotting the percentage change in RPI and CPI together 
plt.figure(figsize = (12,8)) 
sns.lineplot(data=df_RPI,x='Date',y='%change_RPI',label='RPI Data') 
sns.lineplot(data=df_CPI,x='Date',y='%change_CPI',label='CPI Data') 
plt.axhline(0, ls='--',c='red') 
plt.title("Percentage change in RPI vs CPI ",fontdict={'fontsize': 20}) 
plt.show() 

In [71]: #importing the dataset for HPI  
df_HPI = pd.read_csv(r'indices_dataset/Indices-2022-05_ONS.csv') 
# Since , we want for the United Kingdom , we would require to filter the region_name to united kingdom 
df_HPI = df_HPI[df_HPI.Region_Name == 'United Kingdom'] 
# we require only date and index 
df_HPI = df_HPI[['Date','Index']] 
#Since the dataset of CPI and RPI is from 1988, thus, slicing the HPI dataset from 1988 
df_HPI = df_HPI[df_HPI.Date>= '1988-01-01'] 
df_HPI.head() 

Out[71]:

In [72]: #checking the dataset's to and from dates 
print("Starting date of HPI data :",df_HPI.Date.min()) 
print("Ending date of HPI data :",df_HPI.Date.max()) 

In [57]: #plotting the RPI data 
sns.set_theme(style="darkgrid") 
plt.figure(figsize=(12,8)) 
sns.lineplot(data = df_HPI, x='Date',y='Index',err_style='bars',color='red') 
plt.title("UK HPI Data(1988-2022) ",fontdict={'fontsize':20}) 
plt.xlabel("Year") 
plt.ylabel('HPI') 
plt.show() 

In [73]: # combing the datasets together 
df_all = pd.DataFrame() 
df_all[['Date','HPI']] = df_HPI[['Date','Index']] 
df_all['CPI'] = df_CPI['CPI'][:-1].values 
df_all['RPI']=df_RPI['RPI'][12:-1].values 
df_all 

Out[73]:

In [74]: #plotting the RPI and CPI data together with HPI Data 
plt.figure(figsize=(12,8)) 
sns.lineplot(data = df_all, x='Date',y='RPI',color='blue',label='RPI') 
sns.lineplot(data = df_all, x='Date',y='CPI',color='green',label='CPI') 
sns.lineplot(data = df_all, x='Date',y='HPI',color='yellow',label='HPI') 
plt.title("UK Inflation Data vs HPI (1988-2022) ",fontdict={'fontsize':20}) 
plt.xlabel("Dates") 
plt.ylabel('Value') 
plt.show() 

In [59]: #plotting the lag_plots for GDP and HPI 
fig,axes = plt.subplots(1, 3, figsize=(15, 5)) 
fig.tight_layout() 
lag_plot(df_all['HPI'], ax=axes[0]) 
axes[0].set_title('HPI') 
lag_plot(df_all['RPI'], ax=axes[1]) 
axes[1].set_title('RPI') 
lag_plot(df_all['CPI'], ax=axes[2]) 
axes[2].set_title('CPI') 
 
plt.show() 

In [75]: # differencing the data 
df1 = df_all.copy() 
df_all['RPI'] = df_all['RPI']- df_all['RPI'].shift(1) 
df_all['CPI'] = df_all['CPI']- df_all['CPI'].shift(1) 
df_all['HPI'] = df_all['HPI']- df_all['HPI'].shift(1) 
df_all = df_all.dropna() 
df_all 

Out[75]:

In [121… #checking for co-relation on the data. 
df1.corr(method='spearman') 

Out[121…

In [88]: #using kendalltau function to check the correlation 
kendalltau(df1['HPI'],df1['CPI']) 

Out[88]:

In [124… #using kendalltau function to check the correlation 
kendalltau(df1['HPI'],df1['RPI']) 

Out[124…

In [62]: #defining a function for dicky fuller test 
def adfuller_test(columns): 
    result=adfuller(columns) 
    labels = ['ADF Test Statistic','p-value','#Lags Used','Number of Observations Used'] 
    for value,label in zip(result,labels): 
        print(label+' : '+str(value) ) 
    if result[1] <= 0.05: 
        print("strong evidence against the null hypothesis(Ho), reject the null hypothesis. Data has no unit ro
    else: 
        print("weak evidence against null hypothesis, time series has a unit root, indicating it is non-station

In [76]: #testing for HPI  
adfuller_test(df_all['HPI']) 

In [77]: #testing for CPI  
adfuller_test(df_all['CPI']) 

In [78]: #testing for RPI  
adfuller_test(df_all['RPI']) 

In [79]: df_all['CPI'] = df_all['CPI']- df_all['CPI'].shift(1) 
df_all['RPI'] = df_all['RPI']- df_all['RPI'].shift(1) 
df_all = df_all.dropna() 
df_all 

Out[79]:

In [80]: #testing for CPI  
adfuller_test(df_all['CPI']) 

In [81]: #testing for RPI  
adfuller_test(df_all['RPI']) 

In [90]: #plotting the lag_plots for GDP and HPI 
fig,axes = plt.subplots(1, 3, figsize=(15, 5)) 
fig.tight_layout() 
lag_plot(df_all['RPI'], ax=axes[0]) 
axes[0].set_title('RPI') 
lag_plot(df_all['CPI'], ax=axes[0]) 
axes[2].set_title('CPI') 
lag_plot(df_all['HPI'], ax=axes[1]) 
axes[1].set_title('HPI') 
plt.show() 

In [95]: # applying VAR model and finding the AIC, BIC 
df1 = df1.dropna() 
model = VAR(df1[['HPI','RPI']]) #recall that rawData is w/o difference operation 
for i in range(1,13): 
    result = model.fit(i) 
    try: 
        print('Lag Order =', i) 
        print('AIC : ', result.aic) 
        print('BIC : ', result.bic) 
         
    except: 
        continue 

https://www.rateinflation.com/consumer-price-index/uk-historical-cpi/


Lag Order = 1 
AIC :  -0.09146360399969276 
BIC :  -0.03290501153343753 
Lag Order = 2 
AIC :  -0.09738303903962886 
BIC :  0.0003929515807174766 
Lag Order = 3 
AIC :  -0.1451178475012397 
BIC :  -0.00798077375544226 
Lag Order = 4 
AIC :  -0.3691969418157956 
BIC :  -0.1925542210119559 
Lag Order = 5 
AIC :  -0.3702038502234252 
BIC :  -0.15391003199574982 
Lag Order = 6 
AIC :  -0.3692115620718762 
BIC :  -0.11312030206817242 
Lag Order = 7 
AIC :  -0.5557043715813703 
BIC :  -0.25966842382754773 
Lag Order = 8 
AIC :  -0.5659446923288405 
BIC :  -0.22981590151001996 
Lag Order = 9 
AIC :  -0.5697280288300186 
BIC :  -0.193357322487138 
Lag Order = 10 
AIC :  -0.6007268391656906 
BIC :  -0.18396421980648292 
Lag Order = 11 
AIC :  -0.6466030138764322 
BIC :  -0.18929755099962875 
Lag Order = 12 
AIC :  -0.636068263922136 
BIC :  -0.13806808595373588 

C:\Users\hp\anaconda3\lib\site-packages\statsmodels\tsa\base\tsa_model.py:578: ValueWarning: An unsupported ind
ex was provided and will be ignored when e.g. forecasting. 
  warnings.warn('An unsupported index was provided and will be' 

Result: The lag-order p = 11 on the basis of Akaike Information Criterion (AIC)

This test uses the following null and alternative hypotheses:

Null Hypothesis (H0): Time series RPI does not Granger-cause time series HPI

Alternative Hypothesis (HA): Time series RPI Granger-causes time series HPI

Granger Causality 
number of lags (no zero) 11 
ssr based F test:         F=4.2181  , p=0.0000  , df_denom=379, df_num=11 
ssr based chi2 test:   chi2=49.2154 , p=0.0000  , df=11 
likelihood ratio test: chi2=46.4281 , p=0.0000  , df=11 
parameter F test:         F=4.2181  , p=0.0000  , df_denom=379, df_num=11 
{11: ({'ssr_ftest': (4.218142417434826, 6.4782039148170815e-06, 379.0, 11), 
   'ssr_chi2test': (49.215371424529806, 8.657047619775627e-07, 11), 
   'lrtest': (46.42805690093439, 2.71605718808654e-06, 11), 
   'params_ftest': (4.218142417432906, 6.478203914866771e-06, 379.0, 11.0)}, 
  [<statsmodels.regression.linear_model.RegressionResultsWrapper at 0x23459e33a30>, 
   <statsmodels.regression.linear_model.RegressionResultsWrapper at 0x23459eda490>, 
   array([[0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 1., 0., 0., 0., 0., 
           0., 0., 0., 0., 0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 1., 0., 0., 0., 
           0., 0., 0., 0., 0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 1., 0., 0., 
           0., 0., 0., 0., 0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 1., 0., 
           0., 0., 0., 0., 0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 1., 
           0., 0., 0., 0., 0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 
           1., 0., 0., 0., 0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 
           0., 1., 0., 0., 0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 
           0., 0., 1., 0., 0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 
           0., 0., 0., 1., 0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 
           0., 0., 0., 0., 1., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 
           0., 0., 0., 0., 0., 1., 0.]])])}

The F test statistic turns out to be 4.4852 and the corresponding p-value is 0.0. 
 

Since the p-value is less than .05,we can reject the null hypothesis of the test and conclude
that knowing the RPI is useful for predicting the future HPI.

Following the same test for CPI data

Lag Order = 1 
AIC :  -2.222315917954743 
BIC :  -2.1637573254884876 
Lag Order = 2 
AIC :  -2.2089858877892308 
BIC :  -2.111209897168884 
Lag Order = 3 
AIC :  -2.2020087240751423 
BIC :  -2.0648716503293447 
Lag Order = 4 
AIC :  -2.448355956734974 
BIC :  -2.2717132359311347 
Lag Order = 5 
AIC :  -2.4285780951922886 
BIC :  -2.2122842769646134 
Lag Order = 6 
AIC :  -2.423504864146351 
BIC :  -2.167413604142647 
Lag Order = 7 
AIC :  -2.7273374018354035 
BIC :  -2.4313014540815807 
Lag Order = 8 
AIC :  -2.7285743195490118 
BIC :  -2.392445528730191 
Lag Order = 9 
AIC :  -2.727781598137657 
BIC :  -2.3514108917947767 
Lag Order = 10 
AIC :  -2.748946020322022 
BIC :  -2.3321834009628146 
Lag Order = 11 
AIC :  -2.7716360384582344 
BIC :  -2.314330575581431 
Lag Order = 12 
AIC :  -2.755586479693822 
BIC :  -2.257586301725422 

C:\Users\hp\anaconda3\lib\site-packages\statsmodels\tsa\base\tsa_model.py:578: ValueWarning: An unsupported ind
ex was provided and will be ignored when e.g. forecasting. 
  warnings.warn('An unsupported index was provided and will be' 

Result: The lag-order p = 11 on the basis of Akaike Information Criterion (AIC)

This test uses the following null and alternative hypotheses:

Null Hypothesis (H0): Time series CPI does not Granger-cause time series HPI

Alternative Hypothesis (HA): Time series CPI Granger-causes time series HPI

Granger Causality 
number of lags (no zero) 11 
ssr based F test:         F=3.0708  , p=0.0006  , df_denom=379, df_num=11 
ssr based chi2 test:   chi2=35.8282 , p=0.0002  , df=11 
likelihood ratio test: chi2=34.3206 , p=0.0003  , df=11 
parameter F test:         F=3.0708  , p=0.0006  , df_denom=379, df_num=11 
{11: ({'ssr_ftest': (3.0707602140911643, 0.0005802648757443746, 379.0, 11), 
   'ssr_chi2test': (35.82823658762831, 0.000180731185949054, 11), 
   'lrtest': (34.32058555604999, 0.0003205095227655369, 11), 
   'params_ftest': (3.070760214086964, 0.0005802648757536473, 379.0, 11.0)}, 
  [<statsmodels.regression.linear_model.RegressionResultsWrapper at 0x2345cb5f6a0>, 
   <statsmodels.regression.linear_model.RegressionResultsWrapper at 0x2345cb0f280>, 
   array([[0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 1., 0., 0., 0., 0., 
           0., 0., 0., 0., 0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 1., 0., 0., 0., 
           0., 0., 0., 0., 0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 1., 0., 0., 
           0., 0., 0., 0., 0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 1., 0., 
           0., 0., 0., 0., 0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 1., 
           0., 0., 0., 0., 0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 
           1., 0., 0., 0., 0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 
           0., 1., 0., 0., 0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 
           0., 0., 1., 0., 0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 
           0., 0., 0., 1., 0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 
           0., 0., 0., 0., 1., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 
           0., 0., 0., 0., 0., 1., 0.]])])}

The F test statistic turns out to be 3.0708 and the corresponding p-value is 0.0006. for Lag =1 
 

Since the p-value is less than .05,we can reject the null hypothesis of the test and conclude
that knowing the CPI is useful for predicting the future HPI.

Thus , we came to know that inflation in the country affects the
House Prices.

In [119… #perform Granger-Causality test 
grangercausalitytests(df1[['HPI', 'RPI']], maxlag=[11]) 

Out[119…

In [103… # applying VAR model and finding the AIC, BIC 
df1 = df1.dropna() 
model = VAR(df1[['HPI','CPI']]) #recall that rawData is w/o difference operation 
for i in range(1,13): 
    result = model.fit(i) 
    try: 
        print('Lag Order =', i) 
        print('AIC : ', result.aic) 
        print('BIC : ', result.bic) 
         
    except: 
        continue 

In [117… #perform Granger-Causality test 
grangercausalitytests(df1[['HPI', 'CPI']], maxlag=[11]) 

Out[117…

In [ ]:   



Hypothesis III: Economy (GDP: Gross Domestic Product) vs House
Price Index(HPI)

GDP Data Source : https://data.worldbank.org/indicator/NY.GDP.MKTP.KD.ZG?locations=GB

GDP_growth_annual% Year

0 5.441083 1968

1 1.924097 1969

2 6.317907 1970

3 3.504717 1971

4 4.321668 1972

GDP_growth_annual% Year

count 54.000000 54.000000

mean 2.242827 1994.500000

std 2.725545 15.732133

min -9.270411 1968.000000

25% 1.726463 1981.250000

50% 2.473791 1994.500000

75% 3.630456 2007.750000

max 7.441273 2021.000000

We can see from the above table , that maximum GDP is 7.44 whereas the minium is -9.27 with a mean of 2.24 and standard deviation of
2.73

Starting year of GDP data : 1968 
Ending year of GDP data : 2021 

We can see that there was a dip around 2008 due to financial crisis and in 2020 due to
COVID-19.

UK HPI Data

Date Region_Name Area_Code Index

0 1968-04-01 England E92000001 1.680067

1 1968-04-01 Scotland S92000003 2.108087

2 1968-04-01 Northern Ireland N92000001 3.300420

3 1968-04-01 Wales W92000004 2.119327

4 1968-04-01 West Midlands Region E12000005 2.097808

Date Region_Name Area_Code Index

9 1968-04-01 United Kingdom K02000001 1.885299

19 1968-05-01 United Kingdom K02000001 1.885299

29 1968-06-01 United Kingdom K02000001 1.885299

39 1968-07-01 United Kingdom K02000001 1.949207

49 1968-08-01 United Kingdom K02000001 1.949207

Date Index

9 1968-04-01 1.885299

19 1968-05-01 1.885299

29 1968-06-01 1.885299

39 1968-07-01 1.949207

49 1968-08-01 1.949207

... ... ...

135249 2022-01-01 143.422582

135670 2022-02-01 144.646684

136091 2022-03-01 145.556596

136512 2022-04-01 146.898652

136933 2022-05-01 148.688246

650 rows × 2 columns

Index year

0 1.938556 1968

1 2.045070 1969

2 2.183538 1970

3 2.545686 1971

4 3.653432 1972

Performing Granger-Causality Test
Source :https://rishi-a.github.io/2020/05/25/granger-causality.html

The Granger Causality test is used to determine whether or not one time series is useful for
forecasting another.
This test uses the following null and alternative hypotheses:

Null Hypothesis (H0): Time series GDP does not Granger-cause time series HPI

Alternative Hypothesis (HA): Time series GDP Granger-causes time series HPI

The term “Granger-causes” means that knowing the value of time series x at a certain lag is useful for predicting the value of time
series y at a later time period.  
This test produces an F test statistic with a corresponding p-value. If the p-value is less than a certain significance level (i.e. α =
.05), then we can reject the null hypothesis and conclude that we have sufficient evidence to say that time series x Granger-causes
time series y.

GDP HPI

Year

1968 5.441083 1.938556

1969 1.924097 2.045070

1970 6.317907 2.183538

1971 3.504717 2.545686

1972 4.321668 3.653432

Step 1: Test each of the time-series to determine their order of integration. Ideally, this should involve using a test (such as the
ADF test) for which the null hypothesis is non-stationarity.

*c* argument looks like a single numeric RGB or RGBA sequence, which should be avoided as value-mapping will ha
ve precedence in case its length matches with *x* & *y*.  Please use the *color* keyword-argument or provide a 
2D array with a single row if you intend to specify the same RGB or RGBA value for all points. 
*c* argument looks like a single numeric RGB or RGBA sequence, which should be avoided as value-mapping will ha
ve precedence in case its length matches with *x* & *y*.  Please use the *color* keyword-argument or provide a 
2D array with a single row if you intend to specify the same RGB or RGBA value for all points. 

HPI chart shows high autocorrelation while GDP data shows low autocorrelation.

GDP HPI

Year

1969 -3.516987 0.106514

1970 4.393810 0.138468

1971 -2.813189 0.362148

1972 0.816950 1.107746

1973 2.202181 0.958627

1974 -9.008252 0.181074

1975 1.010755 0.351496

1976 4.383916 0.458010

1977 -0.452516 0.479313

1978 1.746510 1.384683

1979 -0.455244 2.258098

1980 -5.780384 1.235563

1981 1.243624 0.276937

1982 2.782635 0.660387

1983 2.226965 1.416637

1984 -1.952751 1.278169

1985 1.878310 1.384683

1986 -0.997074 2.343309

1987 2.242398 3.567081

1988 0.339675 7.193793

1989 -3.154811 2.142832

1990 -1.843847 -0.856400

1991 -1.836877 -0.244163

1992 1.504204 -2.214479

1993 2.088749 0.426744

1994 1.356178 0.995737

1995 -1.314339 -0.085349

1996 -0.103127 2.162171

1997 2.480483 2.475117

1998 -1.755052 4.125196

1999 -0.163862 5.263181

2000 0.682258 5.832173

2001 -1.599713 2.275970

2002 0.050566 14.571755

2003 0.906667 5.465031

2004 -0.674260 7.640431

2005 0.237650 4.969209

2006 -0.009175 8.711651

2007 -0.314618 6.490158

2008 -2.509125 -14.810938

2009 -4.007718 3.738172

2010 6.378794 0.325761

2011 -0.673875 -0.867989

2012 0.012324 0.941480

2013 0.420131 4.787345

2014 1.101146 7.184687

2015 -0.368568 6.949851

2016 -0.359133 5.548783

2017 -0.129010 5.155718

2018 -0.483528 2.307336

2019 0.021019 1.082021

2020 -10.942355 8.491921

2021 16.711684 11.830103

ADF Test Statistic : -4.51236990063351 
p-value : 0.0001867636432092519 
#Lags Used : 9 
Number of Observations Used : 43 
strong evidence against the null hypothesis(Ho), reject the null hypothesis. Data has no unit root and is stati
onary 

ADF Test Statistic : -5.084360078035213 
p-value : 1.5070484798456902e-05 
#Lags Used : 0 
Number of Observations Used : 52 
strong evidence against the null hypothesis(Ho), reject the null hypothesis. Data has no unit root and is stati
onary 

We can see from above tests that ADF Null Hypothesis is rejected: thus data is stationary.

*c* argument looks like a single numeric RGB or RGBA sequence, which should be avoided as value-mapping will ha
ve precedence in case its length matches with *x* & *y*.  Please use the *color* keyword-argument or provide a 
2D array with a single row if you intend to specify the same RGB or RGBA value for all points. 
*c* argument looks like a single numeric RGB or RGBA sequence, which should be avoided as value-mapping will ha
ve precedence in case its length matches with *x* & *y*.  Please use the *color* keyword-argument or provide a 
2D array with a single row if you intend to specify the same RGB or RGBA value for all points. 

Moreover , the above lag plots give confirmation that the data is stationary
Step 2: Let the maximum order of integration for the group of time-series be m. So, if there are two time-series and one is found
to be I(1) and the other is I(2), then m = 2. If one is I(0) and the other is I(1), then m = 1, etc. Result: We saw above that for our
case m = 1

Step 3: Set up a VAR model in the levels of the data, regardless of the orders of integration of the various time-series. Most
importantly, you must not difference the data, no matter what you found at Step 1.//

Step 4: Determine the appropriate maximum lag length for the variables in the VAR, say p, using the usual methods. Specifically,
base the choice of p on the usual information criteria, such as AIC, SIC.

Lag Order = 1 
AIC :  4.825197886745501 
BIC :  5.048249801487251 
Lag Order = 2 
AIC :  4.760587960142102 
BIC :  5.1358271367923765 
Lag Order = 3 
AIC :  4.853492649203838 
BIC :  5.383797724853654 
Lag Order = 4 
AIC :  4.965558476541122 
BIC :  5.653886758495254 
Lag Order = 5 
AIC :  5.112877293516745 
BIC :  5.962265998790904 
Lag Order = 6 
AIC :  5.211353535917136 
BIC :  6.224920750158911 
Lag Order = 7 
AIC :  5.174388548712 
BIC :  6.355333826399271 
Lag Order = 8 
AIC :  5.312771034518857 
BIC :  6.664375544967318 
Lag Order = 9 
AIC :  5.444010399509372 
BIC :  6.969636501982086 
Lag Order = 10 
AIC :  5.606647424386283 
BIC :  7.309737529490078 
Lag Order = 11 
AIC :  5.453425727343577 
BIC :  7.337500269713435 
Lag Order = 12 
AIC :  5.537390410971765 
BIC :  7.606044718451965 

C:\Users\hp\anaconda3\lib\site-packages\statsmodels\tsa\base\tsa_model.py:578: ValueWarning: An unsupported ind
ex was provided and will be ignored when e.g. forecasting. 
  warnings.warn('An unsupported index was provided and will be' 

Result: The lag-order p = 2 on the basis of Akaike Information Criterion (AIC)

Granger Causality 
number of lags (no zero) 2 
ssr based F test:         F=4.4719  , p=0.0168  , df_denom=46, df_num=2 
ssr based chi2 test:   chi2=9.9159  , p=0.0070  , df=2 
likelihood ratio test: chi2=9.0611  , p=0.0108  , df=2 
parameter F test:         F=4.4719  , p=0.0168  , df_denom=46, df_num=2 
{2: ({'ssr_ftest': (4.471886738462427, 0.016799835158385023, 46.0, 2), 
   'ssr_chi2test': (9.915922767894946, 0.007027239082455598, 2), 
   'lrtest': (9.061117236335633, 0.010774655472992271, 2), 
   'params_ftest': (4.47188673846242, 0.016799835158385075, 46.0, 2.0)}, 
  [<statsmodels.regression.linear_model.RegressionResultsWrapper at 0x18f2b9a2bb0>, 
   <statsmodels.regression.linear_model.RegressionResultsWrapper at 0x18f2b9a2c10>, 
   array([[0., 0., 1., 0., 0.], 
          [0., 0., 0., 1., 0.]])])}

The F test statistic turns out to be 4.4719 and the corresponding p-value is 0.0168. 
 

Since the p-value is less than .05,we can reject the null hypothesis of the test and conclude
that knowing the GDP is useful for predicting the future HPI.

In [114… #importing various libraries 
import pandas as pd 
import seaborn as sns 
import numpy as np 
import matplotlib.pyplot as plt 
from statsmodels.tsa.stattools import grangercausalitytests, adfuller 
from pandas.plotting import lag_plot 
from statsmodels.tsa.api import VAR 

In [85]: # reading the excel file which contains GDP data 
df_gdp = pd.read_excel(r'Datasets/GDP.xls',sheet_name="Sheet1") 
df_gdp.head() 

Out[85]:

In [86]: # checking the statistics  
df_gdp.describe() 

Out[86]:

In [87]: #checking the dataset year 
print("Starting year of GDP data :",df_gdp.Year.min()) 
print("Ending year of GDP data :",df_gdp.Year.max()) 

In [88]: #plotting the GDP data 
sns.set_theme(style="darkgrid") 
plt.figure(figsize=(12,8)) 
sns.lineplot(data = df_gdp, x='Year',y='GDP_growth_annual%',err_style='bars',color='red') 
plt.scatter(df_gdp['Year'],df_gdp['GDP_growth_annual%']) 
plt.title("UK GDP Data(1960-2022) ",fontdict={'fontsize':20}) 
plt.xlabel("Year") 
plt.ylabel('GDP') 
plt.show() 

In [92]: #importing the dataset for HPI  
df_HPI = pd.read_csv(r'indices_dataset/Indices-2022-05_ONS.csv') 
df_HPI.head() 

Out[92]:

In [93]: # Since , we want for the United Kingdom , we would require to filter the region_name to united kingdom 
df_HPI = df_HPI[df_HPI.Region_Name == 'United Kingdom'] 
df_HPI.head() 

Out[93]:

In [94]: # we require only date and index 
df_HPI = df_HPI[['Date','Index']] 
df_HPI 

Out[94]:

In [95]: #plotting the UK HPI data 
sns.set_theme(style="darkgrid") 
plt.figure(figsize=(12,8)) 
sns.lineplot(data = df_HPI, x='Date',y='Index',err_style='bars',color='red') 
plt.title("UK HPI Data(1968-2022) ",fontdict={'fontsize':20}) 
plt.xlabel("Date") 
plt.ylabel('UK HPI') 
plt.show() 

In [96]: #the GDP data is yearly thus , making the HPI data to yearly data 
df_HPI['Date'] = pd.to_datetime(df_HPI['Date']) 
df_HPI.set_index('Date',inplace=True) 
df_HPI =df_HPI.resample('A').last() 
df_HPI.reset_index(inplace=True) 
df_HPI['year'] = df_HPI['Date'].dt.year 
df_HPI.drop('Date',axis=1,inplace=True) 
df_HPI.head() 

Out[96]:

In [97]: #plotting the UK HPI data yearly 
sns.set_theme(style="darkgrid") 
plt.figure(figsize=(12,8)) 
sns.lineplot(data = df_HPI, x='year',y='Index',err_style='bars',color='red') 
plt.scatter(df_HPI['year'],df_HPI['Index']) 
plt.title("UK HPI Data(1968-2022) ",fontdict={'fontsize':20}) 
plt.xlabel("Date") 
plt.ylabel('UK HPI') 
plt.show() 

In [99]: #plotting the the time series together 
 
year_lst = range(1967,2023) 
fig, ax = plt.subplots(figsize=(14, 10)) 
ax.vlines([year_lst], -10, 160, linestyles='dashed', colors='red') 
sns.lineplot(data = df_HPI, x='year',y='Index',err_style='bars',color='green',ax=ax,label='UK HPI') 
plt.scatter(df_HPI['year'],df_HPI['Index']) 
sns.lineplot(data = df_gdp, x='Year',y='GDP_growth_annual%',err_style='bars',color='blue',ax=ax, label='GDP') 
plt.scatter(df_gdp['Year'],df_gdp['GDP_growth_annual%']) 
plt.title("UK HPI VS GDP Data(1960-2022) ",fontdict={'fontsize':20}) 
plt.xlabel("Date") 
plt.ylabel('UK HPI') 
plt.legend() 
plt.show() 

In [101… df_all = pd.DataFrame() 
df_all[['Year','GDP']] = df_gdp[['Year','GDP_growth_annual%']] 
df_all['HPI']=df_HPI[['Index']] 
df_all.set_index('Year',inplace=True) 
df_all.head() 

Out[101…

In [103… #plotting the lag_plots for GDP and HPI 
fig,axes = plt.subplots(1, 2, figsize=(15, 5)) 
fig.tight_layout() 
lag_plot(df_all['GDP'], ax=axes[0]) 
axes[0].set_title('GDP') 
lag_plot(df_all['HPI'], ax=axes[1]) 
axes[1].set_title('HPI') 
plt.show() 

In [104… # differencing the data 
df1 = df_all.copy() 
df_all['GDP'] = df_all['GDP']- df_all['GDP'].shift(1) 
df_all['HPI'] = df_all['HPI']- df_all['HPI'].shift(1) 
df_all = df_all.dropna() 
df_all 

Out[104…

In [109… #defining a function for dicky fuller test 
def adfuller_test(columns): 
    result=adfuller(columns) 
    labels = ['ADF Test Statistic','p-value','#Lags Used','Number of Observations Used'] 
    for value,label in zip(result,labels): 
        print(label+' : '+str(value) ) 
    if result[1] <= 0.05: 
        print("strong evidence against the null hypothesis(Ho), reject the null hypothesis. Data has no unit ro
    else: 
        print("weak evidence against null hypothesis, time series has a unit root, indicating it is non-station

In [110… adfuller_test(df_all['GDP']) 

In [111… adfuller_test(df_all['HPI']) 

In [112… #plotting the lag_plots for GDP and HPI 
fig,axes = plt.subplots(1, 2, figsize=(15, 5)) 
fig.tight_layout() 
lag_plot(df_all['GDP'], ax=axes[0]) 
axes[0].set_title('GDP') 
lag_plot(df_all['HPI'], ax=axes[1]) 
axes[1].set_title('HPI') 
plt.show() 

In [118… # applying VAR model and finding the AIC, BIC 
df1 = df1.dropna() 
model = VAR(df1) #recall that rawData is w/o difference operation 
for i in range(1,13): 
    result = model.fit(i) 
    try: 
        print('Lag Order =', i) 
        print('AIC : ', result.aic) 
        print('BIC : ', result.bic) 
         
    except: 
        continue 

In [122… #perform Granger-Causality test 
grangercausalitytests(df1[['GDP', 'HPI']], maxlag=[2]) 

Out[122…

https://data.worldbank.org/indicator/NY.GDP.MKTP.KD.ZG?locations=GB
https://rishi-a.github.io/2020/05/25/granger-causality.html




Hypothesis IV :Interest Rate vs House Price
Data Source : https://www.bankofengland.co.uk/boeapps/database/Bank-Rate.asp

Date Rate

0 1975-01-20 00:00:00 11.25

1 1975-01-27 00:00:00 11.00

2 1975-02-10 00:00:00 10.75

3 1975-02-17 00:00:00 10.50

4 1975-03-10 00:00:00 10.25

Rate

count 244.000000

mean 9.208934

std 3.707317

min 0.100000

25% 6.250000

50% 9.880000

75% 11.880000

max 17.000000

We can see from the above table , that maximum Bank Rate is 17 whereas the minium is 0.10 with a mean of 9.208 and standard deviation
of 3.70

(244, 2)

Date     object 
Rate    float64 
dtype: object

Starting date of Bank Rate Data : 1975-01-20 00:00:00 
Ending date of Bank Rate data : 2022-08-04 00:00:00 

Date Rate

0 1975-01-01 11.00

1 1975-02-01 10.50

2 1975-03-01 10.00

3 1975-04-01 9.75

4 1975-05-01 10.00

Starting date of Bank Rate Data : 1975-01-01 00:00:00 
Ending date of Bank Rate data : 2022-08-01 00:00:00 

Date Average_Price

9 1968-04-01 3594.602239

19 1968-05-01 3594.602239

29 1968-06-01 3594.602239

39 1968-07-01 3716.453163

49 1968-08-01 3716.453163

Average_Price

count 650.000000

mean 92682.855832

std 79576.598379

min 3594.602239

25% 21506.687970

50% 58249.724790

75% 167885.249350

max 283496.357300

We can see from the above table , that maximum Bank Rate is 283496.357 whereas the minium is 3594.60 with a mean of 92682.85 and
standard deviation of 79576.59

(650, 2)

Starting date of House Price Data : 1968-04-01 
Ending date of House Price data : 2022-05-01 

Date Average_Price

819 1975-01-01 9179.436227

829 1975-02-01 9179.436227

839 1975-03-01 9179.436227

849 1975-04-01 9423.138074

859 1975-05-01 9423.138074

... ... ...

135249 2022-01-01 273456.582300

135670 2022-02-01 275790.515100

136091 2022-03-01 277525.398100

136512 2022-04-01 280084.228600

136933 2022-05-01 283496.357300

569 rows × 2 columns

Date HP Rate

819 1975-01-01 9179.436227 11.00

829 1975-02-01 9179.436227 10.50

839 1975-03-01 9179.436227 10.00

849 1975-04-01 9423.138074 9.75

859 1975-05-01 9423.138074 10.00

... ... ... ...

135249 2022-01-01 273456.582300 0.25

135670 2022-02-01 275790.515100 0.50

136091 2022-03-01 277525.398100 0.75

136512 2022-04-01 280084.228600 0.75

136933 2022-05-01 283496.357300 1.00

569 rows × 3 columns

Date HP Rate %change_HP %change_Rate

819 1975-01-01 9179.436227 11.00 0.000000 0.000000

829 1975-02-01 9179.436227 10.50 0.000000 -0.045455

839 1975-03-01 9179.436227 10.00 0.000000 -0.047619

849 1975-04-01 9423.138074 9.75 0.026549 -0.025000

859 1975-05-01 9423.138074 10.00 0.000000 0.025641

We can see in the above chart that percentage change in house prices is much more than the percentage change in bank rate.

Performing Granger-Causality Test
Source :https://rishi-a.github.io/2020/05/25/granger-causality.html

The Granger Causality test is used to determine whether or not one time series is useful for forecasting another. This test uses the following
null and alternative hypotheses:

Null Hypothesis (H0): Time series Bank Rate does not Granger-cause time series HP

Alternative Hypothesis (HA): Time series Bank Rate Granger-causes time series HP

The term “Granger-causes” means that knowing the value of time series x at a certain lag is useful for predicting the value of time series y
at a later time period. This test produces an F test statistic with a corresponding p-value. If the p-value is less than a certain significance
level (i.e. α = .05), then we can reject the null hypothesis and conclude that we have sufficient evidence to say that time series x Granger-
causes time series y.

Step 1: Test each of the time-series to determine their order of integration. Ideally, this should involve using a test (such as the ADF test) for
which the null hypothesis is non-stationarity.

*c* argument looks like a single numeric RGB or RGBA sequence, which should be avoided as value-mapping will ha
ve precedence in case its length matches with *x* & *y*.  Please use the *color* keyword-argument or provide a 
2D array with a single row if you intend to specify the same RGB or RGBA value for all points. 
*c* argument looks like a single numeric RGB or RGBA sequence, which should be avoided as value-mapping will ha
ve precedence in case its length matches with *x* & *y*.  Please use the *color* keyword-argument or provide a 
2D array with a single row if you intend to specify the same RGB or RGBA value for all points. 

we Can see that both the time series have high autocorrelation.

Date HP Rate %change_HP %change_Rate

829 1975-02-01 0.000000 -0.50 0.000000 -0.045455

839 1975-03-01 0.000000 -0.50 0.000000 -0.047619

849 1975-04-01 243.701847 -0.25 0.026549 -0.025000

859 1975-05-01 0.000000 0.25 0.000000 0.025641

869 1975-06-01 0.000000 0.00 0.000000 0.000000

... ... ... ... ... ...

135249 2022-01-01 2917.312100 0.00 0.010783 0.000000

135670 2022-02-01 2333.932800 0.25 0.008535 1.000000

136091 2022-03-01 1734.883000 0.25 0.006291 0.500000

136512 2022-04-01 2558.830500 0.00 0.009220 0.000000

136933 2022-05-01 3412.128700 0.25 0.012183 0.333333

568 rows × 5 columns

ADF Test Statistic : -20.301833325067143 
p-value : 0.0 
#Lags Used : 0 
Number of Observations Used : 567 
strong evidence against the null hypothesis(Ho), reject the null hypothesis. Data has no unit root and is stati
onary 

ADF Test Statistic : -3.3636461382694116 
p-value : 0.012262391004210095 
#Lags Used : 19 
Number of Observations Used : 548 
strong evidence against the null hypothesis(Ho), reject the null hypothesis. Data has no unit root and is stati
onary 

*c* argument looks like a single numeric RGB or RGBA sequence, which should be avoided as value-mapping will ha
ve precedence in case its length matches with *x* & *y*.  Please use the *color* keyword-argument or provide a 
2D array with a single row if you intend to specify the same RGB or RGBA value for all points. 
*c* argument looks like a single numeric RGB or RGBA sequence, which should be avoided as value-mapping will ha
ve precedence in case its length matches with *x* & *y*.  Please use the *color* keyword-argument or provide a 
2D array with a single row if you intend to specify the same RGB or RGBA value for all points. 

We can see from above tests that ADF Null Hypothesis is rejected: thus data is stationary.Moreover , the above lag plots give
confirmation that the data is stationary
Step 2: Let the maximum order of integration for the group of time-series be m. So, if there are two time-series and one is found to be I(1)
and the other is I(2), then m = 2. If one is I(0) and the other is I(1), then m = 1, etc. Result: We saw above that for our case m = 1

Step 3: Set up a VAR model in the levels of the data, regardless of the orders of integration of the various time-series. Most importantly,
you must not difference the data, no matter what you found at Step 1.//

Step 4: Determine the appropriate maximum lag length for the variables in the VAR, say p, using the usual methods. Specifically, base the
choice of p on the usual information criteria, such as AIC, SIC.

Lag Order = 1 
AIC :  13.43081932206397 
BIC :  13.476686801839193 
Lag Order = 2 
AIC :  13.402865650608215 
BIC :  13.479415197411173 
Lag Order = 3 
AIC :  13.406421212783485 
BIC :  13.513736260654234 
Lag Order = 4 
AIC :  13.177204925879442 
BIC :  13.31536928545579 
Lag Order = 5 
AIC :  13.189284368812858 
BIC :  13.358382229686896 
Lag Order = 6 
AIC :  13.200047205667667 
BIC :  13.400163138761153 
Lag Order = 7 
AIC :  13.17367487873984 
BIC :  13.404893838698579 
Lag Order = 8 
AIC :  13.191344032526278 
BIC :  13.453751360133714 
Lag Order = 9 
AIC :  13.199686531257813 
BIC :  13.493367955868008 
Lag Order = 10 
AIC :  13.15260418838588 
BIC :  13.477645830376066 
Lag Order = 11 
AIC :  13.1541093745321 
BIC :  13.510597747775003 
Lag Order = 12 
AIC :  13.17063271248393 
BIC :  13.55865472684006 

C:\Users\hp\anaconda3\lib\site-packages\statsmodels\tsa\base\tsa_model.py:578: ValueWarning: An unsupported ind
ex was provided and will be ignored when e.g. forecasting. 
  warnings.warn('An unsupported index was provided and will be' 

Result: The lag-order p = 10 on the basis of Akaike Information Criterion (AIC)

Granger Causality 
number of lags (no zero) 1 
ssr based F test:         F=1.4847  , p=0.2235  , df_denom=564, df_num=1 
ssr based chi2 test:   chi2=1.4926  , p=0.2218  , df=1 
likelihood ratio test: chi2=1.4907  , p=0.2221  , df=1 
parameter F test:         F=1.4847  , p=0.2235  , df_denom=564, df_num=1 
 
Granger Causality 
number of lags (no zero) 2 
ssr based F test:         F=1.0698  , p=0.3438  , df_denom=561, df_num=2 
ssr based chi2 test:   chi2=2.1587  , p=0.3398  , df=2 
likelihood ratio test: chi2=2.1546  , p=0.3405  , df=2 
parameter F test:         F=1.0698  , p=0.3438  , df_denom=561, df_num=2 
 
Granger Causality 
number of lags (no zero) 3 
ssr based F test:         F=0.1742  , p=0.9138  , df_denom=558, df_num=3 
ssr based chi2 test:   chi2=0.5292  , p=0.9124  , df=3 
likelihood ratio test: chi2=0.5289  , p=0.9125  , df=3 
parameter F test:         F=0.1742  , p=0.9138  , df_denom=558, df_num=3 
 
Granger Causality 
number of lags (no zero) 4 
ssr based F test:         F=0.3246  , p=0.8615  , df_denom=555, df_num=4 
ssr based chi2 test:   chi2=1.3195  , p=0.8581  , df=4 
likelihood ratio test: chi2=1.3179  , p=0.8583  , df=4 
parameter F test:         F=0.3246  , p=0.8615  , df_denom=555, df_num=4 
 
Granger Causality 
number of lags (no zero) 5 
ssr based F test:         F=0.2251  , p=0.9516  , df_denom=552, df_num=5 
ssr based chi2 test:   chi2=1.1481  , p=0.9498  , df=5 
likelihood ratio test: chi2=1.1469  , p=0.9499  , df=5 
parameter F test:         F=0.2251  , p=0.9516  , df_denom=552, df_num=5 
 
Granger Causality 
number of lags (no zero) 6 
ssr based F test:         F=0.1818  , p=0.9818  , df_denom=549, df_num=6 
ssr based chi2 test:   chi2=1.1164  , p=0.9808  , df=6 
likelihood ratio test: chi2=1.1153  , p=0.9809  , df=6 
parameter F test:         F=0.1818  , p=0.9818  , df_denom=549, df_num=6 
 
Granger Causality 
number of lags (no zero) 7 
ssr based F test:         F=0.1649  , p=0.9919  , df_denom=546, df_num=7 
ssr based chi2 test:   chi2=1.1857  , p=0.9913  , df=7 
likelihood ratio test: chi2=1.1844  , p=0.9913  , df=7 
parameter F test:         F=0.1649  , p=0.9919  , df_denom=546, df_num=7 
 
Granger Causality 
number of lags (no zero) 8 
ssr based F test:         F=0.1793  , p=0.9937  , df_denom=543, df_num=8 
ssr based chi2 test:   chi2=1.4792  , p=0.9930  , df=8 
likelihood ratio test: chi2=1.4772  , p=0.9931  , df=8 
parameter F test:         F=0.1793  , p=0.9937  , df_denom=543, df_num=8 
 
Granger Causality 
number of lags (no zero) 9 
ssr based F test:         F=0.2063  , p=0.9934  , df_denom=540, df_num=9 
ssr based chi2 test:   chi2=1.9219  , p=0.9926  , df=9 
likelihood ratio test: chi2=1.9186  , p=0.9927  , df=9 
parameter F test:         F=0.2063  , p=0.9934  , df_denom=540, df_num=9 
 
Granger Causality 
number of lags (no zero) 10 
ssr based F test:         F=0.2876  , p=0.9839  , df_denom=537, df_num=10 
ssr based chi2 test:   chi2=2.9884  , p=0.9817  , df=10 
likelihood ratio test: chi2=2.9804  , p=0.9819  , df=10 
parameter F test:         F=0.2876  , p=0.9839  , df_denom=537, df_num=10 
{1: ({'ssr_ftest': (1.4847382820375674, 0.2235440826155682, 564.0, 1), 
   'ssr_chi2test': (1.492635826090959, 0.22180794650042257, 1), 
   'lrtest': (1.4906745744865475, 0.22211182530371393, 1), 
   'params_ftest': (1.4847382820375719, 0.2235440826155682, 564.0, 1.0)}, 
  [<statsmodels.regression.linear_model.RegressionResultsWrapper at 0x1db22c4cb80>, 
   <statsmodels.regression.linear_model.RegressionResultsWrapper at 0x1db22c4c970>, 
   array([[0., 1., 0.]])]), 
 2: ({'ssr_ftest': (1.069816855342166, 0.3437701868130229, 561.0, 2), 
   'ssr_chi2test': (2.158703529852642, 0.3398157347414453, 2), 
   'lrtest': (2.154597358472529, 0.34051412224307415, 2), 
   'params_ftest': (1.0698168553421747, 0.3437701868129909, 561.0, 2.0)}, 
  [<statsmodels.regression.linear_model.RegressionResultsWrapper at 0x1db22c3d250>, 
   <statsmodels.regression.linear_model.RegressionResultsWrapper at 0x1db22c3d6d0>, 
   array([[0., 0., 1., 0., 0.], 
          [0., 0., 0., 1., 0.]])]), 
 3: ({'ssr_ftest': (0.17421220160104614, 0.9138412849317383, 558.0, 3), 
   'ssr_chi2test': (0.5291929779816724, 0.9124325947240187, 3), 
   'lrtest': (0.5289453050027078, 0.9124877591372796, 3), 
   'params_ftest': (0.174212201601041, 0.9138412849317383, 558.0, 3.0)}, 
  [<statsmodels.regression.linear_model.RegressionResultsWrapper at 0x1db22c3df10>, 
   <statsmodels.regression.linear_model.RegressionResultsWrapper at 0x1db22c3d7f0>, 
   array([[0., 0., 0., 1., 0., 0., 0.], 
          [0., 0., 0., 0., 1., 0., 0.], 
          [0., 0., 0., 0., 0., 1., 0.]])]), 
 4: ({'ssr_ftest': (0.32460411181297727, 0.8615054481790502, 555.0, 4), 
   'ssr_chi2test': (1.3194718490992374, 0.8580632910410717, 4), 
   'lrtest': (1.317930807130324, 0.8583260445605115, 4), 
   'params_ftest': (0.32460411181299703, 0.8615054481790502, 555.0, 4.0)}, 
  [<statsmodels.regression.linear_model.RegressionResultsWrapper at 0x1db22c35820>, 
   <statsmodels.regression.linear_model.RegressionResultsWrapper at 0x1db22c35520>, 
   array([[0., 0., 0., 0., 1., 0., 0., 0., 0.], 
          [0., 0., 0., 0., 0., 1., 0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 1., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 1., 0.]])]), 
 5: ({'ssr_ftest': (0.22512710805700625, 0.9516370200300538, 552.0, 5), 
   'ssr_chi2test': (1.1480666832979576, 0.9497615692676474, 5), 
   'lrtest': (1.1468977063941566, 0.949869225969361, 5), 
   'params_ftest': (0.22512710805699307, 0.9516370200300538, 552.0, 5.0)}, 
  [<statsmodels.regression.linear_model.RegressionResultsWrapper at 0x1db22c35a60>, 
   <statsmodels.regression.linear_model.RegressionResultsWrapper at 0x1db22c350d0>, 
   array([[0., 0., 0., 0., 0., 1., 0., 0., 0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 1., 0., 0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 1., 0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 1., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 1., 0.]])]), 
 6: ({'ssr_ftest': (0.18175997143766429, 0.9818207837051683, 549.0, 6), 
   'ssr_chi2test': (1.116383649704561, 0.9808132945933585, 6), 
   'lrtest': (1.1152762970177719, 0.9808626190862404, 6), 
   'params_ftest': (0.18175997143763645, 0.9818207837051736, 549.0, 6.0)}, 
  [<statsmodels.regression.linear_model.RegressionResultsWrapper at 0x1db22c353d0>, 
   <statsmodels.regression.linear_model.RegressionResultsWrapper at 0x1db22c378e0>, 
   array([[0., 0., 0., 0., 0., 0., 1., 0., 0., 0., 0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 1., 0., 0., 0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 1., 0., 0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 1., 0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 1., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 1., 0.]])]), 
 7: ({'ssr_ftest': (0.16485672569404172, 0.9918609439598816, 546.0, 7), 
   'ssr_chi2test': (1.1857002963379153, 0.9912524265694627, 7), 
   'lrtest': (1.1844490419789508, 0.9912805580783169, 7), 
   'params_ftest': (0.16485672569402712, 0.9918609439598829, 546.0, 7.0)}, 
  [<statsmodels.regression.linear_model.RegressionResultsWrapper at 0x1db22c37b50>, 
   <statsmodels.regression.linear_model.RegressionResultsWrapper at 0x1db22c37df0>, 
   array([[0., 0., 0., 0., 0., 0., 0., 1., 0., 0., 0., 0., 0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 1., 0., 0., 0., 0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 1., 0., 0., 0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 1., 0., 0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 1., 0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 1., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 1., 0.]])]), 
 8: ({'ssr_ftest': (0.17928101321897344, 0.9936560572180944, 543.0, 8), 
   'ssr_chi2test': (1.4791509009594863, 0.9930486760193133, 8), 
   'lrtest': (1.4772008631316567, 0.9930800065961779, 8), 
   'params_ftest': (0.17928101321897394, 0.9936560572180944, 543.0, 8.0)}, 
  [<statsmodels.regression.linear_model.RegressionResultsWrapper at 0x1db22c37790>, 
   <statsmodels.regression.linear_model.RegressionResultsWrapper at 0x1db22c37820>, 
   array([[0., 0., 0., 0., 0., 0., 0., 0., 1., 0., 0., 0., 0., 0., 0., 0., 
           0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 1., 0., 0., 0., 0., 0., 0., 
           0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 1., 0., 0., 0., 0., 0., 
           0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 1., 0., 0., 0., 0., 
           0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 1., 0., 0., 0., 
           0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 1., 0., 0., 
           0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 1., 0., 
           0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 1., 
           0.]])]), 
 9: ({'ssr_ftest': (0.20628746357987543, 0.9934216790682371, 540.0, 9), 
   'ssr_chi2test': (1.9219115356858398, 0.9926430738379584, 9), 
   'lrtest': (1.9186152035254054, 0.992690121147244, 9), 
   'params_ftest': (0.20628746357987177, 0.9934216790682371, 540.0, 9.0)}, 
  [<statsmodels.regression.linear_model.RegressionResultsWrapper at 0x1db22c37370>, 
   <statsmodels.regression.linear_model.RegressionResultsWrapper at 0x1db22c37a00>, 
   array([[0., 0., 0., 0., 0., 0., 0., 0., 0., 1., 0., 0., 0., 0., 0., 0., 
           0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 1., 0., 0., 0., 0., 0., 
           0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 1., 0., 0., 0., 0., 
           0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 1., 0., 0., 0., 
           0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 1., 0., 0., 
           0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 1., 0., 
           0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 1., 
           0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 
           1., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 
           0., 1., 0.]])]), 
 10: ({'ssr_ftest': (0.2875946193174286, 0.9839042227636366, 537.0, 10), 
   'ssr_chi2test': (2.9884133627397604, 0.9816954202504975, 10), 
   'lrtest': (2.9804394772454543, 0.9818806422684837, 10), 
   'params_ftest': (0.28759461931741315, 0.9839042227636392, 537.0, 10.0)}, 
  [<statsmodels.regression.linear_model.RegressionResultsWrapper at 0x1db22c379a0>, 
   <statsmodels.regression.linear_model.RegressionResultsWrapper at 0x1db22c37d90>, 
   array([[0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 1., 0., 0., 0., 0., 0., 
           0., 0., 0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 1., 0., 0., 0., 0., 
           0., 0., 0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 1., 0., 0., 0., 
           0., 0., 0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 1., 0., 0., 
           0., 0., 0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 1., 0., 
           0., 0., 0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 1., 
           0., 0., 0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 
           1., 0., 0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 
           0., 1., 0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 
           0., 0., 1., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 
           0., 0., 0., 1., 0.]])])}

The F test statistic turns out to be 1.6911 and the corresponding p-value is 0.0795 for lag=10 
 

Since the p-value is more than .05,we can accept the null hypothesis of the test and conclude
that knowing the Bank rate is not useful for predicting the future House Prices.

In [50]: #importing various libraries 
import pandas as pd 
import numpy as np 
import matplotlib.pyplot as plt 
import seaborn as sns 
from statsmodels.tsa.stattools import grangercausalitytests, adfuller 
from pandas.plotting import lag_plot 
from statsmodels.tsa.api import VAR 

In [11]: #importing interest rate dataset 
df_int = pd.read_excel(r'Datasets/Bank_Rate_history.xlsx') 
df_int.head() 

Out[11]:

In [12]: # checking the statistics  
df_int.describe() 

Out[12]:

In [13]: #checking the shape of dataset 
df_int.shape 

Out[13]:

In [15]: #checking the dtypes 
df_int.dtypes 

Out[15]:

In [16]: # converting the date object to datetime. 
df_int['Date']= pd.to_datetime(df_int['Date']) 

In [17]: #checking the dataset's to and from dates 
print("Starting date of Bank Rate Data :",df_int.Date.min()) 
print("Ending date of Bank Rate data :",df_int.Date.max()) 

In [18]: #plotting the GDP data 
sns.set_theme(style="darkgrid") 
plt.figure(figsize=(12,8)) 
sns.lineplot(data = df_int, x='Date',y='Rate',err_style='bars',color='red') 
plt.scatter(df_int['Date'],df_int['Rate']) 
plt.title("UK Bank Rate Data(1975-2022) ",fontdict={'fontsize':20}) 
plt.xlabel("Year") 
plt.ylabel('Bank Rate') 
plt.show() 

In [25]: # converting the dataset into monthly dataset  
df_int = pd.read_excel(r'Bank_Rate_history.xlsx',sheet_name='monthly') 
df_int.head() 

Out[25]:

In [36]: #checking the dataset's to and from dates 
print("Starting date of Bank Rate Data :",df_int.Date.min()) 
print("Ending date of Bank Rate data :",df_int.Date.max()) 

In [26]: #plotting the Bank rate data 
sns.set_theme(style="darkgrid") 
plt.figure(figsize=(12,8)) 
sns.lineplot(data = df_int, x='Date',y='Rate',err_style='bars',color='red') 
plt.scatter(df_int['Date'],df_int['Rate']) 
plt.title("UK Bank Rate Data(1975-2022) ",fontdict={'fontsize':20}) 
plt.xlabel("Year") 
plt.ylabel('Bank Rate') 
plt.show() 

In [29]: # importing the dataset for UK house prices from ONS 
df_HP = pd.read_csv(r'indices_dataset/Average-prices-2022-05_ONS.csv') 
#since the region_name contains all the regions, we would take the region_name as United Kingdom 
df_HP = df_HP[df_HP.Region_Name=='United Kingdom'] 
#we require only the date and average_price 
df_HP = df_HP[['Date','Average_Price']] 
df_HP.head() 

Out[29]:

In [30]: # checking the statistics  
df_HP.describe() 

Out[30]:

In [31]: #checking the shape of dataset 
df_HP.shape 

Out[31]:

In [32]: #checking the dataset's to and from dates 
print("Starting date of House Price Data :",df_HP.Date.min()) 
print("Ending date of House Price data :",df_HP.Date.max()) 

In [35]: #plotting the House Price data 
sns.set_theme(style="darkgrid") 
plt.figure(figsize=(12,8)) 
sns.lineplot(data = df_HP, x='Date',y='Average_Price',err_style='bars',color='red') 
plt.title("UK House Price Data(1986-2022) ",fontdict={'fontsize':20}) 
plt.xlabel("Year") 
plt.ylabel('House Price') 
plt.show() 

In [37]: #since the starting and end dates mismatch among datasets , thus slicing the HP dataset 
df_HP = df_HP[df_HP.Date>='1975-01-01'] 
df_HP 

Out[37]:

In [44]: # combing both the datasets 
df_all = pd.DataFrame() 
df_all[['Date','HP']]= df_HP[['Date','Average_Price']] 
df_all['Rate']=df_int['Rate'][:-3].values 
df_all 

Out[44]:

In [45]: #calculating the percentage change of both the HP and Rate 
df_all['%change_HP'] =df_all['HP'].pct_change() 
df_all['%change_Rate'] =df_all['Rate'].pct_change() 
df_all.fillna(0,inplace=True) 
df_all.head() 

Out[45]:

In [49]: #plotting the percentage change together of both house price and Rate 
plt.subplots(figsize=(14, 10)) 
sns.lineplot(data=df_all,x='Date',y='%change_Rate',label='%change in House Price') 
sns.lineplot(data=df_all,x='Date',y='%change_HP',label='%change in Bank Rate') 
plt.axhline(0, ls='--',c='red') 
plt.legend() 
plt.title("Percentage change in House Price and Bank Rate ",fontdict={'fontsize': 20}) 
plt.show() 

In [51]: #plotting the lag_plots for Bank rate and HP 
fig,axes = plt.subplots(1, 2, figsize=(15, 5)) 
fig.tight_layout() 
lag_plot(df_all['Rate'], ax=axes[0]) 
axes[0].set_title('Bank Rate') 
lag_plot(df_all['HP'], ax=axes[1]) 
axes[1].set_title('House Price') 
plt.show() 

In [52]: # differencing the data 
df1 = df_all.copy() 
df_all['Rate'] = df_all['Rate']- df_all['Rate'].shift(1) 
df_all['HP'] = df_all['HP']- df_all['HP'].shift(1) 
df_all = df_all.dropna() 
df_all 

Out[52]:

In [53]: #defining a function for dicky fuller test 
def adfuller_test(columns): 
    result=adfuller(columns) 
    labels = ['ADF Test Statistic','p-value','#Lags Used','Number of Observations Used'] 
    for value,label in zip(result,labels): 
        print(label+' : '+str(value) ) 
    if result[1] <= 0.05: 
        print("strong evidence against the null hypothesis(Ho), reject the null hypothesis. Data has no unit ro
    else: 
        print("weak evidence against null hypothesis, time series has a unit root, indicating it is non-station

In [54]: #applying Dickey Fulle test on Bank rate 
adfuller_test(df_all['Rate']) 

In [55]: #applying Dickey Fulle test on House Price 
adfuller_test(df_all['HP']) 

In [56]: #plotting the lag_plots for Bank rate and HP 
fig,axes = plt.subplots(1, 2, figsize=(15, 5)) 
fig.tight_layout() 
lag_plot(df_all['Rate'], ax=axes[0]) 
axes[0].set_title('Bank Rate') 
lag_plot(df_all['HP'], ax=axes[1]) 
axes[1].set_title('House Price') 
plt.show() 

In [57]: # applying VAR model and finding the AIC, BIC 
df1 = df1.dropna() 
model = VAR(df1[['Rate','HP']]) #recall that rawData is w/o difference operation 
for i in range(1,13): 
    result = model.fit(i) 
    try: 
        print('Lag Order =', i) 
        print('AIC : ', result.aic) 
        print('BIC : ', result.bic) 
         
    except: 
        continue 

In [67]: #perform Granger-Causality test  
grangercausalitytests(df_all[['HP','Rate']], maxlag=10) 

Out[67]:

In [69]: #perform Granger-Causality test on the reverse 
grangercausalitytests(df_all[['Rate','HP']], maxlag=[10]) 

https://www.bankofengland.co.uk/boeapps/database/Bank-Rate.asp
https://rishi-a.github.io/2020/05/25/granger-causality.html


Granger Causality 
number of lags (no zero) 10 
ssr based F test:         F=1.1592  , p=0.3160  , df_denom=537, df_num=10 
ssr based chi2 test:   chi2=12.0453 , p=0.2820  , df=10 
likelihood ratio test: chi2=11.9171 , p=0.2906  , df=10 
parameter F test:         F=1.1592  , p=0.3160  , df_denom=537, df_num=10 
{10: ({'ssr_ftest': (1.1591961839679512, 0.3160324131523928, 537.0, 10), 
   'ssr_chi2test': (12.045278783130666, 0.2820375925164295, 10), 
   'lrtest': (11.917112118736327, 0.29064219595800267, 10), 
   'params_ftest': (1.1591961839674083, 0.3160324131527695, 537.0, 10.0)}, 
  [<statsmodels.regression.linear_model.RegressionResultsWrapper at 0x1db244e0f70>, 
   <statsmodels.regression.linear_model.RegressionResultsWrapper at 0x1db22c44310>, 
   array([[0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 1., 0., 0., 0., 0., 0., 
           0., 0., 0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 1., 0., 0., 0., 0., 
           0., 0., 0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 1., 0., 0., 0., 
           0., 0., 0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 1., 0., 0., 
           0., 0., 0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 1., 0., 
           0., 0., 0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 1., 
           0., 0., 0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 
           1., 0., 0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 
           0., 1., 0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 
           0., 0., 1., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 
           0., 0., 0., 1., 0.]])])}

Since the p-value is more than .05,we can accept the null hypothesis of the test and conclude that knowing the
House Prices is not useful for predicting the future Bank Rate.

However studies suggest ,The impact of a rise in interest rates on housing prices will depend
on the size and timing of the rise, as well as the supply of available property – with properties
in short supply, the current high demand ensures prices remain elevated.

Out[69]:



Hypothesis V :Outstanding balances(debt) vs House Price
Data Source : https://www.fca.org.uk/data/mortgage-lending-statistics

Year                                          int64 
Quarter                                      object 
Arrear_Number_of_loan_accounts                int64 
Arrears_Balances_outstanding(Millions)      float64 
Loan_Book_Number_of_loan_accounts             int64 
Loan_Book_Balances_outstanding(Millions)    float64 
dtype: object

Starting year of Mortgage Data : 2007 
Ending year of Mortgage data : 2022 

Columns of Dataset :

Year : This shows the year
Quarter : It shows the quarter of the year
Arrear_Number_of_loan_accounts : It shows the Number of loan accounts which are still pending
Arrears_Balances_outstanding(Millions) : It shows the total outstanding balance of loans(in millions) which are still pending.
Loan_Book_Number_of_loan_accounts : It shows the total number of loans in the particular year/quarter from the loan book.
Loan_Book_Balances_outstanding(Millions) :It shows the total outstanding balance of loans (in millions) in the particular year/quarter
from the loan book.

We can see in the above chart that number of arrear loans were at the top around 2008 , it was due to the market crash crisis.

From the above chart we could clearly see that outstanding balance is increasing per year.

From the above chart, we can see that the from 2009 , the percentage of arrears loans have decreased.While , around 2008 it was the
highest due to financial crisis.

From the above chart, we can see that the from 2009 , the percentage of arrears loans balance have decreased.While , around 2008 it was
the highest due to financial crisis.

We can see from the above chart that the arrear balance have reduced however the arrears loan count have increased.

Date Average_Price

9 1968-04-01 3594.602239

19 1968-05-01 3594.602239

29 1968-06-01 3594.602239

39 1968-07-01 3716.453163

49 1968-08-01 3716.453163

Average_Price

count 650.000000

mean 92682.855832

std 79576.598379

min 3594.602239

25% 21506.687970

50% 58249.724790

75% 167885.249350

max 283496.357300

We can see from the above table , that maximum price is 283496.357 whereas the minium is 3594.60 with a mean of 92682.85 and
standard deviation of 79576.59

Starting date of House Price Data : 1968-04-01 
Ending date of House Price data : 2022-05-01 

Date             datetime64[ns] 
Average_Price           float64 
dtype: object

Average_Price

Date

1968-06-30 3594.602239

1968-09-30 3716.453163

1968-12-31 3696.144675

1969-03-31 3757.070137

1969-06-30 3817.995599

... ...

2021-06-30 255691.626400

2021-09-30 261520.932267

2021-12-31 268356.800967

2022-03-31 275590.831833

2022-06-30 281790.292950

217 rows × 1 columns

Average_Price

Date

2007-03-31 177551.810000

2007-06-30 184307.053300

2007-09-30 189502.866233

2007-12-31 189423.837533

2008-03-31 184270.348033

... ...

2021-03-31 250927.062667

2021-06-30 255691.626400

2021-09-30 261520.932267

2021-12-31 268356.800967

2022-03-31 275590.831833

61 rows × 1 columns

Average_Price Out_Balance Ar_Balance

Date

2007-03-31 177551.810000 1064363.837 21916.866

2007-06-30 184307.053300 1108071.119 23041.773

2007-09-30 189502.866233 1137898.315 24262.272

2007-12-31 189423.837533 1159861.965 26236.605

2008-03-31 184270.348033 1177761.935 28439.189

... ... ... ...

2021-03-31 250927.062667 1561801.557 15023.426

2021-06-30 255691.626400 1587636.568 14259.491

2021-09-30 261520.932267 1601895.207 13768.081

2021-12-31 268356.800967 1613451.270 13476.106

2022-03-31 275590.831833 1630491.997 13321.940

61 rows × 3 columns

Performing Granger-Causality Test Source :https://rishi-a.github.io/2020/05/25/granger-causality.html

The Granger Causality test is used to determine whether or not one time series is useful for forecasting another. This test uses the following
null and alternative hypotheses:

Null Hypothesis (H0): Time series Loan data does not Granger-cause time series HP

Alternative Hypothesis (HA): Time series Loan data Granger-causes time series HP

The term “Granger-causes” means that knowing the value of time series x at a certain lag is useful for predicting the value of time series y
at a later time period. This test produces an F test statistic with a corresponding p-value. If the p-value is less than a certain significance
level (i.e. α = .05), then we can reject the null hypothesis and conclude that we have sufficient evidence to say that time series x Granger-
causes time series y.

Step 1: Test each of the time-series to determine their order of integration. Ideally, this should involve using a test (such as the ADF test) for
which the null hypothesis is non-stationarity.

*c* argument looks like a single numeric RGB or RGBA sequence, which should be avoided as value-mapping will ha
ve precedence in case its length matches with *x* & *y*.  Please use the *color* keyword-argument or provide a 
2D array with a single row if you intend to specify the same RGB or RGBA value for all points. 
*c* argument looks like a single numeric RGB or RGBA sequence, which should be avoided as value-mapping will ha
ve precedence in case its length matches with *x* & *y*.  Please use the *color* keyword-argument or provide a 
2D array with a single row if you intend to specify the same RGB or RGBA value for all points. 

we Can see that both the time series have high autocorrelation.

Average_Price Out_Balance Ar_Balance

Date

2007-06-30 6755.243300 43707.282 23041.773

2007-09-30 5195.812933 29827.196 24262.272

2007-12-31 -79.028700 21963.650 26236.605

2008-03-31 -5153.489500 17899.970 28439.189

2008-06-30 -1188.395133 10854.644 30292.753

*c* argument looks like a single numeric RGB or RGBA sequence, which should be avoided as value-mapping will ha
ve precedence in case its length matches with *x* & *y*.  Please use the *color* keyword-argument or provide a 
2D array with a single row if you intend to specify the same RGB or RGBA value for all points. 
*c* argument looks like a single numeric RGB or RGBA sequence, which should be avoided as value-mapping will ha
ve precedence in case its length matches with *x* & *y*.  Please use the *color* keyword-argument or provide a 
2D array with a single row if you intend to specify the same RGB or RGBA value for all points. 

Year Quarter Arrear_Number_of_loan_accounts Arrears_Balances_outstanding(Millions) Loan_Book_Number_of_loan_accounts Loan_Book_Balan

0 2007 Q1 258659 21916.866 15046772

1 2007 Q2 267210 23041.773 15473936

2 2007 Q3 273541 24262.272 15475000

3 2007 Q4 288546 26236.605 15505441

4 2008 Q1 299588 28439.189 15619464

Year Arrear_Number_of_loan_accounts Arrears_Balances_outstanding(Millions) Loan_Book_Number_of_loan_accounts Loan_Book_Bal

count 61.000000 61.000000 61.000000 6.100000e+01

mean 2014.131148 250872.983607 23718.952508 1.416759e+07

std 4.440253 73441.630523 9425.993455 9.160587e+05

min 2007.000000 152929.000000 13321.940000 1.317537e+07

25% 2010.000000 185317.000000 14819.821000 1.340325e+07

50% 2014.000000 228517.000000 21768.696000 1.350203e+07

75% 2018.000000 303163.000000 30292.753000 1.506973e+07

max 2022.000000 399365.000000 43572.226000 1.564983e+07

Year Arrear_Number_of_loan_accounts Arrears_Balances_outstanding(Millions) Loan_Book_Number_of_loan_accounts Loan_Book_Balances_outst

0 2007 271989.00 23864.3790 15375287.25

1 2008 331897.50 33555.2775 15609430.25

2 2009 388116.50 42011.9935 15361548.75

3 2010 350380.50 37119.9375 15315490.50

4 2011 326809.75 33516.7295 15052559.00

In [166… #importing various libraries 
import pandas as pd 
import numpy as np 
import matplotlib.pyplot as plt 
import seaborn as sns 
from statsmodels.tsa.stattools import grangercausalitytests, adfuller 
from pandas.plotting import lag_plot 
from statsmodels.tsa.api import VAR 

In [167… #importing the dataset 
df_mor = pd.read_excel(r'Datasets/mlar-statistics-q1-2022-summary-long-run.xlsx',sheet_name='Sheet1') 
df_mor.head() 

Out[167…

In [168… #checking the statiscs of the dataset 
df_mor.describe() 

Out[168…

In [169… #checking the data dtypes 
df_mor.dtypes 

Out[169…

In [170… #checking the dataset's to and from dates 
print("Starting year of Mortgage Data :",df_mor.Year.min()) 
print("Ending year of Mortgage data :",df_mor.Year.max()) 

In [171… #plotting the Arrear_Number_of_loan_accounts with year and quarters 
sns.set_theme(style="darkgrid") 
plt.figure(figsize=(12,8)) 
sns.histplot(data = df_mor,x='Year',weights='Arrear_Number_of_loan_accounts',hue='Quarter',multiple='stack',bin
plt.title('Arrear Number of loan accounts Vs Year',fontdict={'fontsize':20}) 
plt.show() 

In [172… #plotting the Arrears_Balances_outstanding(Millions) with year and quarters 
sns.set_theme(style="darkgrid") 
plt.figure(figsize=(12,8)) 
sns.histplot(data = df_mor,x='Year',weights='Arrears_Balances_outstanding(Millions)',hue='Quarter',multiple='st
plt.title('Arrears_Balances_outstanding Vs Year',fontdict={'fontsize':20}) 
plt.ylabel("Amount(in Millions)") 
plt.show() 

In [173… #plotting the total number of loans with year and quarters 
sns.set_theme(style="darkgrid") 
plt.figure(figsize=(12,8)) 
sns.histplot(data = df_mor,x='Year',weights='Loan_Book_Number_of_loan_accounts',hue='Quarter',multiple='stack',
plt.title('Total Number of loans as per loan book Vs Year',fontdict={'fontsize':20}) 
plt.ylabel("count") 
plt.show() 

In [174… #plotting the Loan_Book_Balances_outstanding(Millions) with year and quarters 
sns.set_theme(style="darkgrid") 
plt.figure(figsize=(12,8)) 
sns.histplot(data = df_mor,x='Year',weights='Loan_Book_Balances_outstanding(Millions)',hue='Quarter',multiple='
plt.title('Total Outstanding Balance Vs Year',fontdict={'fontsize':20}) 
plt.ylabel("Amount(in Millions)") 
plt.show() 

In [175… #grouping by year and quarter 
df_grouped = df_mor.groupby('Year').mean() 
df_grouped.reset_index(inplace=True) 
df_grouped.head() 

Out[175…

In [176… #creating a calculative field of percentage of arrear_loans over total loans 
df_grouped['%Arrear_loans'] =(df_grouped['Arrear_Number_of_loan_accounts']/df_grouped['Loan_Book_Number_of_loan
#creating a calculative field of percentage of arrear_loans over total loans 
df_grouped['%Arrear_balance'] =(df_grouped['Arrears_Balances_outstanding(Millions)']/df_grouped['Loan_Book_Bala

In [177… #plotting the arrear_no_of_loans and loan_book_number_of_loans 
 
plt.figure(figsize=(12,8)) 
sns.lineplot(data=df_grouped,x='Year',y='Arrear_Number_of_loan_accounts',color='red',label='Arrears Loan') 
sns.lineplot(data=df_grouped,x='Year',y='Loan_Book_Number_of_loan_accounts',color='blue',label='Total Number of
plt.title('Arrear Loans Vs Total Number of Loans',fontdict={'fontsize':20}) 
plt.ylabel("Count") 
plt.show() 

In [178… #plotting the percentage of arrears loans 
plt.figure(figsize=(12,8)) 
sns.lineplot(data=df_grouped,x='Year',y='%Arrear_loans') 
plt.title('Percentage of Arrears Loans',fontdict={'fontsize':20}) 
plt.ylabel("Percentage") 
plt.show() 

In [179… #plotting the Arrears_Balances_outstanding(Millions) and loan_book_number_of_loans 
 
plt.figure(figsize=(12,8)) 
sns.lineplot(data=df_grouped,x='Year',y='Arrears_Balances_outstanding(Millions)',color='red',label='Arrears Bal
sns.lineplot(data=df_grouped,x='Year',y='Loan_Book_Balances_outstanding(Millions)',color='blue',label='Total Ou
plt.title('Arrear Balance Vs Total Outstanding Balance',fontdict={'fontsize':20}) 
plt.ylabel("Amount") 
plt.show() 

In [180… #plotting the percentage of arrears loans 
plt.figure(figsize=(12,8)) 
sns.lineplot(data=df_grouped,x='Year',y='%Arrear_balance') 
plt.title('Percentage of Arrears Balance',fontdict={'fontsize':20}) 
plt.ylabel("Percentage") 
plt.show() 

In [181… #plotting total arrears percentage and total percentage arrears balances 
plt.figure(figsize=(12,8)) 
sns.lineplot(data=df_grouped,x='Year',y='%Arrear_balance',label='Percentage change in Balance') 
sns.lineplot(data=df_grouped,x='Year',y='%Arrear_loans',label='Percentage change in Loan Count') 
plt.title('Percentage of Arrears Balance vs Arrears Loans',fontdict={'fontsize':20}) 
# plt.ylabel("Percentage") 
plt.show() 

In [182… # importing house price dataset 
# importing the dataset for UK house prices from ONS 
df_HP = pd.read_csv(r'indices_dataset/Average-prices-2022-05_ONS.csv') 
#since the region_name contains all the regions, we would take the region_name as United Kingdom 
df_HP = df_HP[df_HP.Region_Name=='United Kingdom'] 
#we require only the date and average_price 
df_HP = df_HP[['Date','Average_Price']] 
df_HP.head() 

Out[182…

In [183… # checking the statistics  
df_HP.describe() 

Out[183…

In [184… #checking the dataset's to and from dates 
print("Starting date of House Price Data :",df_HP.Date.min()) 
print("Ending date of House Price data :",df_HP.Date.max()) 

In [185… #plotting the House Price data 
sns.set_theme(style="darkgrid") 
plt.figure(figsize=(12,8)) 
sns.lineplot(data = df_HP, x='Date',y='Average_Price',err_style='bars',color='red') 
plt.title("UK House Price Data(1986-2022) ",fontdict={'fontsize':20}) 
plt.xlabel("Year") 
plt.ylabel('House Price') 
plt.show() 

In [186… #converting the date column into datetime format 
df_HP['Date']=pd.to_datetime(df_HP['Date']) 

In [187… #checking the datatypes of dataset 
df_HP.dtypes 

Out[187…

In [188… #converting the monthly data into quarterly data 
df_qtr = pd.DataFrame(df_HP.set_index('Date').resample('Q')['Average_Price'].mean()) 
df_qtr 

Out[188…

In [189… #plotting the House Price quarterly data 
sns.set_theme(style="darkgrid") 
plt.figure(figsize=(12,8)) 
sns.lineplot(data = df_qtr, x='Date',y='Average_Price',err_style='bars',color='red') 
plt.title("UK House Price Quarterly Data(1986-2022) ",fontdict={'fontsize':20}) 
plt.xlabel("Year") 
plt.ylabel('House Price') 
plt.show() 

In [190… #since the dataset of loans is from 2007 Q1 till 2022 Q1 ,thus slicing the house price data as well 
start =pd.to_datetime('2006-12-31') 
df_qtr =df_qtr[df_qtr.index>start][:-1] 
df_qtr 

Out[190…

In [191… #joining the dataset of loans into house price 
df_qtr[['Out_Balance','Ar_Balance']]=df_mor[['Loan_Book_Balances_outstanding(Millions)','Arrears_Balances_outst
df_qtr 

Out[191…

In [192… plt.figure(figsize=(12,8)) 
sns.lineplot(data = df_qtr, x='Date',y='Average_Price',err_style='bars',color='red',label='House Price') 
sns.lineplot(data = df_qtr, x='Date',y='Out_Balance',err_style='bars',color='green',label='Outstanding Balance'
plt.title("UK House Price Quarterly Data vs Outstanding Balance(2007-2022) ",fontdict={'fontsize':20}) 
plt.xlabel("Year") 
plt.ylabel('Amount') 
plt.show() 

In [193… #plotting the lag_plots for Bank rate and HP 
fig,axes = plt.subplots(1, 2, figsize=(15, 5)) 
fig.tight_layout() 
lag_plot(df_qtr['Out_Balance'], ax=axes[0]) 
axes[0].set_title('Outstanding Balance') 
lag_plot(df_qtr['Average_Price'], ax=axes[1]) 
axes[1].set_title('Average Price') 
plt.show() 

In [194… # differencing the data 
df1 = df_qtr.copy() 
df_qtr['Out_Balance'] = df_qtr['Out_Balance']- df_qtr['Out_Balance'].shift(1) 
df_qtr['Average_Price'] = df_qtr['Average_Price']- df_qtr['Average_Price'].shift(1) 
df_qtr = df_qtr.dropna() 
df_qtr.head() 

Out[194…

In [195… #plotting the lag_plots for Bank rate and HP 
fig,axes = plt.subplots(1, 2, figsize=(15, 5)) 
fig.tight_layout() 
lag_plot(df_qtr['Out_Balance'], ax=axes[0]) 
axes[0].set_title('Outstanding Balance') 
lag_plot(df_qtr['Average_Price'], ax=axes[1]) 
axes[1].set_title('Average Price') 
plt.show() 

https://www.fca.org.uk/data/mortgage-lending-statistics
https://rishi-a.github.io/2020/05/25/granger-causality.html


ADF Test Statistic : -1.2399652020263805 
p-value : 0.6561718684286324 
#Lags Used : 6 
Number of Observations Used : 53 
weak evidence against null hypothesis, time series has a unit root, indicating it is non-stationary  

ADF Test Statistic : -1.7644808549721533 
p-value : 0.3982330189537936 
#Lags Used : 6 
Number of Observations Used : 53 
weak evidence against null hypothesis, time series has a unit root, indicating it is non-stationary  

We can see from above tests that ADF Null Hypothesis is rejected: thus data is stationary.Moreover , the above
lag plots give confirmation that the data is stationary
Step 2: Let the maximum order of integration for the group of time-series be m. So, if there are two time-series and one is found to be I(1)
and the other is I(2), then m = 2. If one is I(0) and the other is I(1), then m = 1, etc. Result: We saw above that for our case m = 1

Step 3: Set up a VAR model in the levels of the data, regardless of the orders of integration of the various time-series. Most importantly,
you must not difference the data, no matter what you found at Step 1.//

Step 4: Determine the appropriate maximum lag length for the variables in the VAR, say p, using the usual methods. Specifically, base the
choice of p on the usual information criteria, such as AIC, SIC.

Lag Order = 1 
AIC :  33.825561173371256 
BIC :  34.03499562959346 
Lag Order = 2 
AIC :  33.1939311485623 
BIC :  33.54605613905479 
Lag Order = 3 
AIC :  32.93735251853675 
BIC :  33.43470083142726 
Lag Order = 4 
AIC :  32.6379409287026 
BIC :  33.283115013281936 
Lag Order = 5 
AIC :  32.73649753978139 
BIC :  33.532171418284484 
Lag Order = 6 
AIC :  32.14110390394195 
BIC :  33.09002504605185 
Lag Order = 7 
AIC :  32.142771813056754 
BIC :  33.2477629500369 
Lag Order = 8 
AIC :  31.99805415903867 
BIC :  33.26201500924192 
Lag Order = 9 
AIC :  31.965274343407735 
BIC :  33.39118321467878 
Lag Order = 10 
AIC :  31.943893784076977 
BIC :  33.53480901102642 
Lag Order = 11 
AIC :  31.471710760432895 
BIC :  33.23077192542679 
Lag Order = 12 
AIC :  31.54998207412326 
BIC :  33.48041094974635 

Result: The lag-order p = 11 on the basis of Akaike Information Criterion (AIC)

Granger Causality 
number of lags (no zero) 1 
ssr based F test:         F=1.8126  , p=0.1836  , df_denom=56, df_num=1 
ssr based chi2 test:   chi2=1.9097  , p=0.1670  , df=1 
likelihood ratio test: chi2=1.8795  , p=0.1704  , df=1 
parameter F test:         F=1.8126  , p=0.1836  , df_denom=56, df_num=1 
 
Granger Causality 
number of lags (no zero) 2 
ssr based F test:         F=0.3693  , p=0.6930  , df_denom=53, df_num=2 
ssr based chi2 test:   chi2=0.8082  , p=0.6676  , df=2 
likelihood ratio test: chi2=0.8027  , p=0.6694  , df=2 
parameter F test:         F=0.3693  , p=0.6930  , df_denom=53, df_num=2 
 
Granger Causality 
number of lags (no zero) 3 
ssr based F test:         F=1.5875  , p=0.2041  , df_denom=50, df_num=3 
ssr based chi2 test:   chi2=5.4293  , p=0.1429  , df=3 
likelihood ratio test: chi2=5.1860  , p=0.1587  , df=3 
parameter F test:         F=1.5875  , p=0.2041  , df_denom=50, df_num=3 
 
Granger Causality 
number of lags (no zero) 4 
ssr based F test:         F=0.6503  , p=0.6295  , df_denom=47, df_num=4 
ssr based chi2 test:   chi2=3.0993  , p=0.5413  , df=4 
likelihood ratio test: chi2=3.0166  , p=0.5551  , df=4 
parameter F test:         F=0.6503  , p=0.6295  , df_denom=47, df_num=4 
 
Granger Causality 
number of lags (no zero) 5 
ssr based F test:         F=1.2193  , p=0.3161  , df_denom=44, df_num=5 
ssr based chi2 test:   chi2=7.6209  , p=0.1784  , df=5 
likelihood ratio test: chi2=7.1372  , p=0.2106  , df=5 
parameter F test:         F=1.2193  , p=0.3161  , df_denom=44, df_num=5 
 
Granger Causality 
number of lags (no zero) 6 
ssr based F test:         F=0.7999  , p=0.5757  , df_denom=41, df_num=6 
ssr based chi2 test:   chi2=6.3208  , p=0.3882  , df=6 
likelihood ratio test: chi2=5.9774  , p=0.4257  , df=6 
parameter F test:         F=0.7999  , p=0.5757  , df_denom=41, df_num=6 
 
Granger Causality 
number of lags (no zero) 7 
ssr based F test:         F=0.9197  , p=0.5022  , df_denom=38, df_num=7 
ssr based chi2 test:   chi2=8.9793  , p=0.2541  , df=7 
likelihood ratio test: chi2=8.2950  , p=0.3073  , df=7 
parameter F test:         F=0.9197  , p=0.5022  , df_denom=38, df_num=7 
 
Granger Causality 
number of lags (no zero) 8 
ssr based F test:         F=1.4231  , p=0.2215  , df_denom=35, df_num=8 
ssr based chi2 test:   chi2=16.9142 , p=0.0310  , df=8 
likelihood ratio test: chi2=14.6442 , p=0.0664  , df=8 
parameter F test:         F=1.4231  , p=0.2215  , df_denom=35, df_num=8 
 
Granger Causality 
number of lags (no zero) 9 
ssr based F test:         F=1.5907  , p=0.1602  , df_denom=32, df_num=9 
ssr based chi2 test:   chi2=22.8165 , p=0.0066  , df=9 
likelihood ratio test: chi2=18.8576 , p=0.0264  , df=9 
parameter F test:         F=1.5907  , p=0.1602  , df_denom=32, df_num=9 
 
Granger Causality 
number of lags (no zero) 10 
ssr based F test:         F=1.6837  , p=0.1327  , df_denom=29, df_num=10 
ssr based chi2 test:   chi2=29.0297 , p=0.0012  , df=10 
likelihood ratio test: chi2=22.8900 , p=0.0112  , df=10 
parameter F test:         F=1.6837  , p=0.1327  , df_denom=29, df_num=10 
 
Granger Causality 
number of lags (no zero) 11 
ssr based F test:         F=1.7096  , p=0.1269  , df_denom=26, df_num=11 
ssr based chi2 test:   chi2=35.4419 , p=0.0002  , df=11 
likelihood ratio test: chi2=26.6679 , p=0.0052  , df=11 
parameter F test:         F=1.7096  , p=0.1269  , df_denom=26, df_num=11 
{1: ({'ssr_ftest': (1.8126036540852901, 0.18362073716802496, 56.0, 1), 
   'ssr_chi2test': (1.9097074212684304, 0.16699576239712646, 1), 
   'lrtest': (1.8794519308135023, 0.170396452447467, 1), 
   'params_ftest': (1.812603654085283, 0.1836207371680268, 56.0, 1.0)}, 
  [<statsmodels.regression.linear_model.RegressionResultsWrapper at 0x2aeda0edbe0>, 
   <statsmodels.regression.linear_model.RegressionResultsWrapper at 0x2aed9ec0820>, 
   array([[0., 1., 0.]])]), 
 2: ({'ssr_ftest': (0.3692792716081632, 0.6929967553476781, 53.0, 2), 
   'ssr_chi2test': (0.8082338774820176, 0.6675660523706741, 2), 
   'lrtest': (0.8026542561051428, 0.6694310355442078, 2), 
   'params_ftest': (0.36927927160817203, 0.6929967553476741, 53.0, 2.0)}, 
  [<statsmodels.regression.linear_model.RegressionResultsWrapper at 0x2aeda0a4d60>, 
   <statsmodels.regression.linear_model.RegressionResultsWrapper at 0x2aeda0a4d30>, 
   array([[0., 0., 1., 0., 0.], 
          [0., 0., 0., 1., 0.]])]), 
 3: ({'ssr_ftest': (1.5875061910556032, 0.204064214075811, 50.0, 3), 
   'ssr_chi2test': (5.429271173410163, 0.1429307207412319, 3), 
   'lrtest': (5.186030251607463, 0.15867103633152216, 3), 
   'params_ftest': (1.5875061910555932, 0.20406421407581296, 50.0, 3.0)}, 
  [<statsmodels.regression.linear_model.RegressionResultsWrapper at 0x2aeda0ed790>, 
   <statsmodels.regression.linear_model.RegressionResultsWrapper at 0x2aeda0ed970>, 
   array([[0., 0., 0., 1., 0., 0., 0.], 
          [0., 0., 0., 0., 1., 0., 0.], 
          [0., 0., 0., 0., 0., 1., 0.]])]), 
 4: ({'ssr_ftest': (0.6503056516448661, 0.6295082636643949, 47.0, 4), 
   'ssr_chi2test': (3.099329063158511, 0.5413427036898034, 4), 
   'lrtest': (3.016601338420969, 0.5550510599430135, 4), 
   'params_ftest': (0.6503056516448629, 0.629508263664396, 47.0, 4.0)}, 
  [<statsmodels.regression.linear_model.RegressionResultsWrapper at 0x2aeda0f05b0>, 
   <statsmodels.regression.linear_model.RegressionResultsWrapper at 0x2aeda0f07f0>, 
   array([[0., 0., 0., 0., 1., 0., 0., 0., 0.], 
          [0., 0., 0., 0., 0., 1., 0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 1., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 1., 0.]])]), 
 5: ({'ssr_ftest': (1.219349282227344, 0.3160940276275042, 44.0, 5), 
   'ssr_chi2test': (7.620933013920901, 0.17840133162886848, 5), 
   'lrtest': (7.137153659364458, 0.21063823076315075, 5), 
   'params_ftest': (1.2193492822273666, 0.3160940276274943, 44.0, 5.0)}, 
  [<statsmodels.regression.linear_model.RegressionResultsWrapper at 0x2aeda0c1310>, 
   <statsmodels.regression.linear_model.RegressionResultsWrapper at 0x2aeda2b03d0>, 
   array([[0., 0., 0., 0., 0., 1., 0., 0., 0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 1., 0., 0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 1., 0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 1., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 1., 0.]])]), 
 6: ({'ssr_ftest': (0.799856666899458, 0.5756855397500065, 41.0, 6), 
   'ssr_chi2test': (6.3208185384249855, 0.38822763674348754, 6), 
   'lrtest': (5.977435336782605, 0.4257225421705936, 6), 
   'params_ftest': (0.799856666899463, 0.5756855397500023, 41.0, 6.0)}, 
  [<statsmodels.regression.linear_model.RegressionResultsWrapper at 0x2aeda2b0610>, 
   <statsmodels.regression.linear_model.RegressionResultsWrapper at 0x2aeda2b02e0>, 
   array([[0., 0., 0., 0., 0., 0., 1., 0., 0., 0., 0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 1., 0., 0., 0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 1., 0., 0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 1., 0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 1., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 1., 0.]])]), 
 7: ({'ssr_ftest': (0.9197176434352683, 0.5022100659327848, 38.0, 7), 
   'ssr_chi2test': (8.979348571433805, 0.25414213943620895, 7), 
   'lrtest': (8.294994407821832, 0.3073017364702035, 7), 
   'params_ftest': (0.9197176434352634, 0.502210065932789, 38.0, 7.0)}, 
  [<statsmodels.regression.linear_model.RegressionResultsWrapper at 0x2aeda2b0a00>, 
   <statsmodels.regression.linear_model.RegressionResultsWrapper at 0x2aeda2b0910>, 
   array([[0., 0., 0., 0., 0., 0., 0., 1., 0., 0., 0., 0., 0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 1., 0., 0., 0., 0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 1., 0., 0., 0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 1., 0., 0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 1., 0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 1., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 1., 0.]])]), 
 8: ({'ssr_ftest': (1.423071099815329, 0.2215257302590751, 35.0, 8), 
   'ssr_chi2test': (16.914216500662192, 0.03101483552814374, 8), 
   'lrtest': (14.64417621846951, 0.0664448731983788, 8), 
   'params_ftest': (1.423071099815361, 0.22152573025906247, 35.0, 8.0)}, 
  [<statsmodels.regression.linear_model.RegressionResultsWrapper at 0x2aeda2b0cd0>, 
   <statsmodels.regression.linear_model.RegressionResultsWrapper at 0x2aeda2b03a0>, 
   array([[0., 0., 0., 0., 0., 0., 0., 0., 1., 0., 0., 0., 0., 0., 0., 0., 
           0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 1., 0., 0., 0., 0., 0., 0., 
           0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 1., 0., 0., 0., 0., 0., 
           0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 1., 0., 0., 0., 0., 
           0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 1., 0., 0., 0., 
           0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 1., 0., 0., 
           0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 1., 0., 
           0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 1., 
           0.]])]), 
 9: ({'ssr_ftest': (1.5906934508138169, 0.16022042722871963, 32.0, 9), 
   'ssr_chi2test': (22.816509185110686, 0.006621829774947346, 9), 
   'lrtest': (18.857595553553665, 0.026431325366399524, 9), 
   'params_ftest': (1.5906934508127692, 0.16022042722903979, 32.0, 9.0)}, 
  [<statsmodels.regression.linear_model.RegressionResultsWrapper at 0x2aeda2b0c10>, 
   <statsmodels.regression.linear_model.RegressionResultsWrapper at 0x2aeda2b0ee0>, 
   array([[0., 0., 0., 0., 0., 0., 0., 0., 0., 1., 0., 0., 0., 0., 0., 0., 
           0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 1., 0., 0., 0., 0., 0., 
           0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 1., 0., 0., 0., 0., 
           0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 1., 0., 0., 0., 
           0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 1., 0., 0., 
           0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 1., 0., 
           0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 1., 
           0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 
           1., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 
           0., 1., 0.]])]), 
 10: ({'ssr_ftest': (1.6837227862866957, 0.13271850690180956, 29.0, 10), 
   'ssr_chi2test': (29.029703211839582, 0.001232322331731564, 10), 
   'lrtest': (22.890038319781297, 0.011159823552724301, 10), 
   'params_ftest': (1.6837227862877149, 0.13271850690154433, 29.0, 10.0)}, 
  [<statsmodels.regression.linear_model.RegressionResultsWrapper at 0x2aeda2b0fd0>, 
   <statsmodels.regression.linear_model.RegressionResultsWrapper at 0x2aeda2ca190>, 
   array([[0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 1., 0., 0., 0., 0., 0., 
           0., 0., 0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 1., 0., 0., 0., 0., 
           0., 0., 0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 1., 0., 0., 0., 
           0., 0., 0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 1., 0., 0., 
           0., 0., 0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 1., 0., 
           0., 0., 0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 1., 
           0., 0., 0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 
           1., 0., 0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 
           0., 1., 0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 
           0., 0., 1., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 
           0., 0., 0., 1., 0.]])]), 
 11: ({'ssr_ftest': (1.7096256038622808, 0.12687758398244703, 26.0, 11), 
   'ssr_chi2test': (35.44185386468344, 0.00020945616915490106, 11), 
   'lrtest': (26.667901092791908, 0.005156428596696458, 11), 
   'params_ftest': (1.7096256038615878, 0.12687758398262, 26.0, 11.0)}, 
  [<statsmodels.regression.linear_model.RegressionResultsWrapper at 0x2aeda2caee0>, 
   <statsmodels.regression.linear_model.RegressionResultsWrapper at 0x2aeda2caa00>, 
   array([[0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 1., 0., 0., 0., 0., 
           0., 0., 0., 0., 0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 1., 0., 0., 0., 
           0., 0., 0., 0., 0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 1., 0., 0., 
           0., 0., 0., 0., 0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 1., 0., 
           0., 0., 0., 0., 0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 1., 
           0., 0., 0., 0., 0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 
           1., 0., 0., 0., 0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 
           0., 1., 0., 0., 0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 
           0., 0., 1., 0., 0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 
           0., 0., 0., 1., 0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 
           0., 0., 0., 0., 1., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 
           0., 0., 0., 0., 0., 1., 0.]])])}

The F test statistic turns out to be 1.7096 and the corresponding p-value is 0.1269 for lag=11

Since the p-value is more than .05,we can accept the null hypothesis of the test and conclude that knowing the
Outstanding Loans is not useful for predicting the future House Prices

Trying reverse check

Granger Causality 
number of lags (no zero) 1 
ssr based F test:         F=6.5854  , p=0.0130  , df_denom=56, df_num=1 
ssr based chi2 test:   chi2=6.9382  , p=0.0084  , df=1 
likelihood ratio test: chi2=6.5597  , p=0.0104  , df=1 
parameter F test:         F=6.5854  , p=0.0130  , df_denom=56, df_num=1 
 
Granger Causality 
number of lags (no zero) 2 
ssr based F test:         F=6.1703  , p=0.0039  , df_denom=53, df_num=2 
ssr based chi2 test:   chi2=13.5047 , p=0.0012  , df=2 
likelihood ratio test: chi2=12.1406 , p=0.0023  , df=2 
parameter F test:         F=6.1703  , p=0.0039  , df_denom=53, df_num=2 
 
Granger Causality 
number of lags (no zero) 3 
ssr based F test:         F=4.7081  , p=0.0057  , df_denom=50, df_num=3 
ssr based chi2 test:   chi2=16.1018 , p=0.0011  , df=3 
likelihood ratio test: chi2=14.1817 , p=0.0027  , df=3 
parameter F test:         F=4.7081  , p=0.0057  , df_denom=50, df_num=3 
 
Granger Causality 
number of lags (no zero) 4 
ssr based F test:         F=3.6058  , p=0.0121  , df_denom=47, df_num=4 
ssr based chi2 test:   chi2=17.1849 , p=0.0018  , df=4 
likelihood ratio test: chi2=14.9877 , p=0.0047  , df=4 
parameter F test:         F=3.6058  , p=0.0121  , df_denom=47, df_num=4 
 
Granger Causality 
number of lags (no zero) 5 
ssr based F test:         F=2.4211  , p=0.0505  , df_denom=44, df_num=5 
ssr based chi2 test:   chi2=15.1322 , p=0.0098  , df=5 
likelihood ratio test: chi2=13.3677 , p=0.0202  , df=5 
parameter F test:         F=2.4211  , p=0.0505  , df_denom=44, df_num=5 
 
Granger Causality 
number of lags (no zero) 6 
ssr based F test:         F=2.7282  , p=0.0253  , df_denom=41, df_num=6 
ssr based chi2 test:   chi2=21.5593 , p=0.0015  , df=6 
likelihood ratio test: chi2=18.1404 , p=0.0059  , df=6 
parameter F test:         F=2.7282  , p=0.0253  , df_denom=41, df_num=6 
 
Granger Causality 
number of lags (no zero) 7 
ssr based F test:         F=2.6852  , p=0.0231  , df_denom=38, df_num=7 
ssr based chi2 test:   chi2=26.2157 , p=0.0005  , df=7 
likelihood ratio test: chi2=21.2998 , p=0.0034  , df=7 
parameter F test:         F=2.6852  , p=0.0231  , df_denom=38, df_num=7 
 
Granger Causality 
number of lags (no zero) 8 
ssr based F test:         F=1.9992  , p=0.0757  , df_denom=35, df_num=8 
ssr based chi2 test:   chi2=23.7622 , p=0.0025  , df=8 
likelihood ratio test: chi2=19.5705 , p=0.0121  , df=8 
parameter F test:         F=1.9992  , p=0.0757  , df_denom=35, df_num=8 
 
Granger Causality 
number of lags (no zero) 9 
ssr based F test:         F=1.4747  , p=0.1995  , df_denom=32, df_num=9 
ssr based chi2 test:   chi2=21.1527 , p=0.0120  , df=9 
likelihood ratio test: chi2=17.6949 , p=0.0389  , df=9 
parameter F test:         F=1.4747  , p=0.1995  , df_denom=32, df_num=9 
 
Granger Causality 
number of lags (no zero) 10 
ssr based F test:         F=1.1655  , p=0.3521  , df_denom=29, df_num=10 
ssr based chi2 test:   chi2=20.0953 , p=0.0284  , df=10 
likelihood ratio test: chi2=16.8916 , p=0.0768  , df=10 
parameter F test:         F=1.1655  , p=0.3521  , df_denom=29, df_num=10 
 
Granger Causality 
number of lags (no zero) 11 
ssr based F test:         F=1.3518  , p=0.2532  , df_denom=26, df_num=11 
ssr based chi2 test:   chi2=28.0249 , p=0.0032  , df=11 
likelihood ratio test: chi2=22.1631 , p=0.0231  , df=11 
parameter F test:         F=1.3518  , p=0.2532  , df_denom=26, df_num=11 
{1: ({'ssr_ftest': (6.5854448398302265, 0.012983817483576118, 56.0, 1), 
   'ssr_chi2test': (6.938236527678273, 0.008437225436222471, 1), 
   'lrtest': (6.559681937627374, 0.010431500964808604, 1), 
   'params_ftest': (6.585444839830196, 0.012983817483576321, 56.0, 1.0)}, 
  [<statsmodels.regression.linear_model.RegressionResultsWrapper at 0x2aeda0f0b20>, 
   <statsmodels.regression.linear_model.RegressionResultsWrapper at 0x2aeda09ec10>, 
   array([[0., 1., 0.]])]), 
 2: ({'ssr_ftest': (6.1702575633462375, 0.0038991762192021463, 53.0, 2), 
   'ssr_chi2test': (13.504714666946484, 0.0011681227178144613, 2), 
   'lrtest': (12.140581829894472, 0.0023105009535590655, 2), 
   'params_ftest': (6.170257563346023, 0.0038991762192028393, 53.0, 2.0)}, 
  [<statsmodels.regression.linear_model.RegressionResultsWrapper at 0x2aeda0f0c70>, 
   <statsmodels.regression.linear_model.RegressionResultsWrapper at 0x2aeda2c6100>, 
   array([[0., 0., 1., 0., 0.], 
          [0., 0., 0., 1., 0.]])]), 
 3: ({'ssr_ftest': (4.708122225163655, 0.005689224763593615, 50.0, 3), 
   'ssr_chi2test': (16.1017780100597, 0.0010807798169014205, 3), 
   'lrtest': (14.181681031679545, 0.002667999932961011, 3), 
   'params_ftest': (4.708122225163776, 0.005689224763592848, 50.0, 3.0)}, 
  [<statsmodels.regression.linear_model.RegressionResultsWrapper at 0x2aeda2c6040>, 
   <statsmodels.regression.linear_model.RegressionResultsWrapper at 0x2aeda2c65e0>, 
   array([[0., 0., 0., 1., 0., 0., 0.], 
          [0., 0., 0., 0., 1., 0., 0.], 
          [0., 0., 0., 0., 0., 1., 0.]])]), 
 4: ({'ssr_ftest': (3.605756216254806, 0.012095961541912875, 47.0, 4), 
   'ssr_chi2test': (17.18488069023567, 0.0017794249638166128, 4), 
   'lrtest': (14.987681013230713, 0.004726835858192697, 4), 
   'params_ftest': (3.605756216254701, 0.012095961541914576, 47.0, 4.0)}, 
  [<statsmodels.regression.linear_model.RegressionResultsWrapper at 0x2aeda2bcd00>, 
   <statsmodels.regression.linear_model.RegressionResultsWrapper at 0x2aeda2c6820>, 
   array([[0., 0., 0., 0., 1., 0., 0., 0., 0.], 
          [0., 0., 0., 0., 0., 1., 0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 1., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 1., 0.]])]), 
 5: ({'ssr_ftest': (2.4211491238475844, 0.05046268369345787, 44.0, 5), 
   'ssr_chi2test': (15.132182024047403, 0.009812226571900905, 5), 
   'lrtest': (13.367672495171746, 0.020166419323311376, 5), 
   'params_ftest': (2.4211491238475826, 0.05046268369345788, 44.0, 5.0)}, 
  [<statsmodels.regression.linear_model.RegressionResultsWrapper at 0x2aeda2c6160>, 
   <statsmodels.regression.linear_model.RegressionResultsWrapper at 0x2aeda09eaf0>, 
   array([[0., 0., 0., 0., 0., 1., 0., 0., 0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 1., 0., 0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 1., 0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 1., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 1., 0.]])]), 
 6: ({'ssr_ftest': (2.7281858882942696, 0.0253194982390619, 41.0, 6), 
   'ssr_chi2test': (21.559322629447394, 0.0014548116755077588, 6), 
   'lrtest': (18.14043769331556, 0.005890652985679399, 6), 
   'params_ftest': (2.728185888294336, 0.02531949823905905, 41.0, 6.0)}, 
  [<statsmodels.regression.linear_model.RegressionResultsWrapper at 0x2aeda2c33d0>, 
   <statsmodels.regression.linear_model.RegressionResultsWrapper at 0x2aeda2c3760>, 
   array([[0., 0., 0., 0., 0., 0., 1., 0., 0., 0., 0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 1., 0., 0., 0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 1., 0., 0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 1., 0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 1., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 1., 0.]])]), 
 7: ({'ssr_ftest': (2.685169946346582, 0.023146270038842457, 38.0, 7), 
   'ssr_chi2test': (26.215738160383736, 0.00046085740671403686, 7), 
   'lrtest': (21.299803222694436, 0.003350863273570627, 7), 
   'params_ftest': (2.68516994634659, 0.023146270038842138, 38.0, 7.0)}, 
  [<statsmodels.regression.linear_model.RegressionResultsWrapper at 0x2aeda2c3670>, 
   <statsmodels.regression.linear_model.RegressionResultsWrapper at 0x2aeda2c3e50>, 
   array([[0., 0., 0., 0., 0., 0., 0., 1., 0., 0., 0., 0., 0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 1., 0., 0., 0., 0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 1., 0., 0., 0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 1., 0., 0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 1., 0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 1., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 1., 0.]])]), 
 8: ({'ssr_ftest': (1.999224210932811, 0.07568693774851468, 35.0, 8), 
   'ssr_chi2test': (23.76220776422998, 0.0025118363729859225, 8), 
   'lrtest': (19.57050531420896, 0.012089033917528082, 8), 
   'params_ftest': (1.9992242109327025, 0.07568693774853019, 35.0, 8.0)}, 
  [<statsmodels.regression.linear_model.RegressionResultsWrapper at 0x2aeda2c31f0>, 
   <statsmodels.regression.linear_model.RegressionResultsWrapper at 0x2aeda2bd580>, 
   array([[0., 0., 0., 0., 0., 0., 0., 0., 1., 0., 0., 0., 0., 0., 0., 0., 
           0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 1., 0., 0., 0., 0., 0., 0., 
           0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 1., 0., 0., 0., 0., 0., 
           0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 1., 0., 0., 0., 0., 
           0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 1., 0., 0., 0., 
           0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 1., 0., 0., 
           0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 1., 0., 
           0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 1., 
           0.]])]), 
 9: ({'ssr_ftest': (1.474700767068744, 0.19954933386775872, 32.0, 9), 
   'ssr_chi2test': (21.152739127642295, 0.01198923384286289, 9), 
   'lrtest': (17.694940422222658, 0.038882326059164925, 9), 
   'params_ftest': (1.474700767069113, 0.19954933386762028, 32.0, 9.0)}, 
  [<statsmodels.regression.linear_model.RegressionResultsWrapper at 0x2aeda2bd670>, 
   <statsmodels.regression.linear_model.RegressionResultsWrapper at 0x2aeda2bd700>, 
   array([[0., 0., 0., 0., 0., 0., 0., 0., 0., 1., 0., 0., 0., 0., 0., 0., 
           0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 1., 0., 0., 0., 0., 0., 
           0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 1., 0., 0., 0., 0., 
           0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 1., 0., 0., 0., 
           0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 1., 0., 0., 
           0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 1., 0., 
           0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 1., 
           0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 
           1., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 
           0., 1., 0.]])]), 
 10: ({'ssr_ftest': (1.1655268456684227, 0.3521397483054272, 29.0, 10), 
   'ssr_chi2test': (20.095290442559012, 0.028364174745327382, 10), 
   'lrtest': (16.8916301469892, 0.0767965869262592, 10), 
   'params_ftest': (1.165526845668418, 0.3521397483054298, 29.0, 10.0)}, 
  [<statsmodels.regression.linear_model.RegressionResultsWrapper at 0x2aeda0e2d00>, 
   <statsmodels.regression.linear_model.RegressionResultsWrapper at 0x2aeda0e2670>, 
   array([[0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 1., 0., 0., 0., 0., 0., 
           0., 0., 0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 1., 0., 0., 0., 0., 
           0., 0., 0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 1., 0., 0., 0., 
           0., 0., 0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 1., 0., 0., 
           0., 0., 0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 1., 0., 
           0., 0., 0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 1., 
           0., 0., 0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 
           1., 0., 0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 
           0., 1., 0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 
           0., 0., 1., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 
           0., 0., 0., 1., 0.]])]), 
 11: ({'ssr_ftest': (1.351849957977892, 0.2531967271920684, 26.0, 11), 
   'ssr_chi2test': (28.02488951346476, 0.0032090465977463786, 11), 
   'lrtest': (22.163107285389856, 0.023139643967026603, 11), 
   'params_ftest': (1.3518499579778187, 0.2531967271921033, 26.0, 11.0)}, 
  [<statsmodels.regression.linear_model.RegressionResultsWrapper at 0x2aeda2bda30>, 
   <statsmodels.regression.linear_model.RegressionResultsWrapper at 0x2aeda2bda00>, 
   array([[0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 1., 0., 0., 0., 0., 
           0., 0., 0., 0., 0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 1., 0., 0., 0., 
           0., 0., 0., 0., 0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 1., 0., 0., 
           0., 0., 0., 0., 0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 1., 0., 
           0., 0., 0., 0., 0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 1., 
           0., 0., 0., 0., 0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 
           1., 0., 0., 0., 0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 
           0., 1., 0., 0., 0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 
           0., 0., 1., 0., 0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 
           0., 0., 0., 1., 0., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 
           0., 0., 0., 0., 1., 0., 0.], 
          [0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 0., 
           0., 0., 0., 0., 0., 1., 0.]])])}

Since the p-value is more than .05,we can accept the null hypothesis of the test and conclude
that knowing the Outstanding Loans is not useful for predicting the future House Prices

In [196… #defining a function for dicky fuller test 
def adfuller_test(columns): 
    result=adfuller(columns) 
    labels = ['ADF Test Statistic','p-value','#Lags Used','Number of Observations Used'] 
    for value,label in zip(result,labels): 
        print(label+' : '+str(value) ) 
    if result[1] <= 0.05: 
        print("strong evidence against the null hypothesis(Ho), reject the null hypothesis. Data has no unit ro
    else: 
        print("weak evidence against null hypothesis, time series has a unit root, indicating it is non-station

In [197… #applying Dickey Fuller test on loans 
adfuller_test(df_qtr['Out_Balance']) 

In [198… #applying Dickey Fuller test on House Prices 
adfuller_test(df_qtr['Average_Price']) 

In [199… # applying VAR model and finding the AIC, BIC 
df1 = df1.dropna() 
model = VAR(df1[['Out_Balance','Average_Price']]) #recall that rawData is w/o difference operation 
for i in range(1,13): 
    result = model.fit(i) 
    try: 
        print('Lag Order =', i) 
        print('AIC : ', result.aic) 
        print('BIC : ', result.bic) 
         
    except: 
        continue 

In [200… #perform Granger-Causality test  
grangercausalitytests(df_qtr[['Average_Price','Out_Balance']], maxlag=11) 

Out[200…

In [201… #perform Granger-Causality test  
grangercausalitytests(df_qtr[['Out_Balance','Average_Price']], maxlag=11) 

Out[201…

In [ ]:   

In [ ]:   

In [ ]:   



Hypothesis VI: Stock Market vs House Price Index

[*********************100%***********************]  1 of 1 completed 

(204, 6)

Open High Low Close Adj Close Volume

Date

2005-01-01 2410.850098 2449.860107 2393.300049 2441.219971 2441.219971 0

2005-02-01 2441.270020 2543.479980 2441.270020 2495.459961 2495.459961 0

2005-03-01 2495.459961 2529.159912 2452.340088 2457.729980 2457.729980 0

2005-04-01 2457.729980 2504.800049 2385.709961 2397.050049 2397.050049 0

2005-05-01 2397.129883 2497.510010 2397.129883 2483.350098 2483.350098 0

Open         float64 
High         float64 
Low          float64 
Close        float64 
Adj Close    float64 
Volume         int64 
dtype: object

Adj Close

Date

2005-01-01 2441.219971

2005-02-01 2495.459961

2005-03-01 2457.729980

2005-04-01 2397.050049

2005-05-01 2483.350098

C:\Users\hp\AppData\Local\Temp/ipykernel_20796/1674755348.py:1: SettingWithCopyWarning:  
A value is trying to be set on a copy of a slice from a DataFrame. 
Try using .loc[row_indexer,col_indexer] = value instead 
 
See the caveats in the documentation: https://pandas.pydata.org/pandas-docs/stable/user_guide/indexing.html#ret
urning-a-view-versus-a-copy 
  df_stock['12m_change'] = df_stock.pct_change(periods=12) 

Adj Close 12m_change

Date

2005-01-01 2441.219971 NaN

2005-02-01 2495.459961 NaN

2005-03-01 2457.729980 NaN

2005-04-01 2397.050049 NaN

2005-05-01 2483.350098 NaN

... ... ...

2021-08-01 4109.959961 0.229629

2021-09-01 4058.959961 0.236639

2021-10-01 4129.160156 0.310316

2021-11-01 4025.870117 0.136330

2021-12-01 4208.020020 0.145467

204 rows × 2 columns

Date Index 12m%Change

0 2004-01-01 40.864214 NaN

1 2004-01-02 40.856757 NaN

2 2004-01-03 41.780317 NaN

3 2004-01-04 42.184780 NaN

4 2004-01-05 43.208353 NaN

... ... ... ...

134824 2021-01-08 138.076091 9.951090

134825 2021-01-09 144.346220 14.390502

134826 2021-01-10 139.046606 8.590378

134827 2021-01-11 141.961093 8.510908

134828 2021-01-12 144.583017 9.793483

134829 rows × 3 columns

Index 12m%Change

Date

1968-01-04 1.987761 NaN

1968-01-05 1.987761 NaN

1968-01-06 1.987761 NaN

1968-01-07 2.040551 NaN

1968-01-08 2.040551 NaN

... ... ...

2021-01-08 136.318513 10.393528

2021-01-09 137.304337 10.145492

2021-01-10 139.442037 10.848571

2021-01-11 141.162944 11.214669

2021-01-12 141.910027 10.887216

645 rows × 2 columns

Index 12m%Change

Date

2006-01-01 85.943123 5.505685

2006-01-02 85.978339 6.023725

2006-01-03 86.181003 6.289991

2006-01-04 87.359124 6.721187

2006-01-05 88.432401 6.869807

... ... ...

2021-01-08 136.318513 10.393528

2021-01-09 137.304337 10.145492

2021-01-10 139.442037 10.848571

2021-01-11 141.162944 11.214669

2021-01-12 141.910027 10.887216

192 rows × 2 columns

C:\Users\hp\AppData\Local\Temp/ipykernel_20796/1852874333.py:3: SettingWithCopyWarning:  
A value is trying to be set on a copy of a slice from a DataFrame. 
Try using .loc[row_indexer,col_indexer] = value instead 
 
See the caveats in the documentation: https://pandas.pydata.org/pandas-docs/stable/user_guide/indexing.html#ret
urning-a-view-versus-a-copy 
  df_grouped['Date'] = df_grouped['Date'].dt.strftime('%Y-%d-%m') 

C:\Users\hp\anaconda3\lib\site-packages\pandas\core\frame.py:3641: SettingWithCopyWarning:  
A value is trying to be set on a copy of a slice from a DataFrame. 
Try using .loc[row_indexer,col_indexer] = value instead 
 
See the caveats in the documentation: https://pandas.pydata.org/pandas-docs/stable/user_guide/indexing.html#ret
urning-a-view-versus-a-copy 
  self[k1] = value[k2] 

Index 12m%Change stock_price 12m_change_stock

Date

2006-01-01 85.943123 5.505685 2928.560059 0.199630

2006-02-01 85.978339 6.023725 2956.120117 0.184599

2006-03-01 86.181003 6.289991 3047.959961 0.240152

2006-04-01 87.359124 6.721187 3074.260010 0.282518

2006-05-01 88.432401 6.869807 2916.850098 0.174563

... ... ... ... ...

2021-08-01 136.318513 10.393528 4109.959961 0.229629

2021-09-01 137.304337 10.145492 4058.959961 0.236639

2021-10-01 139.442037 10.848571 4129.160156 0.310316

2021-11-01 141.162944 11.214669 4025.870117 0.136330

2021-12-01 141.910027 10.887216 4208.020020 0.145467

192 rows × 4 columns

Checking relationship between 12 month percentage change

<AxesSubplot:title={'center':'Plotting 12m %change between HPI and FTSE Stock'}, xlabel='Date'>

12m%Change 12m_change_stock

12m%Change 1.000000 0.581861

12m_change_stock 0.581861 1.000000

Text(0, 0.5, 'Stock')

The slope of the regression line is:  0.02 

Cross correlation Function
Cross correlation is a way to measure the degree of similarity between a time series and a lagged version of another time series.

This type of correlation is useful to calculate because it can tell us if the values of one time series are predictive of the future values of
another time series. In other words, it can tell us if one time series is a leading indicator for another time series.

array([ 0.58186145,  0.53065811,  0.4653062 ,  0.38683361,  0.29951717, 
        0.2078333 ,  0.11595235,  0.02558685, -0.06048453, -0.14128062, 
       -0.21546138, -0.27952549, -0.33369477, -0.37953069, -0.41504219, 
       -0.44184856, -0.45845478, -0.46961768, -0.47292798, -0.46860857, 
       -0.45725494, -0.43685247, -0.41048138, -0.37658422, -0.33641226, 
       -0.28866215, -0.23733111, -0.18297252, -0.13063434, -0.07870477, 
       -0.0274309 ,  0.02083362,  0.06302266,  0.09993237,  0.13287632, 
        0.15772804,  0.17425013,  0.18133418,  0.18059297,  0.17196931, 
        0.1581168 ,  0.13808712,  0.11191173,  0.07940318,  0.0433899 , 
        0.00400336, -0.03650098, -0.07566137, -0.11312533, -0.14632779, 
       -0.17528244, -0.19724703, -0.21083391, -0.2164104 , -0.21592552, 
       -0.20930215, -0.19630738, -0.18087066, -0.16438383, -0.14634539, 
       -0.1264883 , -0.10868407, -0.09288432, -0.08075829, -0.07151349, 
       -0.06459588, -0.05844607, -0.05018603, -0.03947942, -0.02522884, 
       -0.0095355 ,  0.00993595,  0.03101779,  0.05548804,  0.0828801 , 
        0.11443472,  0.14716572,  0.18007979,  0.21018245,  0.23591617, 
        0.25543591,  0.2674044 ,  0.27338334,  0.27107111,  0.26244983, 
        0.24601461,  0.22348224,  0.1943751 ,  0.16096062,  0.12286813, 
        0.08371778,  0.043463  ,  0.00493991, -0.03065529, -0.06211509, 
       -0.08876387, -0.11049864, -0.1255562 , -0.13669047, -0.14150916, 
       -0.14212   , -0.13699924, -0.12776282, -0.11330214, -0.09690583, 
       -0.07805755, -0.05775459, -0.03719798, -0.01433663,  0.00677601, 
        0.02813215,  0.04596795,  0.06022372,  0.07039848,  0.07723106, 
        0.07975642,  0.07939018,  0.07633156,  0.06960149,  0.06211464, 
        0.05223044,  0.04450688,  0.03889516,  0.03708535,  0.04163807, 
        0.0520377 ,  0.06809647,  0.08933312,  0.11383632,  0.14037008, 
        0.16877756,  0.19616295,  0.21993089,  0.23875598,  0.25045593, 
        0.25389471,  0.24755581,  0.23005172,  0.20319728,  0.16708424, 
        0.12358969,  0.0760876 ,  0.02659309, -0.0220635 , -0.06921391, 
       -0.11311758, -0.15213405, -0.18513066, -0.21196212, -0.23057988, 
       -0.24253508, -0.24781846, -0.24510179, -0.23772604, -0.22589292, 
       -0.21122939, -0.19315111, -0.17466834, -0.15483879, -0.13411649, 
       -0.11324806, -0.09232855, -0.07249307, -0.05319551, -0.0361414 , 
       -0.02081652, -0.00750727,  0.00305534,  0.0116624 ,  0.02018347, 
        0.02785343,  0.03527622,  0.04076194,  0.04377455,  0.04618433, 
        0.04801486,  0.04860101,  0.04904793,  0.04901864,  0.04765385, 
        0.04595232,  0.04379559,  0.04032445,  0.03444375,  0.02930478, 
        0.0250354 ,  0.02099433,  0.01631142,  0.01201455,  0.00775119, 
        0.00332114,  0.00154131])

Checking the relationship between the actual values

<AxesSubplot:title={'center':'Plotting HPI and FTSE Stock'}, xlabel='Date'>

Index stock_price

Index 1.000000 0.770861

stock_price 0.770861 1.000000

array([ 0.77086053,  0.74730546,  0.7231462 ,  0.69929122,  0.67539481, 
        0.64900091,  0.62334213,  0.59780914,  0.5732612 ,  0.5490662 , 
        0.52595665,  0.50316913,  0.48240387,  0.46261196,  0.4443779 , 
        0.4287249 ,  0.41537202,  0.4041194 ,  0.3939091 ,  0.38390703, 
        0.37447349,  0.36676098,  0.36134047,  0.35445331,  0.34839327, 
        0.33991299,  0.33267102,  0.32516662,  0.31984141,  0.31440431, 
        0.30666947,  0.29792074,  0.29014673,  0.27702898,  0.26028305, 
        0.24181335,  0.22344699,  0.20267502,  0.1798304 ,  0.15687073, 
        0.13542196,  0.11410628,  0.09103414,  0.06968551,  0.04989547, 
        0.03094089,  0.01164034, -0.007102  , -0.02426888, -0.04200334, 
       -0.05769773, -0.07052029, -0.08333756, -0.09770696, -0.11309076, 
       -0.12561616, -0.13750672, -0.14707508, -0.15536931, -0.16440987, 
       -0.17068028, -0.17686356, -0.18184582, -0.18719967, -0.19159157, 
       -0.19622878, -0.201211  , -0.20654732, -0.21419238, -0.22334641, 
       -0.2298667 , -0.23645294, -0.24280488, -0.24805882, -0.25151583, 
       -0.2549746 , -0.2587333 , -0.26480115, -0.26952753, -0.27380786, 
       -0.27797707, -0.28274655, -0.28787612, -0.29388942, -0.30043562, 
       -0.30585799, -0.3111553 , -0.3165963 , -0.32235292, -0.32719144, 
       -0.33418738, -0.33805845, -0.34274309, -0.34641996, -0.34762067, 
       -0.34927599, -0.34956534, -0.35085413, -0.34944593, -0.34834062, 
       -0.34592477, -0.34211673, -0.33794448, -0.33291526, -0.32682154, 
       -0.32133987, -0.31592794, -0.30952316, -0.30373185, -0.29744705, 
       -0.28957067, -0.28281519, -0.27517797, -0.26719476, -0.26178423, 
       -0.25537082, -0.25162811, -0.2489996 , -0.24482159, -0.24109998, 
       -0.2390489 , -0.23918845, -0.23977633, -0.23998582, -0.23968081, 
       -0.2389032 , -0.23644471, -0.23188337, -0.22651776, -0.22030208, 
       -0.21383869, -0.20891338, -0.20274327, -0.19811502, -0.19348302, 
       -0.18960413, -0.18717459, -0.18412319, -0.18334737, -0.18295548, 
       -0.18267854, -0.18275897, -0.18186818, -0.18191478, -0.17991624, 
       -0.17926194, -0.17969088, -0.18026281, -0.17680025, -0.17063942, 
       -0.16347221, -0.154416  , -0.14539682, -0.13487876, -0.12612387, 
       -0.11796687, -0.11160284, -0.1043963 , -0.09659194, -0.08827711, 
       -0.07971268, -0.07364489, -0.06659153, -0.05899934, -0.05363976, 
       -0.04668378, -0.04042939, -0.03378651, -0.02609126, -0.0209112 , 
       -0.02067437, -0.02739817, -0.03261333, -0.03693345, -0.04063881, 
       -0.04572168, -0.05005037, -0.05495666, -0.06099848, -0.06266881, 
       -0.06299781, -0.06348074, -0.06304539, -0.0610588 , -0.05694769, 
       -0.05214021, -0.04698249, -0.04101479, -0.03357824, -0.02626322, 
       -0.01749361, -0.0098156 ])

Notice that the correlation between the two time series becomes less and less positive as the number of lags increases. This tells us that
Stock Market price during a given month is quite predictive of house price index

Text(0, 0.5, 'Stock')

The slope of the regression line is:  27.80 

We can see that Stock market has a positive impact on the House Price Index

Date RegionName AreaCode AveragePrice Index IndexSA 1m%Change 12m%Change AveragePriceSA SalesVolume

0 01/01/2004 Aberdeenshire S12000034 81693.66964 40.864214 NaN NaN NaN NaN 388.0

1 01/02/2004 Aberdeenshire S12000034 81678.76231 40.856757 NaN -0.018248 NaN NaN 326.0

2 01/03/2004 Aberdeenshire S12000034 83525.09702 41.780317 NaN 2.260483 NaN NaN 453.0

3 01/04/2004 Aberdeenshire S12000034 84333.67900 42.184780 NaN 0.968071 NaN NaN 571.0

4 01/05/2004 Aberdeenshire S12000034 86379.95396 43.208353 NaN 2.426403 NaN NaN 502.0

... ... ... ... ... ... ... ... ... ... ...

134824 01/08/2021 Yorkshire and
The Humber E12000003 188016.42450 138.076091 135.074056 4.131720 9.951090 183928.5929 5925.0

134825 01/09/2021 Yorkshire and
The Humber E12000003 196554.37790 144.346220 142.216028 4.541068 14.390502 193653.7235 5744.0

134826 01/10/2021 Yorkshire and
The Humber E12000003 189337.96220 139.046606 137.102525 -3.671460 8.590378 186690.7317 2538.0

134827 01/11/2021 Yorkshire and
The Humber E12000003 193306.58140 141.961093 139.622055 2.096050 8.510908 190121.5441 NaN

134828 01/12/2021 Yorkshire and
The Humber E12000003 196876.82130 144.583017 141.773263 1.846931 9.793483 193050.8152 NaN

134829 rows × 54 columns

In [1]: #importing various libraries 
import pandas as pd 
import yfinance as yf 
import matplotlib.pyplot as plt 
import statsmodels.api as sm 
from scipy import stats 
import seaborn as sns 

In [2]: #downloading the data from yahoo finance 
df_stock=yf.download(tickers='^FTAS',start='2005-01-01',end='2021-12-01',interval="1mo") 

In [3]: #checking the shape 
df_stock.shape 

Out[3]:

In [4]: #printing the top 5 rows  
df_stock.head() 

Out[4]:

In [5]: #checking the dtypes 
df_stock.dtypes 

Out[5]:

In [6]: #picking only the close column  
df_stock = df_stock[['Adj Close']] 
df_stock.head() 

Out[6]:

In [7]: #creating a row of percentage change in 12 months 
df_stock['12m_change'] = df_stock.pct_change(periods=12) 
df_stock 

Out[7]:

In [8]: #dropping the null values 
df_stock = df_stock.dropna() 

In [9]: #plotting a graph of percentage change over time 
plt.plot(df_stock['12m_change']) 
plt.title('12 Month Change of FTSE All Share') 
plt.xlabel("Date") 
plt.ylabel("percentage change") 
plt.show() 

In [10]: #reseting the index of the dataframe 
df_stock.reset_index(inplace=True) 

In [11]: # importing the house price index data 
df_hp = pd.read_csv("UK-HPI-full-file-2021-12.csv") 
df_hp 

Out[11]:

In [12]: #converting the date column into datetime format 
df_hp['Date'] = pd.to_datetime(df_hp['Date']) 

In [13]: #selecting only date, index and percentage change columns 
df_hp = df_hp[['Date','Index','12m%Change']] 
df_hp 

Out[13]:

In [14]: #grouping the dataframe by date and taking the mean 
df_grouped = df_hp.groupby(['Date']).mean() 
df_grouped 

Out[14]:

In [15]: #picking the date from start='2005-12-01',end='2021-12-01' 
start='2005-12-01' 
end='2021-12-01' 
dates = (df_grouped.index > start) & (df_grouped.index <= end) 
df_grouped = df_grouped[dates] 
df_grouped 

Out[15]:

In [16]: #reseting the index 
df_grouped.reset_index(inplace=True) 

In [17]: #changing the date format 
# date in YYYY-MM-DD format 
df_grouped['Date'] = df_grouped['Date'].dt.strftime('%Y-%d-%m') 

In [18]: #copying the dataset columns 
df_grouped[['stock_price','12m_change_stock']]= df_stock[['Adj Close','12m_change']] 

In [19]: #setting the index as date 
df_grouped.set_index('Date',inplace=True) 
df_grouped 

Out[19]:

In [20]: #plotting the percentage changes of both time series 
df_grouped[['12m%Change','12m_change_stock']].plot(title='Plotting 12m %change between HPI and FTSE Stock') 

Out[20]:

In [21]: #checking the correlation between HPI and stock 
df_grouped[['12m%Change','12m_change_stock']].corr() 

Out[21]:

In [22]: #plotting the scatter plot chart 
plt.scatter(df_grouped['12m%Change'],df_grouped['12m_change_stock']) 
plt.xlabel("HPI") 
plt.ylabel('Stock') 
plt.title('Scatter plot for HPI and Stock') 
plt.show() 

In [33]: #using regression plot 
 
plt.figure(figsize=(12,6)) 
 
# Scatterplot with regression lines 
sns.regplot(x='12m%Change', y='12m_change_stock', data=df_grouped,  
            marker='x') 
 
# Aesthetics 
plt.title('Scatterplot for Stock vs HPI with regression lines ') 
plt.xlabel('HPI') 
plt.ylabel('Stock') 

Out[33]:

In [37]: #Slope of regression line 
 
slope, intercept, r_value, p_value, std_err = stats.linregress(df_grouped['12m%Change'],df_grouped['12m_change_
 
print('The slope of the regression line is: ','{:.2f}'.format(slope)) 

In [30]: #calculate cross correlation 
sm.tsa.stattools.ccf(df_grouped['12m_change_stock'],df_grouped['12m%Change'], adjusted=False) 

Out[30]:

In [24]: #plotting the actual values of the series 
df_grouped[['Index','stock_price']].plot(title='Plotting HPI and FTSE Stock') 

Out[24]:

In [25]: #checking the correlation between HPI and stock 
df_grouped[['Index','stock_price']].corr() 

Out[25]:

In [26]: #plotting the scatter plot chart 
plt.scatter(df_grouped['Index'],df_grouped['stock_price']) 
plt.xlabel("HPI") 
plt.ylabel('Stock') 
plt.title('Scatter plot for HPI and Stock') 
plt.show() 

In [29]: #calculate cross correlation 
sm.tsa.stattools.ccf(df_grouped['stock_price'],df_grouped['Index'], adjusted=False) 

Out[29]:

In [38]: #using regression plot 
 
plt.figure(figsize=(12,6)) 
 
# Scatterplot with regression lines 
sns.regplot(x='Index', y='stock_price', data=df_grouped,  
            marker='x') 
 
# Aesthetics 
plt.title('Scatterplot for Stock vs HPI with regression lines ') 
plt.xlabel('HPI') 
plt.ylabel('Stock') 

Out[38]:

In [40]: #Slope of regression line 
 
slope, intercept, r_value, p_value, std_err = stats.linregress(df_grouped['Index'],df_grouped['stock_price']) 
 
print('The slope of the regression line is: ','{:.2f}'.format(slope)) 

In [ ]:   

In [ ]:   

In [ ]:   
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We can see from the above chart that ENGLAND has the highest average house prices , whereas Northern
Ireland has the lowest.

We can see from the above chart , that Northern Ireland has the highest House Price Index.

We can see from the above chart the maximum fluctuations are observed in Northern Ireland.

We can see that England has the highest sales while Northern Ireland has the lowest.

We can see from the above chart that the detached property has the highest price whereas terraced property is
the lowest in England.

We can see from the above chart that the detached property has the highest price whereas Flat property is the
lowest in Scotland.

We can see from the above chart that the detached property has the highest price whereas terraced property is
the lowest in United Kingdom.

We can see from the above chart that the detached property has the highest price whereas Flat property is the
lowest in Wales.

We can see from the above chart that the detached property has the highest price whereas terraced property is
the lowest in Northern Ireland.

We can see that England has the highest mortgage prices while scotland has the lowest.

Plotting the prices over the geographical map

C:\Users\hp\AppData\Local\Temp/ipykernel_17256/1934058786.py:9: SettingWithCopyWarning: 
 
 
A value is trying to be set on a copy of a slice from a DataFrame. 
Try using .loc[row_indexer,col_indexer] = value instead 
 
See the caveats in the documentation: https://pandas.pydata.org/pandas-docs/stable/user_guide/indexing.html#ret
urning-a-view-versus-a-copy 
 
C:\Users\hp\AppData\Local\Temp/ipykernel_17256/1934058786.py:10: SettingWithCopyWarning: 
 
 
A value is trying to be set on a copy of a slice from a DataFrame. 
Try using .loc[row_indexer,col_indexer] = value instead 
 
See the caveats in the documentation: https://pandas.pydata.org/pandas-docs/stable/user_guide/indexing.html#ret
urning-a-view-versus-a-copy 
 

C:\Users\hp\AppData\Local\Temp/ipykernel_17256/3199315468.py:9: SettingWithCopyWarning: 
 
 
A value is trying to be set on a copy of a slice from a DataFrame. 
Try using .loc[row_indexer,col_indexer] = value instead 
 
See the caveats in the documentation: https://pandas.pydata.org/pandas-docs/stable/user_guide/indexing.html#ret
urning-a-view-versus-a-copy 
 
C:\Users\hp\AppData\Local\Temp/ipykernel_17256/3199315468.py:10: SettingWithCopyWarning: 
 
 
A value is trying to be set on a copy of a slice from a DataFrame. 
Try using .loc[row_indexer,col_indexer] = value instead 
 
See the caveats in the documentation: https://pandas.pydata.org/pandas-docs/stable/user_guide/indexing.html#ret
urning-a-view-versus-a-copy 
 

C:\Users\hp\AppData\Local\Temp/ipykernel_17256/965660312.py:9: SettingWithCopyWarning: 
 
 
A value is trying to be set on a copy of a slice from a DataFrame. 
Try using .loc[row_indexer,col_indexer] = value instead 
 
See the caveats in the documentation: https://pandas.pydata.org/pandas-docs/stable/user_guide/indexing.html#ret
urning-a-view-versus-a-copy 
 
C:\Users\hp\AppData\Local\Temp/ipykernel_17256/965660312.py:10: SettingWithCopyWarning: 
 
 
A value is trying to be set on a copy of a slice from a DataFrame. 
Try using .loc[row_indexer,col_indexer] = value instead 
 
See the caveats in the documentation: https://pandas.pydata.org/pandas-docs/stable/user_guide/indexing.html#ret
urning-a-view-versus-a-copy 
 

C:\Users\hp\AppData\Local\Temp/ipykernel_17256/3120937460.py:9: SettingWithCopyWarning: 
 
 
A value is trying to be set on a copy of a slice from a DataFrame. 
Try using .loc[row_indexer,col_indexer] = value instead 
 
See the caveats in the documentation: https://pandas.pydata.org/pandas-docs/stable/user_guide/indexing.html#ret
urning-a-view-versus-a-copy 
 
C:\Users\hp\AppData\Local\Temp/ipykernel_17256/3120937460.py:10: SettingWithCopyWarning: 
 
 
A value is trying to be set on a copy of a slice from a DataFrame. 
Try using .loc[row_indexer,col_indexer] = value instead 
 
See the caveats in the documentation: https://pandas.pydata.org/pandas-docs/stable/user_guide/indexing.html#ret
urning-a-view-versus-a-copy 
 

Date RegionName AreaCode AveragePrice Index IndexSA 1m%Change 12m%Change AveragePriceSA SalesVolume ... New

0 1/1/2004 Aberdeenshire S12000034 81693.66964 40.864214 NaN NaN NaN NaN 388.0 ... 88436.

1 1/2/2004 Aberdeenshire S12000034 81678.76231 40.856757 NaN -0.018248 NaN NaN 326.0 ... 88606.

2 1/3/2004 Aberdeenshire S12000034 83525.09702 41.780317 NaN 2.260483 NaN NaN 453.0 ... 90296.

3 1/4/2004 Aberdeenshire S12000034 84333.67900 42.184780 NaN 0.968071 NaN NaN 571.0 ... 90319.

4 1/5/2004 Aberdeenshire S12000034 86379.95396 43.208353 NaN 2.426403 NaN NaN 502.0 ... 91989.

5 rows × 54 columns

AveragePrice Index IndexSA 1m%Change 12m%Change AveragePriceSA SalesVolume DetachedPrice DetachedIndex

count 1.369340e+05 136934.000000 4599.000000 136491.000000 131894.000000 4599.000000 132435.000000 1.306370e+05 130637.000000

mean 1.679390e+05 81.277471 83.839599 0.577060 6.619196 158460.884039 1216.563499 2.961552e+05 82.775005

std 1.132823e+05 35.083942 32.324541 1.993859 8.926884 82089.189229 7591.577874 2.574826e+05 33.360480

min 2.712016e+03 1.096815 18.312610 -30.297781 -35.786566 40405.313840 2.000000 4.064610e+04 12.494361

25% 9.426384e+04 46.953837 57.519430 -0.425305 1.511545 109592.343300 139.000000 1.640175e+05 52.143149

50% 1.472749e+05 89.003520 90.292480 0.533856 5.635033 148884.457100 214.000000 2.376951e+05 88.512634

75% 2.105152e+05 106.513165 106.852440 1.520537 10.844191 194692.982000 373.000000 3.437461e+05 105.838528

max 1.463378e+06 221.485238 158.076988 35.286646 98.437940 527792.225700 163312.666700 4.232089e+06 197.988967

8 rows × 51 columns

Date AreaCode RegionName Country AveragePrice Index DetachedPrice DetachedIndex SemiDetachedPrice SemiDetachedIndex

0 2022-
01-05 S12000034 Aberdeenshire Scotland 202557.5499 101.321865 291818.5518 103.898171 176281.0867 101.981358

1 2022-
01-05 E07000223 Adur England 374366.8221 149.953080 589634.8687 156.572932 427194.4734 154.299567

2 2022-
01-05 E07000026 Allerdale England 168799.3463 124.578590 255977.2284 129.374073 165069.7650 125.412416

3 2022-
01-05 E07000032 Amber Valley England 212442.2828 147.562038 309674.3669 150.595518 191401.0786 148.138008

4 2022-
01-05 S12000041 Angus Scotland 171135.5138 123.672084 288151.8865 129.609512 181340.2010 126.305327

In [115… #importing various libraries 
import pandas as pd 
import numpy as np 
import matplotlib.pyplot as plt 
import seaborn as sns 
from geopy.geocoders import Nominatim 
import geocoder 
import folium 

In [10]: #importing the dataset 
df = pd.read_csv(r'indices_dataset/UK-HPI-full-file-2022-05_land_registry.csv') 
df.head() 

Out[10]:

In [11]: #describing the dataset ( checking statiscs) 
df.describe() 

Out[11]:

In [12]: #checking the length of dataset 
df.shape 

Out[12]:

In [15]: #creating a separate dataframe which contains the countries data 
df_uk = df[df.RegionName=='United Kingdom'] 
df_scot = df[df.RegionName=='Scotland'] 
df_eng = df[df.RegionName=='England'] 
df_wales= df[df.RegionName=='Wales'] 
df_NI = df[df.RegionName=='Northern Ireland'] 

In [22]: # plotting the average House Price of Different countries over years 
 
sns.set_theme(style="darkgrid") 
plt.figure(figsize=(16,8)) 
sns.lineplot(data = df_uk, x='Date',y='AveragePrice', label='United Kingdom') 
sns.lineplot(data = df_scot, x='Date',y='AveragePrice', label='Scotland') 
sns.lineplot(data = df_eng, x='Date',y='AveragePrice', label='England') 
sns.lineplot(data = df_wales, x='Date',y='AveragePrice', label='Wales') 
sns.lineplot(data = df_NI, x='Date',y='AveragePrice', label='Northern Ireland') 
plt.title("UK Monthly House Price Data(2004-2022) ",fontdict={'fontsize':20}) 
plt.xlabel("Date") 
plt.ylabel('House Price') 
plt.show() 

In [26]: #plotting the House price indexes for all countries in UK. 
 
 
plt.figure(figsize=(16,8)) 
sns.lineplot(data = df_uk, x='Date',y='Index', label='United Kingdom',color='green') 
sns.lineplot(data = df_scot, x='Date',y='Index', label='Scotland',color='yellow') 
sns.lineplot(data = df_eng, x='Date',y='Index', label='England',color='red') 
sns.lineplot(data = df_wales, x='Date',y='Index', label='Wales',color='pink') 
sns.lineplot(data = df_NI, x='Date',y='Index', label='Northern Ireland',color='black') 
plt.title("UK Monthly House Price Index Data(2004-2022) ",fontdict={'fontsize':20}) 
plt.xlabel("Date") 
plt.ylabel('House Price Index') 
plt.show() 

In [28]: #plotting the House price indexes percentage change for all countries in UK. 
 
 
plt.figure(figsize=(16,8)) 
sns.lineplot(data = df_uk, x='Date',y='1m%Change', label='United Kingdom') 
sns.lineplot(data = df_scot, x='Date',y='1m%Change', label='Scotland') 
sns.lineplot(data = df_eng, x='Date',y='1m%Change', label='England') 
sns.lineplot(data = df_wales, x='Date',y='1m%Change', label='Wales') 
sns.lineplot(data = df_NI, x='Date',y='1m%Change', label='Northern Ireland') 
plt.title("UK Monthly House Price Index % Change Data(2004-2022) ",fontdict={'fontsize':20}) 
plt.xlabel("Date") 
plt.ylabel('House Price Index') 
plt.show() 

In [37]: #plotting the average sales volume  
country_name = ['ENGLAND', 'SCOTLAND','WALES','NORTHERN IRELAND','UNITED KINGDOM'] 
sales_lst = [df_eng['SalesVolume'].mean(),df_scot['SalesVolume'].mean(),df_wales['SalesVolume'].mean(), 
             df_NI['SalesVolume'].mean(),df_uk['SalesVolume'].mean()] 
plt.figure(figsize=(12,6)) 
plt.bar(country_name,sales_lst) 
plt.title('Average Sales Volume',fontdict={'fontsize':20}) 
plt.xlabel("Country Name") 
plt.ylabel('Average Volume') 
plt.show() 

In [38]: # plotting the average price of types of properties in United Kingdom 
property_type =['Detached', 'Semi-Detached', 'Terraced','Flat'] 
eng_property = [df_eng['DetachedPrice'].mean(),df_eng['SemiDetachedPrice'].mean(), 
               df_eng['TerracedPrice'].mean(),df_eng['FlatPrice'].mean()] 
plt.figure(figsize=(12,6)) 
plt.bar(property_type,eng_property) 
plt.title('Average Price of different property type in England',fontdict={'fontsize':20}) 
plt.xlabel("Property Type") 
plt.ylabel('Average Price') 
plt.show() 

In [39]: # plotting the average price of types of properties in Scotland 
 
scot_property = [df_scot['DetachedPrice'].mean(),df_scot['SemiDetachedPrice'].mean(), 
               df_scot['TerracedPrice'].mean(),df_scot['FlatPrice'].mean()] 
plt.figure(figsize=(12,6)) 
plt.bar(property_type,scot_property) 
plt.title('Average Price of different property type in Scotland',fontdict={'fontsize':20}) 
plt.xlabel("Property Type") 
plt.ylabel('Average Price') 
plt.show() 

In [40]: # plotting the average price of types of properties in United Kingdom 
 
uk_property = [df_uk['DetachedPrice'].mean(),df_uk['SemiDetachedPrice'].mean(), 
               df_uk['TerracedPrice'].mean(),df_uk['FlatPrice'].mean()] 
plt.figure(figsize=(12,6)) 
plt.bar(property_type,uk_property) 
plt.title('Average Price of different property type in United Kingdom',fontdict={'fontsize':20}) 
plt.xlabel("Property Type") 
plt.ylabel('Average Price') 
plt.show() 

In [41]: # plotting the average price of types of properties in Wales 
 
wales_property = [df_wales['DetachedPrice'].mean(),df_wales['SemiDetachedPrice'].mean(), 
               df_wales['TerracedPrice'].mean(),df_wales['FlatPrice'].mean()] 
plt.figure(figsize=(12,6)) 
plt.bar(property_type,wales_property) 
plt.title('Average Price of different property type in Wales',fontdict={'fontsize':20}) 
plt.xlabel("Property Type") 
plt.ylabel('Average Price') 
plt.show() 

In [42]: # plotting the average price of types of properties in Northern Ireland 
 
ni_property = [df_NI['DetachedPrice'].mean(),df_NI['SemiDetachedPrice'].mean(), 
               df_NI['TerracedPrice'].mean(),df_NI['FlatPrice'].mean()] 
plt.figure(figsize=(12,6)) 
plt.bar(property_type,ni_property) 
plt.title('Average Price of different property type in Northern Ireland',fontdict={'fontsize':20}) 
plt.xlabel("Property Type") 
plt.ylabel('Average Price') 
plt.show() 

In [43]: #plotting mortgage prices among the countries 
 
country_name = ['ENGLAND', 'SCOTLAND','WALES','NORTHERN IRELAND','UNITED KINGDOM'] 
sales_lst = [df_eng['MortgagePrice'].mean(),df_scot['MortgagePrice'].mean(),df_wales['MortgagePrice'].mean(), 
             df_NI['MortgagePrice'].mean(),df_uk['MortgagePrice'].mean()] 
plt.figure(figsize=(12,6)) 
plt.bar(country_name,sales_lst) 
plt.title('Average Mortgage Volume',fontdict={'fontsize':20}) 
plt.xlabel("Country Name") 
plt.ylabel('Average Volume') 
plt.show() 

In [127… #importing the dataset 
df_all = pd.read_excel(r'UK-HPI-full-file-2022-05_land_registry.xlsx',sheet_name='Sheet1') 
df_all.head() 

Out[127…

In [128… #separting the cities as per countries and making different dataframes 
df_e = df_all[df_all.Country=='England'] 
df_w = df_all[df_all.Country=='Wales'] 
df_s = df_all[df_all.Country=='Scotland'] 
df_n = df_all[df_all.Country=='Northern Ireland'] 

In [129… #calling nominatim function 
geolocator = Nominatim(user_agent="UK") 

In [134… #getting the co-ordinates of the cities of england 
lat=[] 
long=[] 
for name in df_e['RegionName']: 
    address = str(name+", England") 
    location = geocoder.arcgis(address) 
    lat.append(location.latlng[0]) 
    long.append(location.latlng[1]) 
df_e['lat']=lat 
df_e['long']=long 

In [135… #getting the co-ordinates of the cities of wales 
lat=[] 
long=[] 
for name in df_w['RegionName']: 
    address = str(name+", Wales") 
    location = geocoder.arcgis(address) 
    lat.append(location.latlng[0]) 
    long.append(location.latlng[1]) 
df_w['lat']=lat 
df_w['long']=long 

In [136… #getting the co-ordinates of the cities of scotland 
lat=[] 
long=[] 
for name in df_s['RegionName']: 
    address = str(name+", Scotland") 
    location = geocoder.arcgis(address) 
    lat.append(location.latlng[0]) 
    long.append(location.latlng[1]) 
df_s['lat']=lat 
df_s['long']=long 

In [137… #getting the co-ordinates of the cities of northern ireland 
lat=[] 
long=[] 
for name in df_n['RegionName']: 
    address = str(name+", Northern Ireland") 
    location = geocoder.arcgis(address) 
    lat.append(location.latlng[0]) 
    long.append(location.latlng[1]) 
df_n['lat']=lat 
df_n['long']=long 

In [141… #plotting a map  
map_UK=folium.Map(location=[53.584797 , -2.438721],zoom_start=6) 
for lat,lng,area,price in zip(df_e['lat'],df_e['long'],df_e['RegionName'],df_e['AveragePrice']): 
    label='Name :{}, Price :£{}'.format(area,price) 
    folium.CircleMarker([lat,lng],color='red',popup=label,fill=True,fill_color='red',fill_opacity=0.6).add_to(m
for lat,lng,area,price in zip(df_w['lat'],df_w['long'],df_w['RegionName'],df_w['AveragePrice']): 
    label='Name :{}, Price :£{}'.format(area,price) 
    folium.CircleMarker([lat,lng],color='Blue',popup=label,fill=True,fill_color='blue',fill_opacity=0.6).add_to
for lat,lng,area,price in zip(df_s['lat'],df_s['long'],df_s['RegionName'],df_s['AveragePrice']): 
    label='Name :{}, Price :£{}'.format(area,price) 
    folium.CircleMarker([lat,lng],color='green',popup=label,fill=True,fill_color='green',fill_opacity=0.6).add_
for lat,lng,area,price in zip(df_n['lat'],df_n['long'],df_n['RegionName'],df_n['AveragePrice']): 
    label='Name :{}, Price :£{}'.format(area,price) 
    folium.CircleMarker([lat,lng],color='yellow',popup=label,fill=True,fill_color='yellow',fill_opacity=0.6).ad
map_UK 

Out[141… Make this Notebook Trusted to load map: File -> Trust Notebook
+

−

Leaflet | Data by © OpenStreetMap, under ODbL.

https://leafletjs.com/
http://openstreetmap.org/
http://www.openstreetmap.org/copyright
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Exploratory Data Analysis on API data

<Response [200]> 

Response is 200 , which tells us our request was successful.

{'status': 'success', 'postcode': 'W14 9JH', 'postcode_type': 'full', 'url': 'https://propertydata.co.uk/draw?i
nput=W14+9JH', 'bedrooms': 2, 'data': {'points_analysed': 20, 'radius': '0.09', 'average': 657495, '70pc_rang
e': [575000, 725000], '80pc_range': [550000, 875000], '90pc_range': [550000, 925000], '100pc_range': [525000, 9
50000], 'raw_data': [{'price': 650000, 'lat': '51.48887000', 'lng': '-0.20776000', 'bedrooms': 2, 'type': 'fla
t', 'distance': '0.00'}, {'price': 575000, 'lat': '51.48884800', 'lng': '-0.20701200', 'bedrooms': 2, 'type': 
'flat', 'distance': '0.03'}, {'price': 615000, 'lat': '51.48851000', 'lng': '-0.20742000', 'bedrooms': 2, 'typ
e': 'flat', 'distance': '0.03'}, {'price': 640000, 'lat': '51.48932000', 'lng': '-0.20804000', 'bedrooms': 2, 
'type': 'flat', 'distance': '0.03'}, {'price': 725000, 'lat': '51.48843100', 'lng': '-0.20775400', 'bedrooms': 
2, 'type': 'flat', 'distance': '0.03'}, {'price': 699950, 'lat': '51.48928000', 'lng': '-0.20793700', 'bedroom
s': 2, 'type': 'flat', 'distance': '0.03'}, {'price': 550000, 'lat': '51.48941000', 'lng': '-0.20832000', 'bedr
ooms': 2, 'type': 'flat', 'distance': '0.04'}, {'price': 600000, 'lat': '51.48813700', 'lng': '-0.20781600', 'b
edrooms': 2, 'type': 'flat', 'distance': '0.05'}, {'price': 925000, 'lat': '51.48948300', 'lng': '-0.20827400', 
'bedrooms': 2, 'type': 'flat', 'distance': '0.05'}, {'price': 650000, 'lat': '51.48824900', 'lng': '-0.2066900
0', 'bedrooms': 2, 'type': 'flat', 'distance': '0.06'}, {'price': 700000, 'lat': '51.48941200', 'lng': '-0.2066
6900', 'bedrooms': 2, 'type': 'flat', 'distance': '0.06'}, {'price': 625000, 'lat': '51.48817000', 'lng': '-0.2
0689500', 'bedrooms': 2, 'type': 'flat', 'distance': '0.06'}, {'price': 645000, 'lat': '51.48822500', 'lng': '-
0.20872100', 'bedrooms': 2, 'type': 'flat', 'distance': '0.06'}, {'price': 675000, 'lat': '51.48877800', 'lng': 
'-0.20643200', 'bedrooms': 2, 'type': 'flat', 'distance': '0.06'}, {'price': 525000, 'lat': '51.48978800', 'ln
g': '-0.20864000', 'bedrooms': 2, 'type': 'flat', 'distance': '0.07'}, {'price': 700000, 'lat': '51.48785100', 
'lng': '-0.20757600', 'bedrooms': 2, 'type': 'flat', 'distance': '0.07'}, {'price': 675000, 'lat': '51.4881990
0', 'lng': '-0.20637900', 'bedrooms': 2, 'type': 'flat', 'distance': '0.08'}, {'price': 875000, 'lat': '51.4881
8700', 'lng': '-0.20931800', 'bedrooms': 2, 'type': 'flat', 'distance': '0.08'}, {'price': 550000, 'lat': '51.4
8891000', 'lng': '-0.20955000', 'bedrooms': 2, 'type': 'flat', 'distance': '0.08'}, {'price': 950000, 'lat': '5
1.48808300', 'lng': '-0.20628500', 'bedrooms': 2, 'type': 'flat', 'distance': '0.09'}]}, 'process_time': '2.1
0'} 

{'north_east':     outcode  avg_price  avg_price_psf  avg_rent avg_yield growth_1y growth_3y  \ 
 0       DH1   244163.1          199.5     201.9      4.3%     -2.9%      7.0%    
 1       DH2   156124.2          148.2     130.2      4.3%     10.3%     12.2%    
 2       DH3   172700.4          173.2     130.5      3.9%    -12.0%     -5.4%    
 3       DH4   167187.7          151.5     127.3      4.0%     -3.7%     -2.9%    
 4       DH5   130662.1          136.5     116.5      4.6%     -5.5%     -2.0%    
 ..      ...        ...            ...       ...       ...       ...       ...    
 212    YO60   543633.0          273.8       NaN      None    -23.8%    -15.0%    
 213    YO61   449382.2          276.1       NaN      None     -8.6%      4.3%    
 214    YO62   369793.7          264.3       NaN      None     13.5%     23.6%    
 215     YO7   307837.7          235.5     184.1      3.1%     -3.6%      7.6%    
 216     YO8   249070.4          223.7     170.3      3.6%     -1.2%      8.3%    
  
     growth_5y  sales_per_month turnover   
 0        9.0%             30.0      21%   
 1       10.6%             21.0      21%   
 2        5.9%             18.0      16%   
 3        1.3%             25.0      19%   
 4       -7.0%             18.0      15%   
 ..        ...              ...      ...   
 212      0.4%              2.0       7%   
 213     12.6%              9.0      14%   
 214     29.8%              8.0      14%   
 215     12.2%             16.0      13%   
 216     17.3%             41.0      27%   
  
 [217 rows x 10 columns], 
 'north_west':     outcode  avg_price  avg_price_psf  avg_rent avg_yield growth_1y growth_3y  \ 
 0       BB1   166661.3          139.9     138.7      4.3%     -3.9%     13.6%    
 1      BB10   150239.9          109.1     115.8      4.0%      6.5%     17.8%    
 2      BB11   109015.3           95.0     105.1      5.0%     16.7%     24.4%    
 3      BB12   177420.7          150.1     120.1      3.5%     -8.5%     16.5%    
 4      BB18   185276.3          142.5     134.9      3.8%      0.4%     16.4%    
 ..      ...        ...            ...       ...       ...       ...       ...    
 298     WN5   176996.8          161.9     151.5      4.5%      6.0%     21.4%    
 299     WN6   212604.7          200.6     160.5      3.9%      0.9%      3.8%    
 300     WN7   166781.5          161.3     150.3      4.7%     -5.0%     13.2%    
 301     WN8   176953.2          160.0     164.0      4.8%     -6.2%     -0.9%    
 302     M50   220151.5          341.6     257.1      6.1%     -2.2%     39.6%    
  
     growth_5y  sales_per_month turnover   
 0       17.8%             36.0      24%   
 1       23.9%             33.0      21%   
 2       40.2%             25.0      24%   
 3       16.7%             37.0      24%   
 4       10.6%             13.0      16%   
 ..        ...              ...      ...   
 298     22.1%             36.0      37%   
 299     17.8%             34.0      43%   
 300     21.4%             43.0      22%   
 301      3.3%             28.0      22%   
 302     23.2%              5.0       3%   
  
 [303 rows x 10 columns], 
 'east_midlands':     outcode  avg_price  avg_price_psf  avg_rent avg_yield growth_1y growth_3y  \ 
 0       DE1   166925.5         178.20     152.4      4.7%     -9.6%      2.3%    
 1      DE11   242013.5         229.55     174.4      3.7%      0.3%     10.7%    
 2      DE12   314516.1         237.50     166.4      2.8%      0.3%      9.3%    
 3      DE13   335195.5         262.30     187.2      2.9%     -1.5%     10.1%    
 4      DE14   181259.5         179.40     153.3      4.4%      1.2%      9.1%    
 ..      ...        ...            ...       ...       ...       ...       ...    
 158     S75   244819.2         190.30     149.8      3.2%     -2.7%      3.4%    
 159      S8   238046.4         239.25     185.0      4.0%     -2.1%      8.6%    
 160     S80   175730.0         159.45     123.4      3.7%     -0.6%     17.4%    
 161     S81   251895.1         180.80     166.9      3.4%      3.3%      8.8%    
 162      S9   142377.0         142.40       NaN      None      9.8%     22.9%    
  
     growth_5y  sales_per_month turnover   
 0       13.9%               12      17%   
 1       20.6%               46      22%   
 2       21.6%               22      27%   
 3       11.9%               34      17%   
 4        9.5%               30      25%   
 ..        ...              ...      ...   
 158     21.6%               42      30%   
 159     22.5%               31      27%   
 160     25.7%               20      16%   
 161     31.6%               33      15%   
 162     35.7%               15      33%   
  
 [163 rows x 10 columns], 
 'west_midlands':     outcode  avg_price  avg_price_psf  avg_rent avg_yield growth_1y growth_3y  \ 
 0        B1   235152.2         345.75     236.4      5.2%      0.1%      0.2%    
 1       B10   202268.8         153.90       NaN      None      6.9%     27.6%    
 2       B11   198979.6         179.70     175.4      4.6%      5.1%     13.2%    
 3       B12   198207.2         199.20     199.6      5.2%     -2.7%     26.3%    
 4       B13   294563.4         249.50     204.2      3.6%     -8.2%     10.4%    
 ..      ...        ...            ...       ...       ...       ...       ...    
 217     WV5   364493.9         267.90       NaN      None     -2.8%      5.9%    
 218     WV6   291788.5         229.80     188.1      3.4%     -6.5%     10.5%    
 219     WV7   355063.8         254.30       NaN      None     21.0%     47.0%    
 220     WV8   327726.4         254.50     234.2      3.7%     -6.5%     14.3%    
 221     WV9   257297.9         240.20       NaN      None     16.0%     34.1%    
  
     growth_5y  sales_per_month turnover   
 0        8.0%              9.0       3%   
 1       43.7%              8.0      19%   
 2       35.0%             19.0      41%   
 3       36.4%              3.0       4%   
 4       23.3%             22.0      23%   
 ..        ...              ...      ...   
 217     13.9%             10.0      22%   
 218     21.4%             26.0      16%   
 219     61.5%              3.0       9%   
 220     30.9%             12.0      22%   
 221     52.6%              6.0      35%   
  
 [222 rows x 10 columns], 
 'east_of_england':     outcode  avg_price  avg_price_psf  avg_rent avg_yield growth_1y growth_3y  \ 
 0       AL1   530173.0         613.15     333.5      3.3%      0.5%     17.6%    
 1      AL10   363455.7         386.80     349.6      5.0%     -1.0%      8.4%    
 2       AL2   599550.8         483.35     299.3      2.6%      0.3%      6.1%    
 3       AL3   625663.6         606.00     396.0      3.3%      1.3%      9.7%    
 4       AL4   681031.4         544.35     318.1      2.4%      2.0%      9.9%    
 ..      ...        ...            ...       ...       ...       ...       ...    
 231     SS5   483386.6         364.10     340.4      3.7%     -0.5%     13.1%    
 232     SS6   439511.9         382.95     312.2      3.7%      3.6%     12.4%    
 233     SS7   442210.6         371.05     257.8      3.0%      3.1%     15.8%    
 234     SS8   342011.9         346.10     230.7      3.5%      9.2%     17.3%    
 235     SS9   454327.5         428.60     273.1      3.1%      6.9%     18.5%    
  
     growth_5y  sales_per_month turnover   
 0        9.1%             37.0      21%   
 1       10.3%             15.0      19%   
 2       11.1%             18.0      16%   
 3       16.9%             20.0      17%   
 4       13.5%             16.0      17%   
 ..        ...              ...      ...   
 231     21.1%             18.0      18%   
 232     20.8%             28.0      24%   
 233     18.7%             40.0      23%   
 234     20.8%             31.0      32%   
 235     29.4%             56.0      25%   
  
 [236 rows x 10 columns], 
 'greater_london':     outcode  avg_price  avg_price_psf  avg_rent avg_yield growth_1y growth_3y  \ 
 0       BR1   481747.7         506.25     340.6      3.7%     -5.8%     11.1%    
 1       BR2   572258.4         514.80     340.0      3.1%     -3.2%      9.2%    
 2       BR3   543353.9         533.80     331.7      3.2%     -6.1%      3.2%    
 3       BR4   715835.7         491.10       NaN      None      5.1%     21.5%    
 4       BR5   478807.1         490.70     345.4      3.8%      0.9%     24.4%    
 ..      ...        ...            ...       ...       ...       ...       ...    
 270     WD3   658019.5         567.30     356.4      2.8%      9.7%     17.4%    
 271     WD4   622975.7         491.10     296.4      2.5%     -5.6%     20.7%    
 272     WD5   536621.1         497.80       NaN      None      2.8%     13.6%    
 273     WD6   477905.2         519.05     339.5      3.7%      1.2%     23.5%    
 274     WD7   913618.1         579.90     514.2      2.9%     22.2%     23.7%    
  
     growth_5y  sales_per_month turnover   
 0        9.9%             50.0      25%   
 1        7.4%             41.0      23%   
 2       -0.1%             44.0      22%   
 3       26.7%             15.0      32%   
 4       25.5%             25.0      20%   
 ..        ...              ...      ...   
 270     17.5%             28.0      17%   
 271      4.0%              8.0      10%   
 272      6.4%              7.0      20%   
 273     17.6%             22.0      19%   
 274     26.5%             10.0      18%   
  
 [275 rows x 10 columns], 
 'south_east':     outcode  avg_price  avg_price_psf  avg_rent avg_yield growth_1y growth_3y  \ 
 0       BN1   482630.3         509.00     347.4      3.7%     -5.8%      9.9%    
 1      BN10   395825.8         339.00     255.4      3.4%      3.7%     15.6%    
 2      BN11   304452.1         358.20     242.7      4.1%     -9.9%     11.6%    
 3      BN12   468757.7         431.45     284.7      3.2%      8.2%     25.7%    
 4      BN13   411139.1         383.90     268.3      3.4%      3.5%     11.7%    
 ..      ...        ...            ...       ...       ...       ...       ...    
 311     TN5   629422.1         386.20       NaN      None    -11.9%      5.7%    
 312     TN6   547117.3         367.00     287.1      2.7%      1.3%     20.9%    
 313     TN7   999117.7         408.50       NaN      None   -100.0%   -100.0%    
 314     TN8   497999.7         408.10       NaN      None     -4.8%     10.0%    
 315     TN9   394248.3         418.10     268.3      3.5%     -7.8%      4.7%    
  
     growth_5y  sales_per_month turnover   
 0       14.4%               71       8%   
 1       23.0%               16      15%   
 2       22.5%               37      23%   
 3       34.9%               23      29%   
 4       16.6%               27      25%   
 ..        ...              ...      ...   
 311      4.9%                7      24%   
 312     20.1%               21      20%   
 313   -100.0%                2      11%   
 314     15.3%               11      20%   
 315      8.9%               21      20%   
  
 [316 rows x 10 columns], 
 'south_west':     outcode  avg_price  avg_price_psf  avg_rent avg_yield growth_1y growth_3y  \ 
 0       BA1   515211.8         448.15     305.0      3.1%     -0.3%      5.2%    
 1      BA10   388690.5         280.70       NaN      None     39.8%     96.1%    
 2      BA11   394495.3         338.35     260.6      3.4%     -0.8%     18.5%    
 3      BA12   365043.9         336.55     223.2      3.2%      3.6%     16.7%    
 4      BA13   324774.5         260.90     200.9      3.2%      0.9%      9.0%    
 ..      ...        ...            ...       ...       ...       ...       ...    
 270     TR5   560833.3         361.90       NaN      None      4.2%     32.8%    
 271     TR6   457968.8         333.10       NaN      None     -9.6%     13.9%    
 272     TR7   382467.9         341.65     224.2      3.0%      6.1%     33.4%    
 273     TR8   340237.1         287.10       NaN      None     -1.8%      6.6%    
 274     TR9   290600.0         232.50       NaN      None     -0.4%     28.7%    
  
     growth_5y  sales_per_month turnover   
 0       13.1%             32.0      16%   
 1       64.2%              3.0      16%   
 2       28.9%             23.0      17%   
 3       26.1%             30.0      29%   
 4       16.6%             22.0      15%   
 ..        ...              ...      ...   
 270     32.1%              5.0      19%   
 271     28.3%              4.0      14%   
 272     44.9%             20.0      16%   
 273     28.7%             11.0      10%   
 274     35.2%              7.0      22%   
  
 [275 rows x 10 columns], 
 'wales':     outcode  avg_price  avg_price_psf  avg_rent avg_yield growth_1y growth_3y  \ 
 0      CF10   191179.2         249.40     227.7      6.2%      0.0%      4.5%    
 1      CF11   241035.3         290.05     240.3      5.2%      0.8%     18.2%    
 2      CF14   351226.1         306.65     242.7      3.6%      7.8%     20.6%    
 3      CF15   371554.0         265.30       NaN      None      5.8%     15.8%    
 4      CF23   353603.0         306.45     242.7      3.6%      1.9%     27.5%    
 ..      ...        ...            ...       ...       ...       ...       ...    
 175     SY5   395348.6         243.30       NaN      None      2.7%     22.3%    
 176     SY6   465336.5         270.90       NaN      None      0.0%     25.7%    
 177     SY7   418178.7         227.90       NaN      None      9.8%     24.8%    
 178     SY8   358226.5         250.80     167.5      2.4%    -14.9%      8.1%    
 179     SY9   348571.1         233.10       NaN      None   -100.0%   -100.0%    
  
     growth_5y  sales_per_month turnover   
 0       10.0%             18.0      15%   
 1       37.4%             34.0      25%   
 2       36.7%             59.0      30%   
 3       20.0%             15.0      31%   
 4       30.5%             35.0      26%   
 ..        ...              ...      ...   
 175     19.7%             15.0      18%   
 176     41.5%              5.0      14%   
 177     37.7%              6.0      10%   
 178      6.4%             12.0      10%   
 179   -100.0%              2.0      15%   
  
 [180 rows x 10 columns], 
 'scotland':     outcode  avg_price  avg_price_psf  avg_rent avg_yield growth_1y growth_3y  \ 
 0      AB10   110448.1          193.9     142.1      6.7%      3.3%     -0.7%    
 1      AB11   100371.4          181.3     132.4      6.9%    -11.7%     -6.7%    
 2      AB12   241096.4          199.2       NaN      None      0.6%     -4.6%    
 3      AB15   327879.3          232.9     297.3      4.7%     -4.4%     -6.8%    
 4      AB16   107772.7          149.2       NaN      None     -1.0%     -8.0%    
 ..      ...        ...            ...       ...       ...       ...       ...    
 303     TD6   226304.4          176.8       NaN      None      None     25.8%    
 304     TD7   184750.0          132.1       NaN      None      None     24.2%    
 305     TD8   223181.8          119.6       NaN      None      None     39.6%    
 306     TD9   101759.2          106.9       NaN      None      None     23.3%    
 307     G75   153042.1          140.5     142.0      4.8%      1.4%      0.3%    
  
     growth_5y  sales_per_month turnover   
 0        None             49.0     104%   
 1        None             44.0      75%   
 2        None             40.0      79%   
 3        None             54.0      67%   
 4        None             25.0      79%   
 ..        ...              ...      ...   
 303      None             10.0      86%   
 304      None              7.0      28%   
 305      None              9.0      56%   
 306      None             27.0      32%   
 307      None             50.0      44%   
  
 [308 rows x 10 columns], 
 'northern_ireland':   outcode  avg_price  avg_price_psf avg_rent avg_yield growth_1y growth_3y  \ 
 0    BT19        NaN              0     None      None      None      None    
 1    BT23   191154.2              0     None      None      None      None    
 2    BT24        NaN              0     None      None      None      None    
 3    BT28   185915.0              0     None      None      None      None    
 4    BT34   209465.0              0     None      None      None      None    
 5    BT35   191179.2              0     None      None      None      None    
 6    BT38   192745.6              0     None      None      None      None    
 7     BT4        NaN              0     None      None      None      None    
 8     BT5        NaN              0     None      None      None      None    
 9     BT6        NaN              0     None      None      None      None    
  
   growth_5y sales_per_month turnover   
 0      None            None        %   
 1      None            None        %   
 2      None            None        %   
 3      None            None        %   
 4      None            None        %   
 5      None            None        %   
 6      None            None        %   
 7      None            None        %   
 8      None            None        %   
 9      None            None        %  }

[227462.599537037, 
 235224.32433333338, 
 247548.39141104312, 
 298845.42850678734, 
 410298.54553191504, 
 598243.173818182, 
 464399.2794303794, 
 388698.70402930374, 
 270287.2359999999, 
 198494.53214285712, 
 194091.8]

We can see from the above chart that the greater london region has the highest average prices amoung all
regions in UK, whereas northern ireland has the lowest.

[167.23034482758626, 
 179.2582159624413, 
 171.43833333333336, 
 198.2769230769231, 
 259.1965116279069, 
 412.9697674418603, 
 290.91729957805904, 
 240.33733333333328, 
 192.64883720930237, 
 187.1318181818182, 
 nan]

We can see from the above chart that the greater london region has the highest average prices amoung all
regions in UK, whereas east midlands has the lowest. Moreover , no data is provided for northern ireland.

[-2.175462962962963, 
 0.835548172757475, 
 0.8803680981595097, 
 0.7790909090909092, 
 -0.04067796610169442, 
 2.051094890510949, 
 0.3724683544303802, 
 -0.7556363636363631, 
 1.8759776536312847, 
 6.815957446808511, 
 nan]

We can see from the above chart that the scotland has the highest average growth in one year time , while north
east region has the lowest.Moreover, northern ireland data was not provided.

[7.508796296296289, 
 14.699003322259134, 
 14.017791411042952, 
 14.17488584474886, 
 10.625000000000004, 
 10.661090909090902, 
 11.846202531645565, 
 14.12956204379562, 
 19.159550561797747, 
 10.082736156351796, 
 nan]

We can see from the above chart that the wales has the highest average growth in three years time , while north
east region has the lowest.Moreover, northern ireland data was not provided.

[13.372685185185185, 
 24.05233333333334, 
 23.444171779141097, 
 23.216289592760173, 
 16.796610169491526, 
 13.964102564102564, 
 16.48006329113924, 
 20.684363636363628, 
 29.11761363636364, 
 10.966666666666667, 
 nan]

We can see from the above chart that the Wales has the highest average growth in five years time , while
scotland region has the lowest.Moreover, northern ireland data was not provided.

dict_keys(['north_east', 'north_west', 'east_midlands', 'west_midlands', 'east_of_england', 'greater_london', 
'south_east', 'south_west', 'wales', 'scotland', 'northern_ireland'])

In [76]: #importing various libraries 
import pandas as pd 
import numpy as np 
import seaborn as sns 
import matplotlib.pyplot as plt 
import json 
import requests 
import time 
from geopy.geocoders import Nominatim 
import geocoder 
import folium 

In [7]: # Connecting to the Property Data API 
# Connect to API and dislay response 
response = requests.get('https://api.propertydata.co.uk/prices?key=FKU1VNNTNJ&postcode=W149JH&bedrooms=2') 
print(response) 

In [6]: # API Key for property data API 
API_KEY ='FKU1VNNTNJ' 

In [8]: # printing the response of the prices with random postcode 
print(response.json()) 

In [122… # making a list of region list 
region_list =[ 'north_east','north_west','east_midlands','west_midlands','east_of_england','greater_london','so
              'south_west','wales','scotland','northern_ireland'] 
reg_eng=['north_east','north_west','east_midlands','west_midlands','east_of_england','greater_london','south_ea
              'south_west'] 

In [ ]: #creating a dataframe of the all regions 
df_list = {name: pd.DataFrame() for name in region_list} 

In [71]: #downloading the data using API calls 
for region_name in region_list: 
    url ='https://api.propertydata.co.uk/postcode-key-stats?key={}&region={}'.format(API_KEY,region_name) 
    response = requests.get(url) 
    data = response.json() 
    records =[] 
    for row in data['data']: 
        records.append(row) 
    df_list[region_name] = pd.DataFrame.from_dict(records, orient='columns') 
    #putting your program to sleep so as to give time for next api call 
    time.sleep(5) 

In [73]: #checking all the dataframes if data is loaded correctly 
df_list 

Out[73]:

In [98]: #calling nominatim function 
geolocator = Nominatim(user_agent="UK") 
#getting the co-ordinates of the cities of england 
for area in df_list: 
    lat=[] 
    long=[] 
    for code in df_list[area].outcode:     
        address = str(code+", United Kingdom") 
        location = geocoder.arcgis(address) 
        lat.append(location.latlng[0]) 
        long.append(location.latlng[1]) 
    df_list[area]['lat']=lat 
    df_list[area]['long']=long 

In [132… #plotting the prices of wales 
#plotting a map  
map_UK=folium.Map(location=[52.1307 , -4.7837],zoom_start=8) 
for lat,lng,area,price in zip(df_list['wales']['lat'],df_list['wales']['long'],df_list['wales']['outcode'],df_l
    label='AreaCode :{}, Price :£{}'.format(area,price) 
    folium.CircleMarker([lat,lng],color='red',popup=label,fill=True,fill_color='red',fill_opacity=0.6).add_to(m
map_UK 

Out[132… Make this Notebook Trusted to load map: File -> Trust Notebook
+

−

Leaflet | Data by © OpenStreetMap, under ODbL.

In [121… #plotting the prices of scotland 
#plotting a map  
map_UK=folium.Map(location=[56.4907 , -4.2026],zoom_start=7) 
for lat,lng,area,price in zip(df_list['scotland']['lat'],df_list['scotland']['long'],df_list['scotland']['outco
    label='AreaCode :{}, Price :£{}'.format(area,price) 
    folium.CircleMarker([lat,lng],color='green',popup=label,fill=True,fill_color='green',fill_opacity=0.6).add_
map_UK 

Out[121… Make this Notebook Trusted to load map: File -> Trust Notebook
+

−

Leaflet | Data by © OpenStreetMap, under ODbL.

In [133… #plotting the prices of england 
#plotting a map  
map_UK=folium.Map(location=[53.3555 , 2.1743],zoom_start=6) 
color_code =[ 'blue', 'green', 'purple', 'orange', 'darkred', 'lightred', 'pink', 'darkblue'] 
for name,color in zip(reg_eng,color_code): 
    for lat,lng,area,price in zip(df_list[name]['lat'],df_list[name]['long'],df_list[name]['outcode'],df_list[n
        label='AreaCode :{}, Price :£{}'.format(area,price) 
        folium.CircleMarker([lat,lng],color=color,popup=label,fill=True,fill_color=color,fill_opacity=0.6).add_
map_UK  

Out[133… Make this Notebook Trusted to load map: File -> Trust Notebook
+

−

Leaflet | Data by © OpenStreetMap, under ODbL.

In [137… #calculating the average prices of the countries 
reg_price =[] 
for reg in region_list: 
    reg_price.append(df_list[reg]['avg_price'].mean()) 
reg_price 

Out[137…

In [142… #plotting the average prices region wise 
plt.figure(figsize=(14,6)) 
sns.barplot(x=region_list,y=reg_price) 
plt.title('Average House Price',fontdict={'fontsize':20}) 
plt.xlabel("Region Name") 
plt.ylabel('Average House Price(in pounds)') 
plt.xticks(rotation = 45) 
plt.show() 

In [146… #calculating the average rents of the regions 
reg_rent =[] 
for reg in region_list: 
    reg_rent.append(df_list[reg]['avg_rent'].mean()) 
reg_rent 

Out[146…

In [147… #plotting the average rents region wise 
plt.figure(figsize=(14,6)) 
sns.barplot(x=region_list,y=reg_rent) 
plt.title('Average House Rent per week(in pounds)',fontdict={'fontsize':20}) 
plt.xlabel("Region Name") 
plt.ylabel('Average House Price') 
plt.xticks(rotation = 45) 
plt.show() 

In [175… #calculating the average rents of the regions 
reg_growth_1 =[] 
for reg in region_list: 
    reg_growth_1.append(df_list[reg]['growth_1y'].str.strip(",%").astype(float).mean()) 
                      
reg_growth_1 

Out[175…

In [176… #plotting the average growth in a year region wise 
fig =plt.figure(figsize=(14,6)) 
sns.barplot(x=region_list,y=reg_growth_1) 
plt.title('Average Growth in 1 year',fontdict={'fontsize':20}) 
plt.xlabel("Region Name") 
plt.ylabel('Average Growth') 
plt.xticks(rotation = 45) 
plt.show() 

In [179… #calculating the average rents of the regions 
reg_growth_2 =[] 
for reg in region_list: 
    reg_growth_2.append(df_list[reg]['growth_3y'].str.strip(",%").astype(float).mean()) 
                      
reg_growth_2 

Out[179…

In [180… #plotting the average growth in a three years region wise 
fig =plt.figure(figsize=(14,6)) 
sns.barplot(x=region_list,y=reg_growth_2) 
plt.title('Average Growth in 3 years',fontdict={'fontsize':20}) 
plt.xlabel("Region Name") 
plt.ylabel('Average Growth in 3 years') 
plt.xticks(rotation = 45) 
plt.show() 

In [181… #calculating the average rents of the regions 
reg_growth_3 =[] 
for reg in region_list: 
    reg_growth_3.append(df_list[reg]['growth_5y'].str.strip(",%").astype(float).mean()) 
                      
reg_growth_3 

Out[181…

In [182… #plotting the average growth in a 5 years region wise 
fig =plt.figure(figsize=(14,6)) 
sns.barplot(x=region_list,y=reg_growth_3) 
plt.title('Average Growth in 5 years',fontdict={'fontsize':20}) 
plt.xlabel("Region Name") 
plt.ylabel('Average Growth in 5 years') 
plt.xticks(rotation = 45) 
plt.show() 

In [184… df_list.keys() 

Out[184…

In [187… with pd.ExcelWriter("all_places.xlsx") as writer: 
    df_list['north_east'].to_excel(writer,sheet_name="north_east")  
    df_list['north_west'].to_excel(writer,sheet_name="north_west") 
    df_list['east_midlands'].to_excel(writer,sheet_name="east_midlands") 
    df_list['west_midlands'].to_excel(writer,sheet_name="west_midlands") 
    df_list['east_of_england'].to_excel(writer,sheet_name="east_of_england") 
    df_list['greater_london'].to_excel(writer,sheet_name="greater_london") 
    df_list['south_east'].to_excel(writer,sheet_name="south_east") 
    df_list['south_west'].to_excel(writer,sheet_name="south_west") 
    df_list['wales'].to_excel(writer,sheet_name="wales") 
    df_list['scotland'].to_excel(writer,sheet_name="scotland") 
    df_list['northern_ireland'].to_excel(writer,sheet_name="northern_ireland") 

In [ ]:   

In [ ]:   

In [ ]:   

In [ ]:   

In [ ]:   

In [ ]:   

In [ ]:   
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http://www.openstreetmap.org/copyright




Comparison of Different Indices
https://www.gov.uk/government/publications/about-the-uk-house-price-index/comparing-house-price-indices-in-the-uk

Source : https://ifs.org.uk/bns/bn146.pdf

There are several major house price indices in the UK. These indices differ both in terms of what they are trying to measure and in terms of
the data on which they are based. We focus on the following five indices, because they all seek to measure the price of housing using
actual sales data and are relatively long-standing; hence, we can evaluate differences in trends in the series over a longer period: 

TOC:
Indices produced by Halifax
Indices produced by the Nationwide Building Society
An index produced by LSL Property Services / Acadata (LSL Acad),which is based on Land Registry data.
The Land Registry house price index, which is based on a complete register of all residential sales in England and Wales

HALIFAX House Price Index Data

Date Price Index

0 2019-01-01 223691 397.8

1 2019-02-01 236800 403.8

2 2019-03-01 233181 402.6

3 2019-04-01 236619 400.3

4 2019-05-01 237837 399.7

Price Index

count 42.000000 42.000000

mean 252375.261905 434.535714

std 18242.371306 32.052357

min 223691.000000 397.800000

25% 237664.000000 406.275000

50% 250163.500000 430.650000

75% 262651.250000 453.150000

max 294845.000000 508.400000

We can see :  
1. The House Price Max is 294,845 and Min is 223,691 with a standard deviation of 18242.37
and mean as 252375.26 
2. Index Max is 508.4 and Min is 397.8 with a standard deviation of 32.052 and mean as
434.53

Date     0 
Price    0 
Index    0 
dtype: int64

Date     datetime64[ns] 
Price             int64 
Index           float64 
dtype: object

The starting date of dataset is : 2019-01-01 00:00:00 
The Ending date of dataset is : 2022-06-01 00:00:00 

Date Price Index %change_HPI %change_Price

0 2019-01-01 223691 397.8 0.000000 0.000000

1 2019-02-01 236800 403.8 0.015083 0.058603

2 2019-03-01 233181 402.6 -0.002972 -0.015283

3 2019-04-01 236619 400.3 -0.005713 0.014744

4 2019-05-01 237837 399.7 -0.001499 0.005148

Nationwide House Price Index Data

Date Average House
Price INDEX Seasonally Adjusted

Index
Monthly % Change

(SA)
Year %

Change
Latest 3 months on previous 3

months

0 1991-01-
01 53051.721106 105.832511 107.127299 NaN NaN NaN

1 1991-02-
01 53496.798746 106.720393 107.494996 0.003432 NaN NaN

2 1991-03-
01 52892.861606 105.515603 106.525649 -0.009018 NaN NaN

3 1991-04-
01 53677.435270 107.080744 107.126622 0.005642 NaN NaN

4 1991-05-
01 54385.726747 108.493710 107.266757 0.001308 NaN NaN

Date Average House Price INDEX

0 1991-01-01 53051.721106 105.832511

1 1991-02-01 53496.798746 106.720393

2 1991-03-01 52892.861606 105.515603

3 1991-04-01 53677.435270 107.080744

4 1991-05-01 54385.726747 108.493710

Average House Price INDEX

count 379.000000 379.000000

mean 139109.281995 277.508143

std 64082.182943 127.837103

min 49601.664241 98.950016

25% 66378.483270 132.417977

50% 158572.967796 316.336115

75% 188502.181703 376.041697

max 271613.044812 541.838982

We can see :  
1. The House Price Max is 271,613 and Min is 49,601 with a standard deviation of 64082.18 and
mean as 139109.28 
2. Index Max is 541.83 and Min is 98.95 with a standard deviation of 127.83 and mean as
277.50

Date                   0 
Average House Price    0 
INDEX                  0 
dtype: int64

Date                   datetime64[ns] 
Average House Price           float64 
INDEX                         float64 
dtype: object

The starting date of dataset is : 1991-01-01 00:00:00 
The Ending date of dataset is : 2022-07-01 00:00:00 

Date Average House Price INDEX %change_HPI %change_Price

0 1991-01-01 53051.721106 105.832511 0.000000 0.000000

1 1991-02-01 53496.798746 106.720393 0.008390 0.008390

2 1991-03-01 52892.861606 105.515603 -0.011289 -0.011289

3 1991-04-01 53677.435270 107.080744 0.014833 0.014833

4 1991-05-01 54385.726747 108.493710 0.013195 0.013195

LSL Acad E&W (Chartered Surveyors) House Price Data

Month Average House Price Index

0 2005-01-01 189930.269310 194.627352

1 2005-02-01 191085.625651 195.719519

2 2005-03-01 190886.853827 195.655161

3 2005-04-01 190951.982629 195.753681

4 2005-05-01 190420.781021 195.194145

... ... ... ...

203 2021-12-01 353619.030454 338.249738

204 2022-01-01 357377.940073 341.845274

205 2022-02-01 366206.760484 350.290369

206 2022-03-01 368853.774168 352.822336

207 2022-04-01 372435.582968 356.248469

208 rows × 3 columns

Average House Price Index

count 208.000000 208.000000

mean 256548.743381 255.690249

std 48198.023179 40.076397

min 189930.269310 194.627352

25% 220525.584800 224.776352

50% 234265.686038 240.139593

75% 303664.547252 292.142244

max 372435.582968 356.248469

We can see :  
1. The House Price Max is 372,435 and Min is 189,930 with a standard deviation of 48,198.02
and mean as 256,548.74 
2. Index Max is 356.24 and Min is 194.62 with a standard deviation of 40.07 and mean as
255.69

Month                   0 
Average House Price     0 
Index                   0 
dtype: int64

Month                   datetime64[ns] 
Average House Price            float64 
Index                          float64 
dtype: object

The starting date of dataset is : 2005-01-01 00:00:00 
The Ending date of dataset is : 2022-04-01 00:00:00 

Month Average House Price Index %change_HPI %change_Price

0 2005-01-01 189930.269310 194.627352 0.000000 0.000000

1 2005-02-01 191085.625651 195.719519 0.005612 0.006083

2 2005-03-01 190886.853827 195.655161 -0.000329 -0.001040

3 2005-04-01 190951.982629 195.753681 0.000504 0.000341

4 2005-05-01 190420.781021 195.194145 -0.002858 -0.002782

In [134… #importing libraries 
import pandas as pd 
import seaborn as sns 
from datetime import datetime 
import matplotlib.pyplot as plt 

In [75]: #importing the halifax hpi data 
df_halifax = pd.read_excel(r'indices_dataset\halifax_HPI.xlsx') 
df_halifax.head() 

Out[75]:

In [76]: #describing the dataset(checking the statistical information) 
df_halifax.describe() 

Out[76]:

In [77]: #checking for any null values 
df_halifax.isna().sum() 

Out[77]:

In [78]: #checking the data types of variables 
df_halifax.dtypes 

Out[78]:

In [79]: #to check the date range   
date_list = list(df_halifax['Date']) 
print("The starting date of dataset is :",date_list[0]) 
print("The Ending date of dataset is :",date_list[-1]) 

In [80]: #Plotting the house price of halifax 
sns.set_style("darkgrid") 
plt.figure(figsize = (12,8)) 
sns.lineplot(data = df_halifax ,x='Date',y='Price') 
plt.title("House Price(in pounds) by Halifax",fontdict={'fontsize': 20}) 
plt.show() 

In [81]: #Plotting the Index of halifax 
plt.figure(figsize = (12,8)) 
sns.lineplot(data = df_halifax ,x='Date',y='Index') 
plt.title("House Price Index by Halifax",fontdict={'fontsize': 20}) 
plt.show() 

In [82]: #calculating the percentage change in house price and index 
df_halifax['%change_HPI'] =df_halifax['Index'].pct_change() 
df_halifax['%change_Price'] =df_halifax['Price'].pct_change() 
df_halifax.fillna(0,inplace=True) 
df_halifax.head() 

Out[82]:

In [83]: # plotting the percentage change in house prices 
plt.figure(figsize = (12,8)) 
sns.lineplot(data=df_halifax,x='Date',y='%change_Price') 
plt.axhline(0, ls='--',c='red') 
plt.title("Percentage change in House Price ",fontdict={'fontsize': 20}) 
plt.show() 

In [84]: #plotting the percentage change in index 
plt.figure(figsize = (12,8)) 
sns.lineplot(data=df_halifax,x='Date',y='%change_HPI') 
plt.axhline(0, ls='--',c='red') 
plt.title("Percentage change in Index ",fontdict={'fontsize': 20}) 
plt.show() 

In [85]: #plotting the percentage change together of both house price and Index 
plt.figure(figsize = (12,8)) 
sns.lineplot(data=df_halifax,x='Date',y='%change_Price',label='%change in House Price') 
sns.lineplot(data=df_halifax,x='Date',y='%change_HPI',label='%change in Index') 
plt.axhline(0, ls='--',c='red') 
plt.legend() 
plt.title("Percentage change in House Price and HPI ",fontdict={'fontsize': 20}) 
plt.show() 

In [86]: #importing nationwide data 
df_nationwide = pd.read_excel(r'indices_dataset\nationwide_prices.xls') 
df_nationwide.head() 

Out[86]:

In [87]: #dropping non-required columns 
df_nationwide = df_nationwide[['Date','Average House Price','INDEX']] 
df_nationwide.head() 

Out[87]:

In [88]: ##describing the dataset(checking the statistical information) 
df_nationwide.describe() 

Out[88]:

In [89]: #checking for any null values 
df_nationwide.isna().sum() 

Out[89]:

In [90]: #checking the data types of variables 
df_nationwide.dtypes 

Out[90]:

In [91]: #to check the date range   
date_list = list(df_nationwide['Date']) 
print("The starting date of dataset is :",date_list[0]) 
print("The Ending date of dataset is :",date_list[-1]) 

In [92]: #Plotting the house price of nationwide 
 
plt.figure(figsize = (12,8)) 
sns.lineplot(data = df_nationwide ,x='Date',y='Average House Price') 
plt.title("House Price(in pounds) by Nationwide",fontdict={'fontsize': 20}) 
plt.show() 

In [93]: #Plotting the Index of Nationwide 
plt.figure(figsize = (12,8)) 
sns.lineplot(data = df_nationwide ,x='Date',y='Average House Price') 
plt.title("House Price Index by Nationwide",fontdict={'fontsize': 20}) 
plt.show() 

In [94]: #calculating the percentage change in house price and index 
df_nationwide['%change_HPI'] =df_nationwide['INDEX'].pct_change() 
df_nationwide['%change_Price'] =df_nationwide['Average House Price'].pct_change() 
df_nationwide.fillna(0,inplace=True) 
df_nationwide.head() 

Out[94]:

In [95]: # plotting the percentage change in house prices 
plt.figure(figsize = (12,8)) 
sns.lineplot(data=df_nationwide,x='Date',y='%change_Price') 
plt.axhline(0, ls='--',c='red') 
plt.title("Percentage change in House Price ",fontdict={'fontsize': 20}) 
plt.show() 

In [96]: #plotting the percentage change in index 
plt.figure(figsize = (12,8)) 
sns.lineplot(data=df_nationwide,x='Date',y='%change_HPI') 
plt.axhline(0, ls='--',c='red') 
plt.title("Percentage change in Index ",fontdict={'fontsize': 20}) 
plt.show() 

In [97]: #plotting the percentage change together of both house price and Index 
plt.figure(figsize = (12,8)) 
sns.lineplot(data=df_nationwide,x='Date',y='%change_Price',label='%change in House Price') 
sns.lineplot(data=df_nationwide,x='Date',y='%change_HPI',label='%change in Index') 
plt.axhline(0, ls='--',c='red') 
plt.legend() 
plt.title("Percentage change in House Price and HPI for Nationwide",fontdict={'fontsize': 20}) 
plt.show() 

In [98]: #reading the data 
df_surveyors = pd.read_excel(r'indices_dataset\e.surv-Acadata-EW-HPI-National-and-Regional-Formatted-Data-from-
                             sheet_name='DATA',usecols='D:F',nrows=217,header=8) 
df_surveyors 

Out[98]:

In [99]: ##describing the dataset(checking the statistical information) 
df_surveyors.describe() 

Out[99]:

In [100… #checking for any null values 
df_surveyors.isna().sum() 

Out[100…

In [101… #checking the dtypes of dataset 
df_surveyors.dtypes 

Out[101…

In [102… #to check the date range   
date_list = list(df_surveyors['Month']) 
print("The starting date of dataset is :",date_list[0]) 
print("The Ending date of dataset is :",date_list[-1]) 

In [103… #Plotting the house price of nationwide 
 
plt.figure(figsize = (12,8)) 
sns.lineplot(data = df_surveyors ,x='Month',y='Average House Price ') 
plt.title("House Price(in pounds) by Chartered Surveyors",fontdict={'fontsize': 20}) 
plt.show() 

In [104… #Plotting the Index of Nationwide 
plt.figure(figsize = (12,8)) 
sns.lineplot(data = df_surveyors ,x='Month',y='Index') 
plt.title("House Price Index by Chartered Surveyors",fontdict={'fontsize': 20}) 
plt.show() 

In [105… #calculating the percentage change in house price and index 
df_surveyors['%change_HPI'] =df_surveyors['Index'].pct_change() 
df_surveyors['%change_Price'] =df_surveyors['Average House Price '].pct_change() 
df_surveyors.fillna(0,inplace=True) 
df_surveyors.head() 

Out[105…

In [106… # plotting the percentage change in house prices 
plt.figure(figsize = (12,8)) 
sns.lineplot(data=df_surveyors,x='Month',y='%change_Price') 
plt.axhline(0, ls='--',c='red') 
plt.title("Percentage change in House Price ",fontdict={'fontsize': 20}) 
plt.show() 

In [107… #plotting the percentage change in index 
plt.figure(figsize = (12,8)) 
sns.lineplot(data=df_surveyors,x='Month',y='%change_HPI') 
plt.axhline(0, ls='--',c='red') 
plt.title("Percentage change in Index ",fontdict={'fontsize': 20}) 
plt.show() 

https://www.gov.uk/government/publications/about-the-uk-house-price-index/comparing-house-price-indices-in-the-uk
https://ifs.org.uk/bns/bn146.pdf


Land Registry House Price Data

Date Index AveragePrice

120732 1/4/1968 1.885299 3594.602239

120733 1/5/1968 1.885299 3594.602239

120734 1/6/1968 1.885299 3594.602239

120735 1/7/1968 1.949207 3716.453163

120736 1/8/1968 1.949207 3716.453163

... ... ... ...

121377 1/1/2022 143.422582 273456.582300

121378 1/2/2022 144.646684 275790.515100

121379 1/3/2022 145.556596 277525.398100

121380 1/4/2022 146.898652 280084.228600

121381 1/5/2022 148.688246 283496.357300

650 rows × 3 columns

Index AveragePrice

count 650.000000 650.000000

mean 48.610337 92682.855832

std 41.736355 79576.598379

min 1.885299 3594.602239

25% 11.279839 21506.687970

50% 30.550845 58249.724790

75% 88.052504 167885.249350

max 148.688246 283496.357300

We can see :  
1. The House Price Max is 283,496 and Min is 3,594 with a standard deviation of 79576.59 and
mean as 92682.85 
2. Index Max is 1.88 and Min is 148.68 with a standard deviation of 41.73 and mean as 48.61

Date             object 
Index           float64 
AveragePrice    float64 
dtype: object

The starting date of dataset is : 1968-04-01 
The Ending date of dataset is : 2022-05-01 

Date Index AveragePrice %change_HPI %change_Price

120732 1968-04-01 1.885299 3594.602239 0.000000 0.000000

120733 1968-05-01 1.885299 3594.602239 0.000000 0.000000

120734 1968-06-01 1.885299 3594.602239 0.000000 0.000000

120735 1968-07-01 1.949207 3716.453163 0.033898 0.033898

120736 1968-08-01 1.949207 3716.453163 0.000000 0.000000

Comparing all the indices together

Halifax_Price Halifax_Index Halifax_%change_HPI Halifax_%change_Price

Date

2019-01-01 223691 397.8 0.000000 0.000000

2019-02-01 236800 403.8 0.015083 0.058603

2019-03-01 233181 402.6 -0.002972 -0.015283

2019-04-01 236619 400.3 -0.005713 0.014744

2019-05-01 237837 399.7 -0.001499 0.005148

We can see in the above chart that the UK HPI (Land Registry) is the lowest
while Nationwide HPI is the highest

We can see in the above chart that the LSL Prices(Land Surveyors) is the
highest while Nationwide HPI is the lowest.

We can see there is a huge % fluctuation in UK HPI , during year 2021, may be it is due to
COVID-19 situation 
Moreover , we can see that fluctuation for all indices is around 0.02

Average House Price by Halifax 250395.425 
Average House Price by Nationwide 230402.65679764157 
Average House Price by LSL 327657.8222333012 
Average House Price by Land Registry 245757.55771499994 

we can see in the above chart that the average house prices is the highest in LSL whereas
lowest in Nationwide

Source : https://ifs.org.uk/bns/bn146.pdf

Date RegionName AreaCode AveragePrice Index IndexSA 1m%Change 12m%Change AveragePriceSA SalesVolume ... New

0 1/1/2004 Aberdeenshire S12000034 81693.66964 40.864214 NaN NaN NaN NaN 388.0 ... 88436.

1 1/2/2004 Aberdeenshire S12000034 81678.76231 40.856757 NaN -0.018248 NaN NaN 326.0 ... 88606.

2 1/3/2004 Aberdeenshire S12000034 83525.09702 41.780317 NaN 2.260483 NaN NaN 453.0 ... 90296.

3 1/4/2004 Aberdeenshire S12000034 84333.67900 42.184780 NaN 0.968071 NaN NaN 571.0 ... 90319.

4 1/5/2004 Aberdeenshire S12000034 86379.95396 43.208353 NaN 2.426403 NaN NaN 502.0 ... 91989.

5 rows × 54 columns

Halifax_Price Halifax_Index Halifax_%change_HPI Halifax_%change_Price Nationwide_Price Nationwide_Index Nationwide_%change_HPI

Date

2019-
01-01 223691 397.8 0.000000 0.000000 211966.181814 422.849868 -0.001485

2019-
02-01 236800 403.8 0.015083 0.058603 211303.681381 421.528250 -0.003126

2019-
03-01 233181 402.6 -0.002972 -0.015283 213102.320257 425.116343 0.008512

2019-
04-01 236619 400.3 -0.005713 0.014744 214919.604264 428.741630 0.008528

2019-
05-01 237837 399.7 -0.001499 0.005148 214945.636469 428.793561 0.000121

Halifax_Price Halifax_Index Halifax_%change_HPI Halifax_%change_Price Nationwide_Price Nationwide_Index Nationwide_%change_HPI

Date

2019-
01-01 223691 397.8 0.000000 0.000000 211966.181814 422.849868 -0.001485

2019-
02-01 236800 403.8 0.015083 0.058603 211303.681381 421.528250 -0.003126

2019-
03-01 233181 402.6 -0.002972 -0.015283 213102.320257 425.116343 0.008512

2019-
04-01 236619 400.3 -0.005713 0.014744 214919.604264 428.741630 0.008528

2019-
05-01 237837 399.7 -0.001499 0.005148 214945.636469 428.793561 0.000121

Halifax_Price Halifax_Index Halifax_%change_HPI Halifax_%change_Price Nationwide_Price Nationwide_Index Nationwide_%change_HPI

Date

2019-
01-01 223691 397.8 0.000000 0.000000 211966.181814 422.849868 -0.001485

2019-
02-01 236800 403.8 0.015083 0.058603 211303.681381 421.528250 -0.003126

2019-
03-01 233181 402.6 -0.002972 -0.015283 213102.320257 425.116343 0.008512

2019-
04-01 236619 400.3 -0.005713 0.014744 214919.604264 428.741630 0.008528

2019-
05-01 237837 399.7 -0.001499 0.005148 214945.636469 428.793561 0.000121

In [108… #plotting the percentage change together of both house price and Index 
plt.figure(figsize = (12,8)) 
sns.lineplot(data=df_surveyors,x='Month',y='%change_Price',label='%change in House Price') 
sns.lineplot(data=df_surveyors,x='Month',y='%change_HPI',label='%change in Index') 
plt.axhline(0, ls='--',c='red') 
plt.legend() 
plt.title("Percentage change in House Price and HPI for Chartered Surveyors",fontdict={'fontsize': 20}) 
plt.show() 

In [109… # importing the dataset for house prices 
df_LR = pd.read_csv(r'indices_dataset/UK-HPI-full-file-2022-05_land_registry.csv') 
df_LR.head() 

Out[109…

In [110… #since the region_name contains all the regions, we would take the region_name as United Kingdom 
df_LR = df_LR[df_LR.RegionName=='United Kingdom'] 
#we require only the date and average_price 
df_LR = df_LR[['Date','Index','AveragePrice']] 
df_LR 

Out[110…

In [111… #describing the dataset(checking the statistical information) 
df_LR.describe() 

Out[111…

In [112… #checking the data types of variables 
df_LR.dtypes 

Out[112…

In [113… #converting the date object to different datetime format 
df_LR['Date']=df_LR['Date'].astype('datetime64[ns]').dt.strftime('%Y-%d-%m') 

In [114… #to check the date range   
date_list = list(df_LR['Date']) 
print("The starting date of dataset is :",date_list[0]) 
print("The Ending date of dataset is :",date_list[-1]) 

In [115… #Plotting the house price of Land Registry 
 
plt.figure(figsize = (12,8)) 
sns.lineplot(data = df_LR ,x='Date',y='AveragePrice') 
plt.title("House Price(in pounds) by UK HPI",fontdict={'fontsize': 20}) 
plt.show() 

In [116… #Plotting the Index of Land Registry 
plt.figure(figsize = (12,8)) 
sns.lineplot(data = df_LR ,x='Date',y='Index') 
plt.title("House Price Index by UK HPI",fontdict={'fontsize': 20}) 
plt.show() 

In [117… #calculating the percentage change in house price and index 
df_LR['%change_HPI'] =df_LR['Index'].pct_change() 
df_LR['%change_Price'] =df_LR['AveragePrice'].pct_change() 
df_LR.fillna(0,inplace=True) 
df_LR.head() 

Out[117…

In [118… # plotting the percentage change in house prices 
plt.figure(figsize = (12,8)) 
sns.lineplot(data=df_LR,x='Date',y='%change_Price') 
plt.axhline(0, ls='--',c='red') 
plt.title("Percentage change in House Price ",fontdict={'fontsize': 20}) 
plt.show() 

In [119… #plotting the percentage change in index 
plt.figure(figsize = (12,8)) 
sns.lineplot(data=df_LR,x='Date',y='%change_HPI') 
plt.axhline(0, ls='--',c='red') 
plt.title("Percentage change in Index ",fontdict={'fontsize': 20}) 
plt.show() 

In [120… #plotting the percentage change together of both house price and Index 
plt.figure(figsize = (12,8)) 
sns.lineplot(data=df_LR,x='Date',y='%change_Price',label='%change in House Price') 
sns.lineplot(data=df_LR,x='Date',y='%change_HPI',label='%change in Index') 
plt.axhline(0, ls='--',c='red') 
plt.legend() 
plt.title("Percentage change in House Price and HPI ",fontdict={'fontsize': 20}) 
plt.show() 

In [184… #since the dates of the all datasets are different , thus , taking dates only from 2019 to 2022 
START = '2019-01-01' 
END = '2022-04-01' 

In [202… # adding halifax data into the merged dataset 
df_all = pd.DataFrame() 
df_all[['Date','Halifax_Price','Halifax_Index','Halifax_%change_HPI','Halifax_%change_Price']] = df_halifax 
df_all.set_index('Date',inplace=True) 
df_all =  df_all.loc[START:END] 
df_all.head() 

Out[202…

In [203… # adding the nationwide data into the merged dataset 
temp =df_nationwide[(df_nationwide['Date']>=START) & (df_nationwide['Date']<=END)] 
df_all[['Nationwide_Price','Nationwide_Index','Nationwide_%change_HPI','Nationwide_%change_Price']]=temp[['Aver
df_all.head() 

Out[203…

In [204… # adding the LSL data into the merged dataset 
temp =df_surveyors[(df_surveyors['Month']>=START) & (df_surveyors['Month']<=END)] 
df_all[['LSL_Price','LSL_Index','LSL_%change_HPI','LSL_%change_Price']]=temp[['Average House Price ','Index','%
df_all.head() 

Out[204…

In [208… # adding the Land Registry data into the merged dataset 
temp =df_LR[(df_LR['Date']>=START) & (df_LR['Date']<=END)] 
df_all[['LR_Price','LR_Index','LR_%change_HPI','LR_%change_Price']]=temp[['AveragePrice','Index','%change_HPI',
df_all.head() 

Out[208…

In [214… #plotting the house prices index by different companies together  
 
plt.figure(figsize = (12,8)) 
sns.lineplot(data = df_all ,x='Date',y='Halifax_Index', label ='Halifax HPI') 
sns.lineplot(data = df_all ,x='Date',y='Nationwide_Index', label ='Nationwide HPI') 
sns.lineplot(data = df_all ,x='Date',y='LSL_Index', label ='LSL HPI') 
sns.lineplot(data = df_all ,x='Date',y='LR_Index', label ='UK HPI') 
plt.title("Comparison of House Price Indices ",fontdict={'fontsize': 20}) 
plt.show() 

In [217… #plotting the house prices by different companies together  
 
plt.figure(figsize = (12,8)) 
sns.lineplot(data = df_all ,x='Date',y='Halifax_Price', label ='Halifax Prices') 
sns.lineplot(data = df_all ,x='Date',y='Nationwide_Price', label ='Nationwide Prices') 
sns.lineplot(data = df_all ,x='Date',y='LSL_Price', label ='LSL Prices') 
sns.lineplot(data = df_all ,x='Date',y='LR_Price', label ='UK Prices') 
plt.title("Comparison of House Prices by different companies",fontdict={'fontsize': 20}) 
plt.show() 

In [239… #plotting the %change in HPI  
 
plt.figure(figsize = (12,8)) 
sns.lineplot(data = df_all ,x='Date',y='Halifax_%change_HPI', label ='Halifax HPI change') 
sns.lineplot(data = df_all ,x='Date',y='Nationwide_%change_HPI', label ='Nationwide HPI change') 
sns.lineplot(data = df_all ,x='Date',y='LSL_%change_HPI', label ='LSL HPI change') 
sns.lineplot(data = df_all ,x='Date',y='LR_%change_HPI', label ='UK HPI change') 
plt.axhline(0, ls='--',c='red') 
plt.xlabel("Date") 
plt.ylabel("% change in HPI") 
plt.title("Comparison of House Prices by different companies",fontdict={'fontsize': 20}) 
plt.show() 

In [235… # calculating the average house prices from year 2019 
mean_halifax = df_all['Halifax_Price'].mean() 
print("Average House Price by Halifax",mean_halifax) 
mean_nationwide = df_all['Nationwide_Price'].mean() 
print("Average House Price by Nationwide",mean_nationwide) 
mean_LSL = df_all['LSL_Price'].mean() 
print("Average House Price by LSL",mean_LSL) 
mean_LR = df_all['LR_Price'].mean() 
print("Average House Price by Land Registry",mean_LR) 

In [236… ind_name = ['halifax','Land Registry','LSL','Nationwide'] 
ind_lst = [mean_halifax,mean_LR,mean_LSL,mean_nationwide] 
plt.figure(figsize = (8,6)) 
plt.bar(ind_name,ind_lst) 
plt.title("Average House Price(from 2019-2022) by different Indices ") 
plt.show() 

https://ifs.org.uk/bns/bn146.pdf


Classification Model(K-Means) applied on the interests of People
on local Venues

Enter the location :Southampton 

neighborhood

402 Bargate

403 Bassett

404 Bevois

405 Bitterne

406 Bitterne Park

[[50.90265000000005, -1.4041899999999714], 
 [50.947819490224404, -1.4045911432397613], 
 [50.91969010144991, -1.3953344241759458], 
 [50.914540000000045, -1.338459999999941], 
 [50.91483967933845, -1.3632775884247788]]

[50.90265000000005, 50.947819490224404, 50.91969010144991, 50.914540000000045, 50.91483967933845] 
[-1.4041899999999714, -1.4045911432397613, -1.3953344241759458, -1.338459999999941, -1.3632775884247788] 

neighborhood Latitude Longitude

402 Bargate 50.902650 -1.404190

403 Bassett 50.947819 -1.404591

404 Bevois 50.919690 -1.395334

405 Bitterne 50.914540 -1.338460

406 Bitterne Park 50.914840 -1.363278

Your credentails: 
CLIENT_ID: WXER4KXQTW0IHEGA0HLO2EMDOOWEZKAX4YFQLRDMZ2TSBRVM 
CLIENT_SECRET:4NMKXNOKJBU4FR312SHLECHR1WSY0ONMQP2JXUYOZ0TWKTJG 

Bargate 
Bassett 
Bevois 
Bitterne 
Bitterne Park 
Coxford 
Freemantle 
Harefield 
Millbrook 
Peartree 
Portswood 
Redbridge 
Shirley 
Sholing 
Swaythling 
Woolston 

(175, 7) 

Neighborhood Neighborhood
Latitude

Neighborhood
Longitude Venue Venue

Latitude
Venue

Longitude Venue Category

0 Bargate 50.902650 -1.40419 Showcase Cinema de Lux 50.902088 -1.407260 Movie Theater

1 Bargate 50.902650 -1.40419 Apple Southampton 50.904082 -1.405050 Electronics Store

2 Bargate 50.902650 -1.40419 Cafe Thrive 50.902995 -1.401872 Café

3 Bargate 50.902650 -1.40419 Pret A Manger 50.904087 -1.404636 Sandwich Place

4 Bargate 50.902650 -1.40419 Waterstones 50.903190 -1.405865 Bookstore

... ... ... ... ... ... ... ...

170 Woolston 50.888353 -1.37232 Weston Shore 50.886414 -1.374114 Beach

171 Woolston 50.888353 -1.37232 Co-op Food 50.889407 -1.367750 Grocery Store

172 Woolston 50.888353 -1.37232 Forest Flame Disco 50.888281 -1.376445 Entertainment
Service

173 Woolston 50.888353 -1.37232 Domino's Pizza 50.889232 -1.368329 Pizza Place

174 Woolston 50.888353 -1.37232 Ice Cream Vendors By Weston
Seaside 50.885014 -1.370202 Food Stand

175 rows × 7 columns

16

16

16

neighborhood Latitude Longitude

402 Bargate 50.902650 -1.404190

403 Bassett 50.947819 -1.404591

404 Bevois 50.919690 -1.395334

405 Bitterne 50.914540 -1.338460

406 Bitterne Park 50.914840 -1.363278

Neighborhood Latitude Neighborhood Longitude Venue Venue Latitude Venue Longitude Venue Category

Neighborhood

Bargate 52 52 52 52 52 52

Bassett 2 2 2 2 2 2

Bevois 22 22 22 22 22 22

Bitterne 5 5 5 5 5 5

Bitterne Park 10 10 10 10 10 10

Coxford 4 4 4 4 4 4

Freemantle 5 5 5 5 5 5

Harefield 11 11 11 11 11 11

Millbrook 4 4 4 4 4 4

Peartree 5 5 5 5 5 5

Portswood 28 28 28 28 28 28

Redbridge 6 6 6 6 6 6

Shirley 5 5 5 5 5 5

Sholing 4 4 4 4 4 4

Swaythling 7 7 7 7 7 7

Woolston 5 5 5 5 5 5

From the above chart we can clearly see that the bargate area of the location has the most footfalls. and is most
visited by the people.

There are 74 uniques categories. 

(175, 75)

----Bargate---- 
                   venue  freq 
0     Italian Restaurant  0.08 
1                  Hotel  0.06 
2            Coffee Shop  0.06 
3                    Pub  0.06 
4  Portuguese Restaurant  0.04 
 
 
----Bassett---- 
                  venue  freq 
0                Arcade   0.5 
1                   Bar   0.5 
2            Kids Store   0.0 
3                  Park   0.0 
4  Outdoor Supply Store   0.0 
 
 
----Bevois---- 
                 venue  freq 
0                  Pub  0.23 
1                  Bar  0.18 
2   Mexican Restaurant  0.09 
3  American Restaurant  0.05 
4    Convenience Store  0.05 
 
 
----Bitterne---- 
                  venue  freq 
0         Grocery Store   0.4 
1  Fast Food Restaurant   0.2 
2           Pizza Place   0.2 
3     Indian Restaurant   0.2 
4   American Restaurant   0.0 
 
 
----Bitterne Park---- 
                  venue  freq 
0              Pharmacy   0.2 
1             Gift Shop   0.1 
2           Pizza Place   0.1 
3  Fast Food Restaurant   0.1 
4              Bus Stop   0.1 
 
 
----Coxford---- 
                 venue  freq 
0                 Café  0.50 
1        Grocery Store  0.25 
2            Newsagent  0.25 
3  American Restaurant  0.00 
4   Mexican Restaurant  0.00 
 
 
----Freemantle---- 
               venue  freq 
0                Pub   0.4 
1  Convenience Store   0.2 
2  Fish & Chips Shop   0.2 
3      Grocery Store   0.2 
4               Park   0.0 
 
 
----Harefield---- 
                  venue  freq 
0         Grocery Store  0.27 
1  Fast Food Restaurant  0.18 
2             Rock Club  0.09 
3            Restaurant  0.09 
4           Pizza Place  0.09 
 
 
----Millbrook---- 
                  venue  freq 
0         Grocery Store  0.25 
1  Outdoor Supply Store  0.25 
2        Discount Store  0.25 
3         Bowling Alley  0.25 
4   American Restaurant  0.00 
 
 
----Peartree---- 
        venue  freq 
0         Gym   0.2 
1       Hotel   0.2 
2       Diner   0.2 
3  Playground   0.2 
4         Pub   0.2 
 
 
----Portswood---- 
           venue  freq 
0  Grocery Store  0.11 
1            Pub  0.11 
2            Bar  0.07 
3    Supermarket  0.07 
4    Gelato Shop  0.07 
 
 
----Redbridge---- 
                 venue  freq 
0        Train Station  0.17 
1           Playground  0.17 
2            Gastropub  0.17 
3                  Pub  0.17 
4  Rental Car Location  0.17 
 
 
----Shirley---- 
                  venue  freq 
0                   Pub   0.4 
1  Gym / Fitness Center   0.2 
2              Ski Area   0.2 
3        Hardware Store   0.2 
4      Tapas Restaurant   0.0 
 
 
----Sholing---- 
                venue  freq 
0       Grocery Store  0.50 
1  Photography Studio  0.25 
2            Bus Stop  0.25 
3  Mexican Restaurant  0.00 
4                Park  0.00 
 
 
----Swaythling---- 
                  venue  freq 
0  Fast Food Restaurant  0.29 
1         Grocery Store  0.29 
2        Sandwich Place  0.14 
3            Restaurant  0.14 
4     Convenience Store  0.14 
 
 
----Woolston---- 
                   venue  freq 
0             Food Stand   0.2 
1            Pizza Place   0.2 
2          Grocery Store   0.2 
3                  Beach   0.2 
4  Entertainment Service   0.2 
 
 

Neighborhood
1st Most
Common

Venue

2nd Most
Common

Venue

3rd Most
Common

Venue

4th Most
Common

Venue

5th Most
Common

Venue

6th Most
Common

Venue

7th Most
Common

Venue

8th Most
Common

Venue

9th Most
Common

Venue

10th
Most

Common
Venue

0 Bargate Italian
Restaurant Hotel Coffee

Shop Pub Portuguese
Restaurant Bookstore Furniture /

Home Store Historic Site Clothing
Store Park

1 Bassett Arcade Bar Kids Store Park Outdoor
Supply Store Nightclub Newsagent Movie

Theater

Middle
Eastern

Restaurant

Mexican
Restaurant

2 Bevois Pub Bar Mexican
Restaurant

American
Restaurant

Convenience
Store

Tapas
Restaurant Supermarket Hookah Bar Grocery

Store
Greek

Restaurant

3 Bitterne Grocery
Store

Fast Food
Restaurant Pizza Place Indian

Restaurant
American

Restaurant

Outdoor
Supply

Store
Nightclub Newsagent Movie

Theater

Middle
Eastern

Restaurant

4 Bitterne Park Pharmacy Gift Shop Pizza Place Fast Food
Restaurant Bus Stop Park

Gym /
Fitness
Center

Supermarket Grocery
Store

Indian
Restaurant

Text(0, 0.5, 'Interia')

<AxesSubplot:title={'center':'Distortion Score Elbow for KMeans Clustering'}, xlabel='k', ylabel='distortion sc
ore'>

Setting the number of clusters as 4.
Applying KMeans Clustering

array([0, 3, 0, 2, 0, 1, 0, 2, 2, 0, 0, 0, 0, 2, 2, 2])

American
Restaurant Arcade Asian

Restaurant
Auto

Workshop
BBQ

Joint Bar Beach Bookstore Bowling
Alley

Breakfast
Spot ... Shopping

Mall
Ski

Area

Sporting
Goods

Shop
Steakhouse S

0 0 0 0 0 0 0 0 0 0 0 ... 0 0 0 0

1 0 0 0 0 0 0 0 0 0 0 ... 0 0 0 0

2 0 0 0 0 0 0 0 0 0 0 ... 0 0 0 0

3 0 0 0 0 0 0 0 0 0 0 ... 0 0 0 0

4 0 0 0 0 0 0 0 1 0 0 ... 0 0 0 0

5 rows × 75 columns

Neighborhood American
Restaurant Arcade Asian

Restaurant
Auto

Workshop
BBQ

Joint Bar Beach Bookstore Bowling
Alley ... Sandwich

Place
Shopping

Mall
Ski

Area

0 Bargate 0.000000 0.0 0.019231 0.019231 0.019231 0.000000 0.0 0.038462 0.00 ... 0.019231 0.019231 0.0

1 Bassett 0.000000 0.5 0.000000 0.000000 0.000000 0.500000 0.0 0.000000 0.00 ... 0.000000 0.000000 0.0

2 Bevois 0.045455 0.0 0.000000 0.000000 0.000000 0.181818 0.0 0.000000 0.00 ... 0.000000 0.000000 0.0

3 Bitterne 0.000000 0.0 0.000000 0.000000 0.000000 0.000000 0.0 0.000000 0.00 ... 0.000000 0.000000 0.0

4 Bitterne Park 0.000000 0.0 0.000000 0.000000 0.000000 0.000000 0.0 0.000000 0.00 ... 0.000000 0.000000 0.0

5 Coxford 0.000000 0.0 0.000000 0.000000 0.000000 0.000000 0.0 0.000000 0.00 ... 0.000000 0.000000 0.0

6 Freemantle 0.000000 0.0 0.000000 0.000000 0.000000 0.000000 0.0 0.000000 0.00 ... 0.000000 0.000000 0.0

7 Harefield 0.000000 0.0 0.000000 0.000000 0.000000 0.000000 0.0 0.000000 0.00 ... 0.000000 0.000000 0.0

8 Millbrook 0.000000 0.0 0.000000 0.000000 0.000000 0.000000 0.0 0.000000 0.25 ... 0.000000 0.000000 0.0

9 Peartree 0.000000 0.0 0.000000 0.000000 0.000000 0.000000 0.0 0.000000 0.00 ... 0.000000 0.000000 0.0

10 Portswood 0.035714 0.0 0.000000 0.000000 0.000000 0.071429 0.0 0.000000 0.00 ... 0.035714 0.000000 0.0

11 Redbridge 0.000000 0.0 0.000000 0.000000 0.000000 0.000000 0.0 0.000000 0.00 ... 0.000000 0.000000 0.0

12 Shirley 0.000000 0.0 0.000000 0.000000 0.000000 0.000000 0.0 0.000000 0.00 ... 0.000000 0.000000 0.2

13 Sholing 0.000000 0.0 0.000000 0.000000 0.000000 0.000000 0.0 0.000000 0.00 ... 0.000000 0.000000 0.0

14 Swaythling 0.000000 0.0 0.000000 0.000000 0.000000 0.000000 0.0 0.000000 0.00 ... 0.142857 0.000000 0.0

15 Woolston 0.000000 0.0 0.000000 0.000000 0.000000 0.000000 0.2 0.000000 0.00 ... 0.000000 0.000000 0.0

16 rows × 75 columns

neighborhood Latitude Longitude Cluster
Labels

1st Most
Common

Venue

2nd Most
Common

Venue

3rd Most
Common

Venue

4th Most
Common

Venue

5th Most
Common

Venue

6th Most
Common

Venue

7th Most
Common

Venue

8th M
Comm

Ven

402 Bargate 50.902650 -1.404190 0 Italian
Restaurant Hotel Coffee

Shop Pub Portuguese
Restaurant Bookstore Furniture /

Home Store Historic 

403 Bassett 50.947819 -1.404591 3 Arcade Bar Kids Store Park Outdoor
Supply Store Nightclub Newsagent Mo

Thea

404 Bevois 50.919690 -1.395334 0 Pub Bar Mexican
Restaurant

American
Restaurant

Convenience
Store

Tapas
Restaurant Supermarket Hookah 

405 Bitterne 50.914540 -1.338460 2 Grocery
Store

Fast Food
Restaurant

Pizza
Place

Indian
Restaurant

American
Restaurant

Outdoor
Supply

Store
Nightclub Newsag

406 Bitterne Park 50.914840 -1.363278 0 Pharmacy Gift Shop Pizza
Place

Fast Food
Restaurant Bus Stop Park

Gym /
Fitness
Center

Superma

In [38]: #importing various libraries 
import requests  
import pandas as pd 
import numpy as np  
import random  
from geopy.geocoders import Nominatim 
from IPython.display import Image  
from IPython.core.display import HTML  
from pandas.io.json import json_normalize 
import matplotlib.pyplot as plt  
%matplotlib inline  
import matplotlib.cm as cm 
import matplotlib.colors as colors 
from sklearn.cluster import KMeans 
from yellowbrick.cluster import KElbowVisualizer 
import folium 
import geocoder 
import warnings 
warnings.filterwarnings('ignore') 

In [2]: #User enters the location to do some analysis 
loc = input("Enter the location :") 

In [3]: #getting the co-ordinates of the location 
geolocator = Nominatim(user_agent="uk") 
address = str(loc +", United Kingdom") 
location = geocoder.arcgis(address) 
latlang = location.latlng 

In [4]: #plotting the map of the location entered 
map_loc=folium.Map(location=[latlang[0],latlang[1]],zoom_start=14) 
map_loc 

Out[4]: Make this Notebook Trusted to load map: File -> Trust Notebook
+

−

Leaflet | Data by © OpenStreetMap, under ODbL.

In [5]: #Importing the dataset which contains all the neighboorhoods of the locations  
loc_neighborhoods = pd.read_excel(r'top25.xlsx',sheet_name='Sheet2') 
#selecting the neighborhoods from the city selected 
loc_neighborhoods=loc_neighborhoods[loc_neighborhoods.city==loc] 
loc_neighborhoods.drop('city',inplace=True,axis=1) 
loc_neighborhoods.head() 

Out[5]:

In [7]: # defining the function for geopy library to get latitude and longitude for all the neighborhoods 
def getNeighborhoodLatLong(Neighborhoods): 
     
    #Neighborhood with lat , long 
    latlang = [] 
    # defining the user agent for geopy 
    geolocator = Nominatim(user_agent="uk_neighborhoods") 
     
    # for every unique  of Neighborhood  get the lattitude and longitude 
    for  neigh in Neighborhoods: 
        address = str(neigh +", {}".format(loc)) 
        location = geocoder.arcgis(address) 
        latlang.append(location.latlng) 
     
    return(latlang) 

In [8]: #applying the function on neighboorhoods to get the neighboorhoods 
loc_neigh = getNeighborhoodLatLong(Neighborhoods = loc_neighborhoods["neighborhood"]) 

In [9]: #checking the top 5 values of locations 
loc_neigh[:5] 

Out[9]:

In [10]: #splitting the co-ordinates of the locations  
latitude= [] 
longitude = [] 
for lat, lng in loc_neigh: 
    latitude.append(lat) 
    longitude.append(lng) 
 
print(latitude[0:5]) 
print(longitude[0:5]) 

In [11]: #appending the values of co-ordinates to the dataframe 
loc_neighborhoods["Latitude"] = latitude 
loc_neighborhoods["Longitude"] = longitude 
 
loc_neighborhoods.head() 

Out[11]:

In [12]: #plotting the locations and areas within the location 
map_loc=folium.Map(location=[latlang[0],latlang[1]],zoom_start=10) 
for lat,lng,neighborhood in zip(loc_neighborhoods['Latitude'],loc_neighborhoods['Longitude'],loc_neighborhoods[
    label='{}'.format(neighborhood) 
    folium.CircleMarker([lat,lng],color='red',popup=label,fill=True,fill_color='red',fill_opacity=0.6).add_to(m
map_loc     

Out[12]: Make this Notebook Trusted to load map: File -> Trust Notebook
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In [13]: #the key ids used in foursquare API to fetch the data  
CLIENT_ID = 'WXER4KXQTW0IHEGA0HLO2EMDOOWEZKAX4YFQLRDMZ2TSBRVM'  # your Foursquare ID 
CLIENT_SECRET = '4NMKXNOKJBU4FR312SHLECHR1WSY0ONMQP2JXUYOZ0TWKTJG'  # your Foursquare Secret 
VERSION = '20210118'  # Foursquare API version taking last month api for analysis 
 
print('Your credentails:') 
print('CLIENT_ID: ' + CLIENT_ID) 
print('CLIENT_SECRET:' + CLIENT_SECRET) 

In [14]: # API KEY for foursquare API 
API_KEY='fsq3lREtx31InF1Fo6N72vvhvlJsyukU2DtVPxkju8HMVGU=' 

In [17]: #defining a function to get the nearby venues of the locations 
 
def getNearbyVenues(names, latitudes, longitudes, radius=500): 
    LIMIT = 1000 
 
    venues_list = [] 
    for name, lat, lng in zip(names, latitudes, longitudes): 
        print(name) 
 
        # create the API request URL 
        url = 'https://api.foursquare.com/v2/venues/explore?&client_id={}&client_secret={}&v={}&ll={},{}&radius
            CLIENT_ID, CLIENT_SECRET, VERSION, lat, lng, radius, LIMIT) 
 
        # make the GET request 
        results = requests.get(url).json()["response"]['groups'][0]['items'] 
 
        # return only relevant information for each nearby venue 
        venues_list.append([ 
            (name, lat, lng, v['venue']['name'], v['venue']['location']['lat'], 
             v['venue']['location']['lng'], 
             v['venue']['categories'][0]['name']) for v in results 
        ]) 
 
    nearby_venues = pd.DataFrame( 
        [item for venue_list in venues_list for item in venue_list]) 
    nearby_venues.columns = [ 
        'Neighborhood', 'Neighborhood Latitude', 'Neighborhood Longitude', 
        'Venue', 'Venue Latitude', 'Venue Longitude', 'Venue Category' 
    ] 
 
    return (nearby_venues) 

In [18]: #applying the function on all the areas to get the venues 
loc_venues = getNearbyVenues(names=loc_neighborhoods['neighborhood'], 
                                latitudes=loc_neighborhoods['Latitude'], 
                                longitudes=loc_neighborhoods['Longitude']) 

In [19]: #printing the location venues and shape 
print(loc_venues.shape) 
loc_venues 

Out[19]:

In [20]: #counting the count of areas in neighboorhoods 
loc_neighborhoods["neighborhood"].value_counts().count() 

Out[20]:

In [21]: #counting the number of areas in venues 
loc_venues["Neighborhood"].value_counts().count() 

Out[21]:

In [22]: #creating a dataframe in which the areas in neighboorhod is there in venues 
loc_neighborhoods = loc_neighborhoods.loc[loc_neighborhoods["neighborhood"].isin(loc_venues["Neighborhood"])] 
#counting the locations 
loc_neighborhoods["neighborhood"].value_counts().count() 

Out[22]:

In [23]: #checking the top5 rows  
loc_neighborhoods.head() 

Out[23]:

In [24]: #grouping the dataframe with repect to neighborhood 
loc_venues.groupby('Neighborhood').count() 

Out[24]:

In [25]: #plotting the most popular venue as per data received from API 
pop_loc_venues = loc_venues.groupby('Neighborhood').count() 
fig = plt.figure(figsize=(10,4)) 
colormap = cm.rainbow(np.linspace(0, 1, pop_loc_venues.shape[0])) 
plt.title("Busiest Neighborhood of {}".format(loc)) 
ax = pop_loc_venues["Venue Category"].sort_values().plot.bar(color = colormap) 

In [26]: #Counting the number of uniques categories of venues 
print('There are {} uniques categories.'.format(len(loc_venues['Venue Category'].unique()))) 

In [27]: # Applying one hot encoding on the dataset 
loc_onehot = pd.get_dummies(loc_venues[['Venue Category']], prefix="", prefix_sep="") 
loc_onehot['Neighborhood'] = loc_venues['Neighborhood']  
loc_onehot.head() 

Out[27]:

In [28]: #checking the shape of the dataset 
loc_onehot.shape 

Out[28]:

In [29]: #grouping the dataset with respect to neighborhood 
loc_grouped = loc_onehot.groupby('Neighborhood').mean().reset_index() 
loc_grouped 

Out[29]:

In [30]: #calculating the frequency of the venues as per the areas 
num_top_venues = 5 
for hood in loc_grouped['Neighborhood']: 
    print("----"+hood+"----") 
    temp = loc_grouped[loc_grouped['Neighborhood'] == hood].T.reset_index() 
    temp.columns = ['venue','freq'] 
    temp = temp.iloc[1:] 
    temp['freq'] = temp['freq'].astype(float) 
    temp = temp.round({'freq': 2}) 
    print(temp.sort_values('freq', ascending=False).reset_index(drop=True).head(num_top_venues)) 
    print('\n') 

In [31]: #defining a function which returns the sorted venues list 
def return_most_common_venues(row, num_top_venues): 
    row_categories = row.iloc[1:] 
    row_categories_sorted = row_categories.sort_values(ascending=False) 
     
    return row_categories_sorted.index.values[0:num_top_venues] 

In [32]: #creating a dataframe which shows top 10 most common venues 
num_top_venues = 10 
indicators = ['st', 'nd', 'rd'] 
columns = ['Neighborhood'] 
for ind in np.arange(num_top_venues): 
    try: 
        columns.append('{}{} Most Common Venue'.format(ind+1, indicators[ind])) 
    except: 
        columns.append('{}th Most Common Venue'.format(ind+1)) 
neighborhoods_venues_sorted = pd.DataFrame(columns=columns) 
neighborhoods_venues_sorted['Neighborhood'] = loc_grouped['Neighborhood'] 
for ind in np.arange(loc_grouped.shape[0]): 
    neighborhoods_venues_sorted.iloc[ind, 1:] = return_most_common_venues(loc_grouped.iloc[ind, :], num_top_ven
 
neighborhoods_venues_sorted.head() 

Out[32]:

In [37]: # elbow method for calculating the number of clusters 
 
loc_grouped_clustering = loc_grouped.drop('Neighborhood', 1) 
 
clus =[] 
for cluster in range(1,10): 
    modl = KMeans(n_clusters=cluster, init='k-means++') 
    modl.fit(loc_grouped_clustering) 
    clus.append(modl.inertia_) 
 
temp = pd.DataFrame({'Cluster': range(1,10), 'cluster_list':clus}) 
plt.figure(figsize=(12,8)) 
plt.plot(temp['Cluster'],temp['cluster_list'], marker='o') 
plt.xlabel('Number of Clusters') 
plt.ylabel('Interia') 

Out[37]:

In [40]: #Visualizing the ELbow method with distortion score 
model = KMeans() 
visualizer = KElbowVisualizer(model, k=(1,10)).fit(loc_grouped_clustering) 
visualizer.show() 

Out[40]:

In [42]: kclusters = 4 
loc_grouped_clustering = loc_grouped.drop('Neighborhood', 1) 
# applying model 
kmeans = KMeans(n_clusters=kclusters, random_state=0).fit(loc_grouped_clustering) 
# checking the clusters 
kmeans.labels_ 

Out[42]:

In [43]: #adding the labels to the dataframe 
neighborhoods_venues_sorted.insert(0, 'Cluster Labels', kmeans.labels_) 
loc_merged = loc_neighborhoods 
loc_merged = loc_merged.join(neighborhoods_venues_sorted.set_index('Neighborhood'), on='neighborhood') 
loc_merged.head() 

Out[43]:

In [45]: # create map with clustersing 
map_clusters = folium.Map(location=[latlang[0], latlang[1]], zoom_start=12.3) 
 
# set color scheme for the clusters 
x = np.arange(kclusters) 
ys = [i + x + (i*x)**2 for i in range(kclusters)] 
colors_array = cm.rainbow(np.linspace(0, 1, len(ys))) 
rainbow = [colors.rgb2hex(i) for i in colors_array] 
 
markers_colors = [] 
for lat, lon, poi, cluster in zip(loc_merged['Latitude'], loc_merged['Longitude'], loc_merged['neighborhood'], 
    label = folium.Popup(' Cluster ' + str(cluster + 1) + str(poi), parse_html=True) 
    folium.CircleMarker( 
        [lat, lon], 
        radius=10, 
        popup=label, 
        color=rainbow[cluster-1], 
        fill=True, 
        fill_color=rainbow[cluster-1], 
        fill_opacity=0.7).add_to(map_clusters) 
        
map_clusters 

Out[45]: Make this Notebook Trusted to load map: File -> Trust Notebook
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In [46]: #plotting the bar chart of the busiest venues 
tmp = loc_merged.groupby("Cluster Labels")["1st Most Common Venue"] 
fig = plt.figure(figsize=(10,4)) 
colormap = cm.rainbow(np.linspace(0, 1, pop_loc_venues.shape[0])) 
plt.title("Busiest Venues of {} per culster".format(loc)) 
tmp.value_counts().plot.bar(color = colormap) 

https://leafletjs.com/
http://openstreetmap.org/
http://www.openstreetmap.org/copyright
https://leafletjs.com/
http://openstreetmap.org/
http://www.openstreetmap.org/copyright
https://leafletjs.com/
http://openstreetmap.org/
http://www.openstreetmap.org/copyright


<AxesSubplot:title={'center':'Busiest Venues of Southampton per culster'}, xlabel='Cluster Labels,1st Most Comm
on Venue'>

Cluster No 1:

array(['Italian Restaurant', 'Pub', 'Pharmacy', 'Pub', 'Gym', 
       'Grocery Store', 'Train Station', 'Pub'], dtype=object)

We can see that the venues in Cluster 1 is majority is of Pubs.

Cluster No 2:

array(['Café'], dtype=object)

Cluster no 2 basically consists of Cafes.

array(['Grocery Store', 'Grocery Store', 'Grocery Store', 'Grocery Store', 
       'Fast Food Restaurant', 'Food Stand'], dtype=object)

We can see that Cluster No 3 consists of Grocery stores , i.e. Supermarkets

array(['Arcade'], dtype=object)

Cluster No 4 consists of Arcade (games)
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Out[46]:

In [47]: clus1 = loc_merged.loc[loc_merged['Cluster Labels'] == 0] 
clus1.head() 

Out[47]:

In [48]: #making a temperary dataframe for plotting on map 
dft_tmp_clus1 = pd.DataFrame( 
    clus1.groupby("neighborhood")["1st Most Common Venue"].apply( 
        lambda x: ','.join(x.unique())).reset_index()) 
dft_tmp_clus1.rename(columns={ 
    'neighborhood': 'neighborhood', 
    '1st Most Common Venue': 'top_venues' 
}, 
                     inplace=True) 
dft_tmp_clus1["top_venues"].values 

Out[48]:

In [49]: clus2 = loc_merged.loc[loc_merged['Cluster Labels'] == 1] 
clus2.head() 

Out[49]:

In [50]: #creating a dataframe for plotting on map 
dft_tmp_clus2 = pd.DataFrame( 
    clus2.groupby("neighborhood")["1st Most Common Venue"].apply( 
        lambda x: ','.join(x.unique())).reset_index()) 
dft_tmp_clus2.rename(columns={ 
    'neighborhood': 'neighborhood', 
    '1st Most Common Venue': 'top_venues' 
}, 
                     inplace=True) 
dft_tmp_clus2["top_venues"].values 

Out[50]:

In [51]: clus3 = loc_merged.loc[loc_merged['Cluster Labels'] == 2] 
clus3.head() 

Out[51]:

In [52]: #creating a temporary dataframe to plot on map 
dft_tmp_clus3 = pd.DataFrame( 
    clus3.groupby("neighborhood")["1st Most Common Venue"].apply( 
        lambda x: ','.join(x.unique())).reset_index()) 
dft_tmp_clus3.rename(columns={ 
    'neighborhood': 'neighborhood', 
    '1st Most Common Venue': 'top_venues' 
}, 
                     inplace=True) 
dft_tmp_clus3["top_venues"].values 

Out[52]:

In [53]: clus4 = loc_merged.loc[loc_merged['Cluster Labels'] == 3] 
clus4.head() 

Out[53]:

In [54]: #creating a temporary dataframe to plot on map 
dft_tmp_clus4 = pd.DataFrame( 
    clus4.groupby("neighborhood")["1st Most Common Venue"].apply( 
        lambda x: ','.join(x.unique())).reset_index()) 
dft_tmp_clus4.rename(columns={ 
    'neighborhood': 'neighborhood', 
    '1st Most Common Venue': 'top_venues' 
}, 
                     inplace=True) 
dft_tmp_clus4["top_venues"].values 

Out[54]:

In [57]: # create map to show the clusters 
map_clusters = folium.Map(location=[latlang[0], latlang[1]], zoom_start=12) 
 
# set color scheme for the clusters 
x = np.arange(kclusters) 
ys = [i + x + (i * x)**2 for i in range(kclusters)] 
colors_array = cm.rainbow(np.linspace(0, 1, len(ys))) 
rainbow = [colors.rgb2hex(i) for i in colors_array] 
 
markers_colors = [] 
for lat, lon, poi, cluster, top_spot in zip( 
        loc_merged['Latitude'], loc_merged['Longitude'], 
        loc_merged['neighborhood'], loc_merged['Cluster Labels'], 
        loc_merged['1st Most Common Venue']): 
    # putting the extra options to explore in each cluster on the popups 
    if cluster == 0: 
        label = folium.Popup("<h6> <center> Pubs </center></h6> \ 
                             <h6><b> {}</b> : {}</h6> \ 
                          <h6>  : {} </h6> ".format( 
            str(poi), str(top_spot), 
            str(dft_tmp_clus1.loc[dft_tmp_clus1.neighborhood == neighborhood, 
                                  "top_venues"].values)), 
                             parse_html=False) 
    elif cluster == 1: 
        label = folium.Popup("<center>Museums </center>\ 
                             <h6><b> {}</b> : {}</h6> \ 
                          <h6>  : {} </h6> ".format( 
            str(poi), str(top_spot), 
            str(dft_tmp_clus2.loc[dft_tmp_clus2.neighborhood == neighborhood, 
                                  "top_venues"].values)), 
                             parse_html=False) 
 
    elif cluster == 2: 
        label = folium.Popup("<h6> <center> Bars </center> </h6> \ 
                             <h6><b> {}</b> : {}</h6> \ 
                          <h6>  : {} </h6> ".format( 
            str(poi), str(top_spot), 
            str(dft_tmp_clus3.loc[dft_tmp_clus3.neighborhood == neighborhood, 
                                  "top_venues"].values)), 
                             parse_html=False) 
 
    elif cluster == 3: 
        label = folium.Popup("<h6> <center> Market </center> </h6> \ 
                             <h6><b> {}</b> : {}</h6> \ 
                          <h6> : {} </h6> ".format( 
            str(poi), str(top_spot),  
            str(dft_tmp_clus4.loc[dft_tmp_clus4.neighborhood == neighborhood, 
                                  "top_venues"].values)), 
                             parse_html=False) 
 
 
    folium.CircleMarker([lat, lon], 
                        radius=7, 
                        popup=label, 
                        color=rainbow[cluster - 1], 
                        fill=True, 
                        fill_color=rainbow[cluster - 1], 
                        fill_opacity=0.7).add_to(map_clusters) 
 
map_clusters 

Out[57]: Make this Notebook Trusted to load map: File -> Trust Notebook
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Applying Machine Learning Models (Random Forest, XGBoost)
Data Source : https://www.gov.uk/guidance/about-the-price-paid-data#explanations-of-column-headers-in-the-ppd

Explanations of column headers in the PPD The data is published in columns in the order set out in the table, we do not supply column
headers in the files.

Transaction unique identifier: A reference number which is generated automatically recording each published sale. The number is
unique and will change each time a sale is recorded.
Price :Sale price stated on the transfer deed.
Date of Transfer: Date when the sale was completed, as stated on the transfer deed.
Postcode This is the postcode used at the time of the original transaction. Note that postcodes can be reallocated and these changes
are not reflected in the Price Paid Dataset.
Property Type D = Detached, S = Semi-Detached, T = Terraced, F = Flats/Maisonettes, O = Other

Note that:

we only record the above categories to describe property type, we do not separately identify bungalows
end-of-terrace properties are included in the Terraced category above
‘Other’ is only valid where the transaction relates to a property type that is not covered by existing values, for example where a
property comprises more than one large parcel of land

Old/New Indicates the age of the property and applies to all price paid transactions, residential and non-residential. Y = a newly built
property, N = an established residential building

Duration Relates to the tenure: F = Freehold, L= Leasehold etc.

Note that HM Land Registry does not record leases of 7 years or less in the Price Paid Dataset.

PAON Primary Addressable Object Name. Typically the house number or name.
SAON Secondary Addressable Object Name. Where a property has been divided into separate units (for example, flats), the PAON
(above) will identify the building and a SAON will be specified that identifies the separate unit/flat.
Street
Locality
Town/City
District
County
PPD Category Type Indicates the type of Price Paid transaction. A = Standard Price Paid entry, includes single residential property sold
for value. B = Additional Price Paid entry including transfers under a power of sale/repossessions, buy-to-lets (where they can be
identified by a Mortgage), transfers to non-private individuals and sales where the property type is classed as ‘Other’.

Note that category B does not separately identify the transaction types stated. HM Land Registry has been collecting information on
Category A transactions from January 1995. Category B transactions were identified from October 2013.

Record Status - monthly file only Indicates additions, changes and deletions to the records.(see guide below). A = Addition C =
Change D = Delete

Note that where a transaction changes category type due to misallocation (as above) it will be deleted from the original category type and
added to the correct category with a new transaction unique identifier. The date field - the date of the transfer deed lodged with us for
registration.

(231624, 18)

(231624, 18)

Initial date of Data 2022-01-01 00:00:00 
Last date of Data 2022-06-27 00:00:00 

Text(0.5, 1.0, 'Price')

We can see various outliers, thus removing outliers

(153450000, 100, 260000.0)

Postcode1 current_energy_rating construction_age_band total_floor_area flat_storey_count energy_tariff

0 NG20 8XN C NO DATA! 85.0 NaN standard tariff

1 NG6 0AX E England and Wales: 1900-1929 79.0 NaN dual

2 NG24 1FR 0 0 0.0 0.0 0

3 NG17 2TR 0 0 0.0 0.0 0

4 NG9 4DP D England and Wales: 1950-1966 75.0 NaN Single

231624

Postcode1 current_energy_rating construction_age_band total_floor_area flat_storey_count energy_tariff

0 NG20 8XN C NO DATA! 85.0 NaN standard tariff

1 NG6 0AX E England and Wales: 1900-1929 79.0 NaN dual

2 NG24 1FR 0 0 0.0 0.0 0

3 NG17 2TR 0 0 0.0 0.0 0

4 NG9 4DP D England and Wales: 1950-1966 75.0 NaN Single

sno                                       0 
Transaction unique identifier             0 
Price                                     0 
Date of Transfer                          0 
Postcode                                293 
Property Type                             0 
Old/New                                   0 
Duration                                  0 
PAON                                      0 
SAON                                 205015 
Street                                 3565 
Locality                             147801 
Town/City                                 0 
District                                  0 
County                                    0 
PPD Category Type                         0 
Record Status - monthly file only         0 
Country                                   0 
Postcode1                              1668 
current_energy_rating                  1668 
construction_age_band                  2378 
total_floor_area                       1668 
flat_storey_count                    171047 
energy_tariff                        110156 
dtype: int64

Length of dataset before dropping null values 231624 
Length of dataset after dropping null values 231624 

Length of dataframe before dropping duplicates 231624 
Length of dataframe after dropping duplicates 231240 

Number of rows where postcode mismatches:  1620 
Length of dataframe before dropping postcodes 231240 
Length of dataframe after dropping postcodes 229620 

Price                         0 
Date of Transfer              0 
Postcode                      0 
Property Type                 0 
Old/New                       0 
Duration                      0 
Town/City                     0 
District                      0 
County                        0 
PPD Category Type             0 
Country                       0 
Postcode1                     0 
current_energy_rating         0 
construction_age_band       710 
total_floor_area              0 
energy_tariff            108403 
dtype: int64

Price                    0 
Date of Transfer         0 
Postcode                 0 
Property Type            0 
Old/New                  0 
Duration                 0 
Town/City                0 
District                 0 
County                   0 
PPD Category Type        0 
Country                  0 
Postcode1                0 
current_energy_rating    0 
construction_age_band    0 
total_floor_area         0 
energy_tariff            0 
dtype: int64

We have finally got rid of null values

193081

Number of rows with no data! in construction_age_band:  8594 
Length of dataframe before dropping specific values in construction_age_band: 229620 
Length of dataframe after dropping specific values in construction_age_band: 221026 

D    81935 
0    58622 
C    42142 
E    28216 
F     5854 
B     2502 
G     1671 
A       84 
Name: current_energy_rating, dtype: int64

Unknown             113761 
Single               61784 
0                    32521 
dual                  8606 
off-peak 7 hour       2642 
standard tariff       1084 
off-peak 10 hour       533 
dual (24 hour)          46 
NO DATA!                34 
off-peak 18 hour         7 
24 hour                  6 
5                        2 
Name: energy_tariff, dtype: int64

Unknown             146318 
Single               61784 
dual                  8606 
off-peak 7 hour       2642 
standard tariff       1084 
off-peak 10 hour       533 
dual (24 hour)          46 
off-peak 18 hour         7 
24 hour                  6 
Name: energy_tariff, dtype: int64

T    69994 
S    61657 
D    44649 
F    38912 
O     5814 
Name: Property Type, dtype: int64

N    219689 
Y      1337 
Name: Old/New, dtype: int64

F    171343 
L     49683 
Name: Duration, dtype: int64

number of unique values : 1141 
LONDON                14427 
MANCHESTER             3493 
BIRMINGHAM             3316 
BRISTOL                3156 
NOTTINGHAM             3151 
                      ...   
WESTBURY-ON-SEVERN        1 
ARTHOG                    1 
LYDBURY NORTH             1 
NEWCASTLETON              1 
CONISTON                  1 
Name: Town/City, Length: 1141, dtype: int64

number of unique values : 331 
BIRMINGHAM           3273 
LEEDS                3014 
CORNWALL             2355 
COUNTY DURHAM        2276 
BRADFORD             2089 
                     ...  
OADBY AND WIGSTON     189 
MELTON                171 
RUTLAND               138 
CITY OF LONDON         46 
ISLES OF SCILLY         5 
Name: District, Length: 331, dtype: int64

number of unique values : 112 
GREATER LONDON        24835 
GREATER MANCHESTER    10054 
WEST MIDLANDS          9113 
WEST YORKSHIRE         8926 
KENT                   6286 
                      ...   
CEREDIGION              303 
BLAENAU GWENT           291 
MERTHYR TYDFIL          263 
RUTLAND                 138 
ISLES OF SCILLY           5 
Name: County, Length: 112, dtype: int64

number of unique values : 2 
A    201171 
B     19855 
Name: PPD Category Type, dtype: int64

number of unique values : 8 
D    81935 
0    58622 
C    42142 
E    28216 
F     5854 
B     2502 
G     1671 
A       84 
Name: current_energy_rating, dtype: int64

number of unique values : 44 
0                                  58622 
England and Wales: 1950-1966       27642 
England and Wales: 1900-1929       27417 
England and Wales: 1930-1949       25643 
England and Wales: 1967-1975       20057 
England and Wales: before 1900     15185 
England and Wales: 1983-1990       11165 
England and Wales: 1976-1982        9726 
England and Wales: 1996-2002        8356 
England and Wales: 1991-1995        6069 
England and Wales: 2003-2006        5933 
England and Wales: 2007-2011        1807 
England and Wales: 2007 onwards     1601 
Unknown                              710 
2021                                 207 
2021                                 129 
England and Wales: 2012 onwards      122 
INVALID!                              94 
2020                                  79 
2022                                  78 
2019                                  77 
2018                                  58 
2020                                  58 
2022                                  54 
2018                                  26 
2019                                  17 
2017                                  17 
2017                                  15 
2016                                  13 
2013                                  10 
2014                                   8 
2016                                   7 
2014                                   6 
2015                                   4 
2010                                   3 
2012                                   2 
2008                                   2 
1950                                   1 
2013                                   1 
1930                                   1 
1900                                   1 
2015                                   1 
2009                                   1 
2010                                   1 
Name: construction_age_band, dtype: int64

number of unique values : 42 
Unknown                            59426 
England and Wales: 1950-1966       27642 
England and Wales: 1900-1929       27417 
England and Wales: 1930-1949       25643 
England and Wales: 1967-1975       20057 
England and Wales: before 1900     15185 
England and Wales: 1983-1990       11165 
England and Wales: 1976-1982        9726 
England and Wales: 1996-2002        8356 
England and Wales: 1991-1995        6069 
England and Wales: 2003-2006        5933 
England and Wales: 2007-2011        1807 
England and Wales: 2007 onwards     1601 
2021                                 207 
2021                                 129 
England and Wales: 2012 onwards      122 
2020                                  79 
2022                                  78 
2019                                  77 
2018                                  58 
2020                                  58 
2022                                  54 
2018                                  26 
2019                                  17 
2017                                  17 
2017                                  15 
2016                                  13 
2013                                  10 
2014                                   8 
2016                                   7 
2014                                   6 
2015                                   4 
2010                                   3 
2012                                   2 
2008                                   2 
1950                                   1 
2013                                   1 
1930                                   1 
1900                                   1 
2015                                   1 
2009                                   1 
2010                                   1 
Name: construction_age_band, dtype: int64

number of unique values : 10098 
0.00      58630 
83.00      2645 
84.00      2617 
78.00      2610 
86.00      2573 
          ...   
129.50        1 
86.97         1 
207.81        1 
56.01         1 
123.77        1 
Name: total_floor_area, Length: 10098, dtype: int64

number of unique values : 9 
Unknown             146318 
Single               61784 
dual                  8606 
off-peak 7 hour       2642 
standard tariff       1084 
off-peak 10 hour       533 
dual (24 hour)          46 
off-peak 18 hour         7 
24 hour                  6 
Name: energy_tariff, dtype: int64

sno
Transaction

unique
identifier

Price Date of
Transfer Postcode Property

Type Old/New Duration PAON SAON Street Locality Town/City

0 1

{E073986B-
94F0-2134-

E053-
6C04A8C0233B}

141000 2022-
02-04

NG20
8XN S N F 8 NaN HEWETT

STREET
WARSOP

VALE MANSFIELD M

1 2

{E073986B-
94F2-2134-

E053-
6C04A8C0233B}

90000 2022-
02-22 NG6 0AX T N F 16 NaN BURNABY

STREET NaN NOTTINGHAM NOT

2 3

{E073986B-
94F3-2134-

E053-
6C04A8C0233B}

250000 2022-
02-04

NG24
1FR T N F RIVER

VIEW 28 TRENT
LANE NaN NEWARK NEW

SH

3 4

{E073986B-
94F5-2134-

E053-
6C04A8C0233B}

160000 2022-
04-25

NG17
2TR S N F 41 NaN PARKLAND

VIEW HUTHWAITE SUTTON-IN-
ASHFIELD

4 5

{E073986B-
94F9-2134-

E053-
6C04A8C0233B}

315000 2022-
02-28 NG9 4DP S N F 17 NaN CLIFFGROVE

AVENUE BEESTON NOTTINGHAM B

sno
Transaction

unique
identifier

Price Date of
Transfer Postcode Property

Type Old/New Duration PAON SAON Street Locality Town/City

0 1

{E073986B-
94F0-2134-

E053-
6C04A8C0233B}

141000 2022-
02-04

NG20
8XN S N F 8 NaN HEWETT

STREET
WARSOP

VALE MANSFIELD M

1 2

{E073986B-
94F2-2134-

E053-
6C04A8C0233B}

90000 2022-
02-22 NG6 0AX T N F 16 NaN BURNABY

STREET NaN NOTTINGHAM NOT

2 3

{E073986B-
94F3-2134-

E053-
6C04A8C0233B}

250000 2022-
02-04

NG24
1FR T N F RIVER

VIEW 28 TRENT
LANE NaN NEWARK NEW

SH

3 4

{E073986B-
94F5-2134-

E053-
6C04A8C0233B}

160000 2022-
04-25

NG17
2TR S N F 41 NaN PARKLAND

VIEW HUTHWAITE SUTTON-IN-
ASHFIELD

4 5

{E073986B-
94F9-2134-

E053-
6C04A8C0233B}

315000 2022-
02-28 NG9 4DP S N F 17 NaN CLIFFGROVE

AVENUE BEESTON NOTTINGHAM B

sno
Transaction

unique
identifier

Price Date of
Transfer Postcode Property

Type Old/New Duration PAON SAON ... County PPD Categor
Typ

0 1

{E073986B-
94F0-2134-

E053-
6C04A8C0233B}

141000 2022-
02-04

NG20
8XN S N F 8 NaN ... NOTTINGHAMSHIRE

1 2

{E073986B-
94F2-2134-

E053-
6C04A8C0233B}

90000 2022-
02-22 NG6 0AX T N F 16 NaN ... CITY OF

NOTTINGHAM

2 3

{E073986B-
94F3-2134-

E053-
6C04A8C0233B}

250000 2022-
02-04

NG24
1FR T N F RIVER

VIEW 28 ... NOTTINGHAMSHIRE

3 4

{E073986B-
94F5-2134-

E053-
6C04A8C0233B}

160000 2022-
04-25

NG17
2TR S N F 41 NaN ... NOTTINGHAMSHIRE

4 5

{E073986B-
94F9-2134-

E053-
6C04A8C0233B}

315000 2022-
02-28 NG9 4DP S N F 17 NaN ... NOTTINGHAMSHIRE

... ... ... ... ... ... ... ... ... ... ... ... ...

231619 231620

{E2D14905-
6FCB-4C2D-

E053-
6B04A8C0422B}

240110 2022-
04-29 GL51 6UJ T N F 10 NaN ... GLOUCESTERSHIRE

231620 231621

{E2D14905-
6FCC-4C2D-

E053-
6B04A8C0422B}

695000 2022-
05-25

BS36
2EW D N F 239 NaN ... SOUTH

GLOUCESTERSHIRE

231621 231622

{E2D14905-
6FCE-4C2D-

E053-
6B04A8C0422B}

637500 2022-
06-06

GL52
3DU D N F 60 NaN ... GLOUCESTERSHIRE

231622 231623

{E2D14905-
6FD0-4C2D-

E053-
6B04A8C0422B}

250000 2022-
06-10 GL50 4EP T N F 3 NaN ... GLOUCESTERSHIRE

231623 231624

{E2D14905-
6FD1-4C2D-

E053-
6B04A8C0422B}

470000 2022-
05-25 GL11 4BZ D N F 3 NaN ... GLOUCESTERSHIRE

231624 rows × 24 columns

Price Date of
Transfer Postcode Property

Type Old/New Duration Town/City District County PPD Category
Type Country Postco

0 141000 2022-
02-04

NG20
8XN S N F MANSFIELD MANSFIELD NOTTINGHAMSHIRE A England NG20 

1 90000 2022-
02-22 NG6 0AX T N F NOTTINGHAM CITY OF

NOTTINGHAM
CITY OF

NOTTINGHAM A England NG6 

2 250000 2022-
02-04

NG24
1FR T N F NEWARK NEWARK AND

SHERWOOD NOTTINGHAMSHIRE A England NG24 

3 160000 2022-
04-25

NG17
2TR S N F SUTTON-IN-

ASHFIELD ASHFIELD NOTTINGHAMSHIRE A England NG17 

4 315000 2022-
02-28 NG9 4DP S N F NOTTINGHAM BROXTOWE NOTTINGHAMSHIRE A England NG9 

Price Date of
Transfer Postcode Property

Type Old/New Duration Town/City District County PPD Category
Type Country Postco

0 141000 2022-
02-04

NG20
8XN S N F MANSFIELD MANSFIELD NOTTINGHAMSHIRE A England NG20 

1 90000 2022-
02-22 NG6 0AX T N F NOTTINGHAM CITY OF

NOTTINGHAM
CITY OF

NOTTINGHAM A England NG6 

2 250000 2022-
02-04

NG24
1FR T N F NEWARK NEWARK AND

SHERWOOD NOTTINGHAMSHIRE A England NG24 

3 160000 2022-
04-25

NG17
2TR S N F SUTTON-IN-

ASHFIELD ASHFIELD NOTTINGHAMSHIRE A England NG17 

4 315000 2022-
02-28 NG9 4DP S N F NOTTINGHAM BROXTOWE NOTTINGHAMSHIRE A England NG9 

Price Date of
Transfer

Property
Type Old/New Duration Town/City District County PPD Category

Type Country current_energy_ra

0 141000 2022-
02-04 S N F MANSFIELD MANSFIELD NOTTINGHAMSHIRE A England

1 90000 2022-
02-22 T N F NOTTINGHAM CITY OF

NOTTINGHAM
CITY OF

NOTTINGHAM A England

2 250000 2022-
02-04 T N F NEWARK NEWARK AND

SHERWOOD NOTTINGHAMSHIRE A England

3 160000 2022-
04-25 S N F SUTTON-IN-

ASHFIELD ASHFIELD NOTTINGHAMSHIRE A England

4 315000 2022-
02-28 S N F NOTTINGHAM BROXTOWE NOTTINGHAMSHIRE A England

In [124… #importing various libraries 
 
import pandas as pd 
import seaborn as sns 
import matplotlib.pyplot as plt 
import requests 
from io import StringIO  
from statsmodels.graphics.factorplots import interaction_plot 
import time 
import statsmodels.api as sm 
from statsmodels.formula.api import ols 
import scipy.stats as stats 
from scipy.stats import f_oneway 
from sklearn.ensemble import RandomForestRegressor 
from sklearn.preprocessing import LabelEncoder 
from sklearn.model_selection import train_test_split 
from sklearn.preprocessing import StandardScaler, MinMaxScaler 
from sklearn.experimental import enable_halving_search_cv 
from sklearn.model_selection import HalvingRandomSearchCV 
from sklearn.svm import SVR 
import numpy as np 
from xgboost import XGBRegressor 
from sklearn import metrics 
import joblib 
import warnings 
warnings.filterwarnings('ignore') 

In [3]: #importing dataset for 2022 
df_2022 = pd.read_excel(r'pp-2022.xlsx') 
df_2022.head() 

Out[3]:

In [4]: #checking the shape 
df_2022.shape 

Out[4]:

In [5]: #checking shape of the dataset 
df_2022.shape 

Out[5]:

In [6]: #checking the last and first date of the dataframe 
print("Initial date of Data",df_2022['Date of Transfer'].min()) 
print("Last date of Data",df_2022['Date of Transfer'].max()) 

In [7]: #checking the top records 
df_2022.head() 

Out[7]:

In [8]: #plotting a boxplot for price  
plt.figure(figsize=(12,8)) 
sns.boxplot(x = df_2022['Price']) 
plt.title('Price') 

Out[8]:

In [9]: #checking the max, min and median prices 
df_2022.Price.max(), df_2022.Price.min(), df_2022.Price.median() 

Out[9]:

In [10]: def get_energy(PAON,Street,postcode): 
    record=[] 
    headers = { 
        'Accept': 'text/csv', 
        'Authorization': 'Basic YW5rdXNoYmFiYmFyMEBnbWFpbC5jb206M2E2ZDBmNTdlMWM1ZmViZTU0MWVkY2RjODlmMmE3NmMyN2Q
    } 
 
 
    params = { 
        'postcode': postcode, 
    } 
    try: 
        response = requests.get('https://epc.opendatacommunities.org/api/v1/domestic/search', params=params, he
        df = pd.read_csv(StringIO(response.text)) 
        df['address1']=df['address1'].str.upper() 
        df1 =df.copy() 
        add ='{}, {}'.format(PAON,Street) 
        df=df[df.address1==add] 
        if len(df) ==0: 
            add1 ='{} {}'.format(PAON,Street) 
            df1=df1[df1.address1==add1] 
            if len(df1)== 0: 
                current_energy_rating ='0' 
                construction_age_band =0 
                total_floor_area =0 
                flat_storey_count =0 
                energy_tariff ='0' 
                return (postcode,current_energy_rating,construction_age_band,total_floor_area,flat_storey_count
 
            else: 
                pos =postcode 
                current_energy_rating =df1['current-energy-rating'].values[-1] 
                construction_age_band =df1['construction-age-band'].values[-1] 
                total_floor_area =df1['total-floor-area'].values[-1] 
                flat_storey_count =df1['flat-storey-count'].values[-1] 
                energy_tariff =df1['energy-tariff'].values[-1] 
                return (postcode,current_energy_rating,construction_age_band,total_floor_area,flat_storey_count
        else: 
            current_energy_rating =df['current-energy-rating'].values[-1] 
            construction_age_band =df['construction-age-band'].values[-1] 
            total_floor_area =df['total-floor-area'].values[-1] 
            flat_storey_count =df['flat-storey-count'].values[-1] 
            energy_tariff =df['energy-tariff'].values[-1] 
 
            return (postcode,current_energy_rating,construction_age_band,total_floor_area,flat_storey_count,ene
    except: 
        pass 
     

In [ ]: #getting the information from the API 
lst_values=[] 
for PAON,street,postcode in zip(df_2022['PAON'],df_2022['Street'],df_2022['Postcode']): 
    tupvalues =get_energy(PAON=PAON,Street=street,postcode=postcode) 
    lst_values.append(tupvalues) 

In [ ]: #creating a dataframe 
headers = ['Postcode1','current_energy_rating','construction_age_band','total_floor_area','flat_storey_count','
df_epc = pd.DataFrame(lst_values,columns=headers) 

In [13]: #checking the head of dataset 
df_epc.head() 

Out[13]:

In [171… len(df_epc) 

Out[171…

In [11]: df_epc = pd.read_excel(r'EPC.xlsx') 
df_epc.drop(['Unnamed: 0'],axis=1,inplace=True) 
df_epc.head() 

Out[11]:

In [ ]: #saving the file into system 
df_epc.to_excel('EPC.xlsx') 

In [12]: #merging both dataframes 
df_final = pd.concat([df_2022, df_epc], axis=1) 

In [13]: df_final 

Out[13]:

In [14]: #checking the null values 
df_final.isna().sum() 

Out[14]:

In [15]: #dropping non required columns and columns with maximum null values 
print("Length of dataset before dropping null values",len(df_final)) 
df_final.drop(['sno','Transaction unique identifier','PAON','SAON','Street','Locality','Record Status - monthly
print("Length of dataset after dropping null values",len(df_final)) 

In [16]: #top 5 rows  
df_final.head() 

Out[16]:

In [17]: ##dropping duplicates 
print("Length of dataframe before dropping duplicates",len(df_final)) 
df_final.drop_duplicates(inplace=True) 
print("Length of dataframe after dropping duplicates",len(df_final)) 

In [18]: #dropping the rows where postcode mistmatches 
print("Number of rows where postcode mismatches: ",len(df_final[df_final.Postcode!=df_final.Postcode1])) 
print("Length of dataframe before dropping postcodes",len(df_final)) 
df_final =df_final[df_final.Postcode==df_final.Postcode1] 
print("Length of dataframe after dropping postcodes",len(df_final)) 

In [19]: #checking the null values 
df_final.isna().sum() 

Out[19]:

In [20]: #filling the nan values with unknown 
df_final['construction_age_band']=df_final['construction_age_band'].replace(np.nan, "Unknown") 
df_final['energy_tariff']=df_final['energy_tariff'].replace(np.nan,"Unknown") 

In [21]: #checking null values 
df_final.isna().sum() 

Out[21]:

In [22]: #checking the unique postcodes available 
df_final.Postcode.nunique() 

Out[22]:

In [23]: #splitting the postcode into postcode and subcode 
df_final[['areacode','subcode']]=df_final.Postcode.str.split(' ',expand=True) 
df_final.head() 

Out[23]:

In [24]: #dropping the postcode, postcode1 
df_final.drop(['Postcode','Postcode1','subcode'],axis=1,inplace=True) 
df_final.head() 

Out[24]:

In [25]: #dropping the values of construction_age_band where value is no data! 
 
print("Number of rows with no data! in construction_age_band: ",len(df_final[df_final.construction_age_band=='N
print("Length of dataframe before dropping specific values in construction_age_band:",len(df_final)) 
df_final =df_final[df_final.construction_age_band != 'NO DATA!'] 
print("Length of dataframe after dropping specific values in construction_age_band:",len(df_final)) 

In [26]: #checking values in current_energy_rating column 
df_final.current_energy_rating.value_counts() 

Out[26]:

In [27]: #checking values in current_energy_rating column 
df_final.energy_tariff.value_counts() 

Out[27]:

In [28]: #mapping the no data to unknown in energy ratings columns 
df_final.loc[df_final["energy_tariff"] == "NO DATA!", "energy_tariff"] = 'Unknown' 
df_final.loc[df_final["energy_tariff"] == '5', "energy_tariff"] = 'Unknown' 
df_final.loc[df_final["energy_tariff"] == '0', "energy_tariff"] = 'Unknown' 

In [29]: #checking values in current_energy_rating column 
df_final.energy_tariff.value_counts() 

Out[29]:

In [30]: #checking the value counts of Property Type column 
df_final['Property Type'].value_counts() 

Out[30]:

In [31]: #checking the value counts of Old/New column 
df_final['Old/New'].value_counts() 

Out[31]:

In [32]: #checking the value counts of Duration column 
df_final['Duration'].value_counts() 

Out[32]:

In [33]: #checking the count of Town/City columns 
print("number of unique values :",df_final['Town/City'].nunique()) 
df_final['Town/City'].value_counts() 

Out[33]:

In [34]: #checking the count of District columns 
print("number of unique values :",df_final['District'].nunique()) 
df_final['District'].value_counts() 

Out[34]:

In [35]: #checking the count of County columns 
print("number of unique values :",df_final['County'].nunique()) 
df_final['County'].value_counts() 

Out[35]:

In [36]: #checking the count of PPD Category Type columns 
print("number of unique values :",df_final['PPD\xa0Category Type'].nunique()) 
df_final['PPD\xa0Category Type'].value_counts() 

Out[36]:

In [37]: #checking the count of current_energy_rating columns 
print("number of unique values :",df_final['current_energy_rating'].nunique()) 
df_final['current_energy_rating'].value_counts() 

Out[37]:

In [38]: #checking the count of construction_age_band columns 
print("number of unique values :",df_final['construction_age_band'].nunique()) 
df_final['construction_age_band'].value_counts() 

Out[38]:

In [39]: #mapping the no data to unknown in construction_age_band columns 
df_final.loc[df_final["construction_age_band"] == "INVALID!", "construction_age_band"] = 'Unknown' 
df_final.loc[df_final["construction_age_band"] == 0, "construction_age_band"] = 'Unknown' 

In [40]: #checking the count of construction_age_band columns 
print("number of unique values :",df_final['construction_age_band'].nunique()) 
df_final['construction_age_band'].value_counts() 

Out[40]:

In [41]: #checking the count of total_floor_area columns 
print("number of unique values :",df_final['total_floor_area'].nunique()) 
df_final['total_floor_area'].value_counts() 

Out[41]:

In [42]: #checking the count of energy_tariff columns 
print("number of unique values :",df_final['energy_tariff'].nunique()) 
df_final['energy_tariff'].value_counts() 

Out[42]:

https://www.gov.uk/guidance/about-the-price-paid-data#explanations-of-column-headers-in-the-ppd


number of unique values : 2265 
CR0     489 
BN3     430 
BN1     387 
LE2     385 
NG5     383 
       ...  
WC2N      1 
MK1       1 
B4        1 
EC3R      1 
LA21      1 
Name: areacode, Length: 2265, dtype: int64

 1950-1966       27642 
 1900-1929       27417 
 1930-1949       25643 
 1967-1975       20057 
 before 1900     15185 
 1983-1990       11165 
 1976-1982        9726 
 1996-2002        8356 
 1991-1995        6069 
 2003-2006        5933 
 2007-2011        1807 
 2007 onwards     1601 
 2012 onwards      122 
Name: construction_age_band, dtype: int64

Dropped column 

Price                             int64 
Date of Transfer         datetime64[ns] 
Property Type                    object 
Old/New                          object 
Duration                         object 
Town/City                        object 
District                         object 
County                           object 
PPD Category Type                object 
Country                          object 
current_energy_rating            object 
construction_age_band            object 
total_floor_area                float64 
energy_tariff                    object 
areacode                         object 
dtype: object

Text(0.5, 1.0, 'Price')

We can see there are outliers, thus dropping the outliers

(153450000, 100, 260000.0)

Length of dataset before dropping outliers 221026 
Length of dataset after dropping outliers 213440 
Text(0.5, 1.0, 'Price')

We can see that the prices postive skewed( right-skewed distribution)

<seaborn.axisgrid.JointGrid at 0x2995ee4cca0>

GREATER LONDON        21355 
GREATER MANCHESTER     9959 
WEST MIDLANDS          9062 
WEST YORKSHIRE         8873 
KENT                   6093 
                      ...   
CEREDIGION              300 
BLAENAU GWENT           291 
MERTHYR TYDFIL          263 
RUTLAND                 137 
ISLES OF SCILLY           5 
Name: County, Length: 112, dtype: int64

Property Type D F O S T

County

GREATER LONDON 687 10598 437 3373 6260

GREATER MANCHESTER 1128 1263 223 3416 3929

WEST MIDLANDS 1141 1223 144 3230 3324

WEST YORKSHIRE 1299 790 163 3009 3612

Duration F L

County

GREATER LONDON 10297 11058

GREATER MANCHESTER 4927 5032

WEST MIDLANDS 7530 1532

WEST YORKSHIRE 7770 1103

We can see from the above plot that June month has the Highest prices , while Feb has the lowest prices.

We can see from the above chart that the mid days of the months are the highest Prices.

LONDON           11580 
MANCHESTER        3470 
BIRMINGHAM        3296 
NOTTINGHAM        3131 
BRISTOL           3069 
                 ...   
BAMBURGH             1 
ARTHOG               1 
LYDBURY NORTH        1 
NEWCASTLETON         1 
CONISTON             1 
Name: Town/City, Length: 1141, dtype: int64

Rank city population

0 113 GREATER LONDON 8799800

1 112 WEST MIDLANDS 5950800

2 111 GREATER MANCHESTER 2867800

3 110 WEST YORKSHIRE 2351600

4 109 KENT 1576100

<AxesSubplot:>

Price                             int64 
Date of Transfer         datetime64[ns] 
Property Type                    object 
Old/New                          object 
Duration                         object 
Town/City                        object 
District                         object 
County                           object 
PPD Category Type                object 
Country                          object 
current_energy_rating            object 
construction_age_band            object 
total_floor_area                float64 
energy_tariff                    object 
areacode                         object 
day                               int64 
month                             int64 
year                              int64 
county_rank                       int64 
dtype: object

PointbiserialrResult(correlation=-0.15758437984589602, pvalue=0.0)

Since the correlation coefficient is negative, this indicates that when the variable Duration takes on the value “1” that the variable y tends to
take on lower values compared to when the variable Duration takes on the value “0.”  

Since the p-value of this correlation is less than .05, this correlation is statistically significant.

Price Date of
Transfer

Property
Type Old/New Duration Town/City District County PPD Category

Type Country current_energy_ra

1 90000 2022-
02-22 T N F NOTTINGHAM CITY OF

NOTTINGHAM
CITY OF

NOTTINGHAM A England

2 250000 2022-
02-04 T N F NEWARK NEWARK AND

SHERWOOD NOTTINGHAMSHIRE A England

3 160000 2022-
04-25 S N F SUTTON-IN-

ASHFIELD ASHFIELD NOTTINGHAMSHIRE A England

4 315000 2022-
02-28 S N F NOTTINGHAM BROXTOWE NOTTINGHAMSHIRE A England

6 115000 2022-
04-29 T N F RETFORD BASSETLAW NOTTINGHAMSHIRE A England

In [43]: #checking the count of areacode columns 
print("number of unique values :",df_final['areacode'].nunique()) 
df_final['areacode'].value_counts() 

Out[43]:

In [44]: df_final[['name','construction_age_band']]=df_final.construction_age_band.str.split(':',expand=True) 

In [45]: df_final['construction_age_band'].value_counts() 

Out[45]:

In [46]: #dropping name column 
df_final.drop('name',axis=1,inplace=True) 
print("Dropped column") 

In [47]: # checking the datatypes of dataset 
df_final.dtypes 

Out[47]:

In [48]: #plotting a boxplot for price  
plt.figure(figsize=(12,8)) 
sns.boxplot(x = df_final['Price']) 
plt.title('Price') 

Out[48]:

In [49]: #checking the max, min and median prices 
df_final.Price.max(), df_final.Price.min(), df_final.Price.median() 

Out[49]:

In [50]: print("Length of dataset before dropping outliers" ,len(df_final)) 
df_final = df_final.loc[(df_final['Price'] < 1000000) & (df_final['Price'] > 10000)] 
print("Length of dataset after dropping outliers" ,len(df_final)) 
sns.boxplot(y = df_final['Price']) 
plt.title('Price') 

Out[50]:

In [51]: #plotting the histogram for house prices 
sns.set_theme(style="darkgrid") 
plt.figure(figsize=(12,8)) 
df_final['Price'].hist() 
plt.title("Histogram for House Prices ",fontdict={'fontsize':20}) 
plt.ylabel('Price') 
plt.show() 

In [52]: #plotting the prices with type of property 
 
sns.set_theme(style="darkgrid") 
plt.figure(figsize=(12,8)) 
sns.boxplot(data=df_final ,y ='Price',x='Property Type') 
plt.title("House Prices vs Property Type ",fontdict={'fontsize':20}) 
plt.show() 

In [53]: #plotting the prices with Duration  
sns.set_theme(style="darkgrid") 
plt.figure(figsize=(12,8)) 
sns.boxplot(data=df_final ,y ='Price',x='Duration') 
plt.title("House Prices vs Duration ",fontdict={'fontsize':20}) 
plt.show() 

In [54]: #plotting the prices with Duration  
sns.set_theme(style="darkgrid") 
plt.figure(figsize=(12,8)) 
sns.boxplot(data=df_final ,y ='Price',x='Old/New') 
plt.title("House Prices vs Duration ",fontdict={'fontsize':20}) 
plt.show() 

In [55]: #creating a distplot for price 
 
sns.set_theme(style="darkgrid") 
plt.figure(figsize=(12,8)) 
sns.distplot(df_final['Price']) 
plt.title("Distplot for House Prices ",fontdict={'fontsize':20}) 
plt.ylabel('Price') 
plt.show() 

In [56]: #jointplot allows to study relationship between 2 features - price and square footage 
 
sns.jointplot(x='Price',y='total_floor_area',data=df_final,kind='reg') 

Out[56]:

In [57]: #use data based on some categorical feature use 'hue' parameter 
 
sns.set_theme(style="darkgrid") 
plt.figure(figsize=(12,8)) 
sns.boxplot(x='Price',y='Property Type',hue='Old/New',data=df_final) 
plt.title("BoxPlot  for House Prices with respect to Property Type",fontdict={'fontsize':20}) 
plt.ylabel('Price') 
plt.legend() 
plt.show() 

In [58]: #checking the different counties data 
df_final['County'].value_counts() 

Out[58]:

In [59]: #creating a temp dataframe with top 4 records city 
temp1=df_final[df_final['County']=='GREATER LONDON'] 
temp2=df_final[df_final['County']=='GREATER MANCHESTER'] 
temp3=df_final[df_final['County']=='WEST YORKSHIRE'] 
temp4=df_final[df_final['County']=='WEST MIDLANDS'] 
temp = pd.concat([temp1,temp2,temp3,temp4]) 

In [60]: #comparing top 4 records cities 
 
sns.set_theme(style="darkgrid") 
plt.figure(figsize=(12,8)) 
sns.boxplot(y='Price',x='County',data=temp) 
plt.title("BoxPlot  for House Prices for top 4 cities",fontdict={'fontsize':20}) 
plt.ylabel('Price') 
plt.show() 

In [61]: #creating a crosstab for cities with property type 
sns.set_theme(style="darkgrid") 
temp1 = pd.crosstab(temp['County'], temp['Property Type']) 
temp1.plot(kind = 'bar', stacked = True, grid = False,figsize=(12,8)) 
plt.title("Crosstab  for Number of Records with property types for top 4 cities",fontdict={'fontsize':20}) 
plt.ylabel('Number of records') 
plt.legend() 
plt.show() 

In [62]: #crosstab for property type with county for top 4 cities 
temp1 

Out[62]:

In [63]: #creating a crosstab for cities with property type 
sns.set_theme(style="darkgrid") 
temp1 = pd.crosstab(temp['County'], temp['Duration']) 
temp1.plot(kind = 'bar', stacked = True, grid = False,figsize=(12,8)) 
plt.title("Crosstab  for Number of Records with Duration for top 4 cities",fontdict={'fontsize':20}) 
plt.ylabel('Number of records') 
plt.legend() 
plt.show() 

In [64]: #crosstab for property type with county for top 4 cities 
temp1 

Out[64]:

In [65]: #creating a crosstab for cities with property type 
sns.set_theme(style="darkgrid") 
temp1 = pd.crosstab(temp['County'], temp['Old/New']) 
temp1.plot(kind = 'bar', stacked = True, grid = False,figsize=(12,8)) 
plt.title("Crosstab  for Number of Records with Old/New for top 4 cities",fontdict={'fontsize':20}) 
plt.ylabel('Number of records') 
plt.legend() 
plt.show() 

In [66]: #spliting the date  
df_final['day'] = df_final['Date of Transfer'].dt.day 
df_final['month'] = df_final['Date of Transfer'].dt.month 
df_final['year'] = df_final['Date of Transfer'].dt.year 

In [67]: #grouping the prices by month 
temp_month=df_final.groupby(['month'])['Price'].mean().reset_index() 
temp_month.set_index('month', inplace=True) 
temp_month.plot(figsize=(12,8)) 
plt.title("Mean Prices by Month ") 
plt.show() 

In [68]: #grouping the prices by day 
temp_month=df_final.groupby(['day'])['Price'].mean().reset_index() 
temp_month.set_index('day', inplace=True) 
temp_month.plot(figsize=(12,8)) 
plt.title("Mean Prices by days ") 
plt.show() 

In [69]: #checking the values for town/city column 
df_final['Town/City'].value_counts() 

Out[69]:

In [70]: #creating a list of cities 
citieslist =list(df_final['County'].unique()) 

In [71]: #uploading the dataset of population and converting the county into rank as per population 
pop = pd.read_csv(r'city.csv',index_col=False) 
pop.head() 

Out[71]:

In [72]: #ranking has been given as reverse , as it would give more weightage to the cities with higher population 
map_dict =dict(zip(pop.city,pop.Rank)) 
df_final['county_rank'] = df_final['County'].map(map_dict)  

In [73]: df_final.head() 

Out[73]:

In [74]: #find the correlation between numerical variables  
sns.heatmap(df_final[['Price','total_floor_area','county_rank']].corr(),annot=True) 

Out[74]:

In [75]: df_final.dtypes 

Out[75]:

In [76]: lbl_cols = ['Duration','Old/New','PPD\xa0Category Type'] 
df_final[lbl_cols] = df_final[lbl_cols].apply(LabelEncoder().fit_transform) 

In [77]: #calculating the pount biserial relationship between price and duration 
stats.pointbiserialr(df_final['Duration'], df_final['Price']) 

Out[77]:

In [78]: #calculating the pount biserial relationship between price and Old/New 
stats.pointbiserialr(df_final['Old/New'], df_final['Price']) 



PointbiserialrResult(correlation=0.03814508614481268, pvalue=1.4709251984730342e-69)

Since the correlation coefficient is positive, this indicates that when the variable old/new takes on the value “1” that the variable y tends to
take on higher values compared to when the variable Duration takes on the value “0.”

Since the p-value of this correlation is less than .05, this correlation is statistically significant.

PointbiserialrResult(correlation=-0.09294680132913051, pvalue=0.0)

Since the correlation coefficient is negative, this indicates that when the variable PPD category type takes on the value “1” that the variable
y tends to take on lower values compared to when the variable Duration takes on the value “0.”  

Since the p-value of this correlation is less than .05, this correlation is statistically significant.

Using ANOVA tests

Null hypothesis(H0): The variables are not correlated with each other  
Alternate hypothesis (HA) : The variables are correlated withe ach other  
 
P-value: The probability of Null hypothesis being true 
Accept Null hypothesis if P-value>0.05. Means variables are NOT correlated 
Reject Null hypothesis if P-value<0.05. Means variables are correlated

Property Type 
D    [95000, 430000, 342500, 399950, 299950, 340000... 
F    [42500, 80000, 260000, 202500, 272500, 98500, ... 
O    [940000, 425000, 155000, 435000, 315000, 47112... 
S    [160000, 315000, 142000, 180000, 147500, 11500... 
T    [90000, 250000, 115000, 145000, 255000, 120000... 
Name: Price, dtype: object

P-Value for Anova is:  0.0 

P-value is zero, hence, we reject H0.Thus, Property type are correlated with Price

current_energy_rating 
0    [250000, 160000, 95000, 42500, 312000, 228000,... 
A    [398000, 315000, 326000, 545000, 314000, 49000... 
B    [235000, 340000, 163500, 200000, 362500, 29500... 
C    [142000, 180000, 145000, 160000, 185000, 16000... 
D    [315000, 255000, 147500, 115000, 430000, 26200... 
E    [90000, 120000, 410000, 278000, 260000, 220000... 
F    [163000, 305000, 120000, 428000, 285000, 18495... 
G    [115000, 185000, 170000, 235000, 430000, 13750... 
Name: Price, dtype: object

P-Value for Anova is:  1.2195400678904125e-233 

P-value is zero, hence, we reject H0.Thus, Energy Rating are correlated with Price

construction_age_band 
 1900-1929       [90000, 115000, 255000, 120000, 262000, 245000... 
 1930-1949       [160000, 175000, 128000, 365000, 220000, 17350... 
 1950-1966       [315000, 115000, 430000, 133000, 170000, 41500... 
 1967-1975       [180000, 160000, 227000, 220000, 287500, 26500... 
 1976-1982       [147500, 333000, 425000, 165000, 260000, 24000... 
 1983-1990       [98500, 220000, 158000, 415000, 218000, 280000... 
 1991-1995       [145000, 541000, 195000, 228000, 235000, 70000... 
 1996-2002       [340000, 360000, 270000, 380000, 445000, 55000... 
 2003-2006       [295000, 350000, 250000, 220000, 335000, 13100... 
 2007 onwards    [114000, 285000, 380000, 405001, 285000, 31500... 
 2007-2011       [142000, 272000, 360000, 240000, 499999, 33000... 
 2012 onwards    [185000, 515000, 425000, 219950, 225000, 14000... 
 before 1900     [410000, 427500, 260000, 295000, 202500, 40000... 
Name: Price, dtype: object

P-Value for Anova is:  0.0 

P-value is zero, hence, we reject H0.Thus, construction_age_band are correlated with Price

energy_tariff 
24 hour                [165000, 232000, 640000, 720000, 83000, 84000] 
Single              [315000, 115000, 142000, 180000, 145000, 25500... 
Unknown             [250000, 160000, 95000, 430000, 42500, 312000,... 
dual                [90000, 287500, 295000, 245000, 98500, 220000,... 
dual (24 hour)      [330000, 246000, 265000, 265000, 117000, 10000... 
off-peak 10 hour    [427500, 460000, 225000, 600000, 300000, 69500... 
off-peak 18 hour    [775000, 337500, 170000, 495000, 215000, 48500... 
off-peak 7 hour     [170000, 484999, 285000, 425000, 375000, 18400... 
standard tariff     [158000, 218000, 235000, 725000, 340000, 16000... 
Name: Price, dtype: object

P-Value for Anova is:  3.2217334594631206e-143 

P-value is zero, hence, we reject H0.Thus,energy_tariff are correlated with Price

Applying different machine learning models

Shape of X : (213440, 3884) 
Shape of y : (213440,) 

Length of X train : 170752 
Length of X test : 42688 
Length of y train : 170752 
Length of y test : 42688 

Random Forest Regressor

Mean Absolute Error: 0.06218586146351945 
Mean Squared Error: 0.009524752364211374 
Root Mean Squared Error: 0.09759483779489248 
Accuracy Score : 0.7299776677246597 

{'n_estimators': 300, 
 'min_samples_split': 12, 
 'min_samples_leaf': 5, 
 'max_features': 3, 
 'max_depth': 110, 
 'bootstrap': True}

Best Parameters :{'n_estimators': 300, 'min_samples_split': 12, 'min_samples_leaf': 5, 'max_features': 3, 'max_depth': 110, 'bootstrap': True}

Mean Absolute Error: 0.12657476102724735 
Mean Squared Error: 0.027794655718243414 
Root Mean Squared Error: 0.16671729279904773 
Accuracy Score : 0.2120343422228571 

XGBoost

Mean Absolute Error: 0.0647268204437298 
Mean Squared Error: 0.00938955641592986 
Root Mean Squared Error: 0.09689972350801554 
Accuracy Score : 0.7338104104431284 

{'n_estimators': 1100, 
 'min_child_weight': 3, 
 'max_depth': 10, 
 'learning_rate': 0.1}

Mean Absolute Error: 0.05886637033859404 
Mean Squared Error: 0.008250705609878145 
Root Mean Squared Error: 0.09083339479441548 
Accuracy Score : 0.7660963050265094 

['xgboost_model.sav']

213440

Mean Absolute Error: 58347.17076307548 
Mean Squared Error: 6915789336.875405 
Root Mean Squared Error: 83161.22496016641 
Accuracy Score : 0.7825763983704952 

{'n_estimators': 1500, 
 'min_child_weight': 1, 
 'max_depth': 2, 
 'learning_rate': 0.05}

Mean Absolute Error: 69493.09799306658 
Mean Squared Error: 9014938196.038923 
Root Mean Squared Error: 94947.02836865892 
Accuracy Score : 0.7165818338914673 

['xgboost_model1.sav']

Price Date of
Transfer Old/New Duration PPD Category

Type total_floor_area day month year county_rank ... areacode_YO32 areacode_YO41

1 90000 2022-
02-22 0 0 0 79.0 22 2 2022 67 ... 0 0

2 250000 2022-
02-04 0 0 0 0.0 4 2 2022 97 ... 0 0

3 160000 2022-
04-25 0 0 0 0.0 25 4 2022 97 ... 0 0

4 315000 2022-
02-28 0 0 0 75.0 28 2 2022 97 ... 0 0

6 115000 2022-
04-29 0 0 0 80.0 29 4 2022 97 ... 0 0

5 rows × 3889 columns

Price Property
Type Old/New Duration PPD Category

Type current_energy_rating construction_age_band total_floor_area energy_tariff areacode

1 90000 T 0 0 0 E 1900-1929 79.0 dual NG6

2 250000 T 0 0 0 0 None 0.0 Unknown NG24

3 160000 S 0 0 0 0 None 0.0 Unknown NG17

4 315000 S 0 0 0 D 1950-1966 75.0 Single NG9

6 115000 T 0 0 0 G 1900-1929 80.0 Single DN22

Out[78]:

In [79]: #calculating the pount biserial relationship between price and PPD category type 
stats.pointbiserialr(df_final['PPD\xa0Category Type'], df_final['Price']) 

Out[79]:

In [80]: #finding the correlation between categorical variables and continous variable using ANOVA tests 
# creating a category list for property type 
cat_group=df_final.groupby('Property Type')['Price'].apply(list) 

In [81]: cat_group 

Out[81]:

In [82]: AnovaResults = f_oneway(*cat_group) 
print('P-Value for Anova is: ', AnovaResults[1]) 

In [83]: #finding the correlation between categorical variables and continous variable using ANOVA tests 
# creating a category list for current_energy_rating  
cat_group_1=df_final.groupby('current_energy_rating')['Price'].apply(list) 

In [84]: cat_group_1 

Out[84]:

In [85]: AnovaResults = f_oneway(*cat_group_1) 
print('P-Value for Anova is: ', AnovaResults[1]) 

In [86]: #finding the correlation between categorical variables and continous variable using ANOVA tests 
# creating a category list for construction_age_band  
cat_group_2=df_final.groupby('construction_age_band')['Price'].apply(list) 

In [87]: cat_group_2 

Out[87]:

In [88]: AnovaResults = f_oneway(*cat_group_2) 
print('P-Value for Anova is: ', AnovaResults[1]) 

In [89]: #finding the correlation between categorical variables and continous variable using ANOVA tests 
# creating a category list for current_energy_rating  
cat_group_3=df_final.groupby('energy_tariff')['Price'].apply(list) 

In [90]: cat_group_3 

Out[90]:

In [91]: AnovaResults = f_oneway(*cat_group_3) 
print('P-Value for Anova is: ', AnovaResults[1]) 

In [93]: #dropping the country column 
df_final.drop("Country",axis=1,inplace=True) 

In [94]: #one hot encoding 
dummy_df = pd.get_dummies(df_final, prefix={'Property Type':'Property_Type', 
                                      'District':'District', 
                                            'Town/City':'Town/City', 
                                      'County':'County', 
                                      'current_energy_rating':'current_energy_rating', 
                                      'construction_age_band':'construction_age_band', 
                                      'construction_age_band':'construction_age_band', 
                                     'energy_tariff':'energy_tariff', 
                                     'areacode':'areacode'}) 

In [95]: #checking the top 5 rows 
dummy_df.head() 

Out[95]:

In [96]: #splitting the data into dependent and independent data 
X = dummy_df.drop(['Price','Date of Transfer','day','month','year'],axis=1) 
y =dummy_df['Price'] 

In [97]: #printing the shape 
print("Shape of X :",X.shape) 
print("Shape of y :",y.shape) 

In [98]: #scaling the dataset 
sc_X = MinMaxScaler() 
sc_y = MinMaxScaler() 
X_scaled = sc_X.fit_transform(X) 
y_scaled = sc_y.fit_transform(df_final[['Price']]) 

In [99]: #splitting into train and test split 
X_train,X_test,y_train,y_test = train_test_split(X_scaled,y_scaled,test_size=0.2) 

In [100… #checking the shape 
print("Length of X train :",len(X_train)) 
print("Length of X test :",len(X_test)) 
print("Length of y train :",len(y_train)) 
print("Length of y test :",len(y_test)) 

In [101… #applying random forest regressor 
randomfr = RandomForestRegressor() 
randomfr.fit(X_train, y_train) 

Out[101…

In [102… #predicting the test data 
y_pred = randomfr.predict(X_test) 

In [103… #checking the accuracy 
MAE_RF =metrics.mean_absolute_error(y_test, y_pred) 
print('Mean Absolute Error:', MAE_RF) 
MSE_RF =metrics.mean_squared_error(y_test, y_pred) 
print('Mean Squared Error:', MSE_RF) 
RMSE_RF=np.sqrt(metrics.mean_squared_error(y_test, y_pred)) 
print('Root Mean Squared Error:', RMSE_RF) 
ACC_RF =metrics.r2_score(y_test,y_pred) 
print('Accuracy Score :',ACC_RF) 

In [104… # Create the parameter grid based on the results of random search  
param_grid = { 
    'bootstrap': [True], 
    'max_depth': [80, 90, 100, 110], 
    'max_features': [2, 3], 
    'min_samples_leaf': [3, 4, 5], 
    'min_samples_split': [8, 10, 12], 
    'n_estimators': [100, 200, 300, 1000] 
} 
# Create a based model 
rf = RandomForestRegressor() 
# Instantiate the grid search model 
random_search = HalvingRandomSearchCV(rf,param_grid, n_jobs=-1, factor=3) 

In [105… # Fit the grid search to the data 
random_search.fit(X_train, y_train) 

Out[105…

In [106… #finding the best parameters 
random_search.best_params_ 

Out[106…

In [107… #using random forest with best parameters 
randomfr1 = RandomForestRegressor(bootstrap= True, max_depth= 110, max_features= 3,min_samples_leaf= 5,min_samp
randomfr1.fit(X_train, y_train) 

Out[107…

In [108… #predicting the test data 
y_pred1 = randomfr1.predict(X_test) 

In [109… #checking the accuracy 
MAE_RF1 =metrics.mean_absolute_error(y_test, y_pred1) 
print('Mean Absolute Error:', MAE_RF1) 
MSE_RF1 =metrics.mean_squared_error(y_test, y_pred1) 
print('Mean Squared Error:', MSE_RF1) 
RMSE_RF1=np.sqrt(metrics.mean_squared_error(y_test, y_pred1)) 
print('Root Mean Squared Error:', RMSE_RF1) 
ACC_RF1 =metrics.r2_score(y_test,y_pred1) 
print('Accuracy Score :',ACC_RF1) 

In [110… #applying xgboost model 
XG_model = XGBRegressor() 

In [111… #fitting the dataset 
XG_model.fit(X_train, y_train) 

Out[111…

In [112… #predicting the x test 
y_pred2 = XG_model.predict(X_test) 

In [113… #checking the accuracy 
MAE_SVR =metrics.mean_absolute_error(y_test, y_pred2) 
print('Mean Absolute Error:', MAE_SVR) 
MSE_SVR =metrics.mean_squared_error(y_test, y_pred2) 
print('Mean Squared Error:', MSE_SVR) 
RMSE_SVR=np.sqrt(metrics.mean_squared_error(y_test, y_pred2)) 
print('Root Mean Squared Error:', RMSE_SVR) 
ACC_SVR =metrics.r2_score(y_test,y_pred2) 
print('Accuracy Score :',ACC_SVR) 

In [114… #hyper parameters 
hyperparameter_grid = { 
    'n_estimators': [100, 500, 900, 1100, 1500], 
    'max_depth': [2, 3, 5, 10, 15], 
    'learning_rate': [0.05, 0.1, 0.15, 0.20], 
    'min_child_weight': [1, 2, 3, 4] 
    } 

In [115… #using hyper parameter tunning 
random_search1 = HalvingRandomSearchCV(XG_model, hyperparameter_grid, n_jobs=-1, factor=3) 
random_search1.fit(X_train, y_train) 

Out[115…

In [116… #printing the best parameters 
random_search1.best_params_ 

Out[116…

In [126… #using best parameters on XGBoost 
XG_model1 = XGBRegressor(n_estimators= 1100,min_child_weight= 3,max_depth=10,learning_rate=0.1) 

In [127… #model fitting 
XG_model1.fit(X_train, y_train) 

Out[127…

In [128… #predicting the x test 
y_pred3 = XG_model1.predict(X_test) 

In [129… #checking the accuracy 
MAE_XG1 =metrics.mean_absolute_error(y_test, y_pred3) 
print('Mean Absolute Error:', MAE_XG1) 
MSE_XG1 =metrics.mean_squared_error(y_test, y_pred3) 
print('Mean Squared Error:', MSE_XG1) 
RMSE_XG1=np.sqrt(metrics.mean_squared_error(y_test, y_pred3)) 
print('Root Mean Squared Error:', RMSE_XG1) 
ACC_XG1 =metrics.r2_score(y_test,y_pred3) 
print('Accuracy Score :',ACC_XG1) 

In [121… #saving the dataset 
df_final.to_excel(r'final_data.xlsx') 

In [125… #saving XGBoost model 
filename = 'xgboost_model.sav' 
joblib.dump(XG_model1, filename) 

Out[125…

In [ ]:   

In [131… #copying the original data 
newdf = df_final.copy() 

In [133… #dropping non required fields such as district , county because we have area code in the columns which would re
newdf.drop(['Date of Transfer','District','County','day','Town/City','month','year'],axis=1,inplace=True) 
newdf.head() 

Out[133…

In [138… #checking the length 
len(newdf) 

Out[138…

In [139… #dropping null values 
newdf.dropna(inplace=True) 

In [141… #one hot encoding 
dummy_df1 = pd.get_dummies(newdf, prefix={'Property Type':'Property_Type', 
                                      'current_energy_rating':'current_energy_rating', 
                                      'construction_age_band':'construction_age_band', 
                                      'construction_age_band':'construction_age_band', 
                                     'energy_tariff':'energy_tariff', 
                                     'areacode':'areacode'}) 

In [143… #splitting into X and Y 
X1 = dummy_df1.drop(['Price'],axis=1) 
y1 =dummy_df1['Price'] 

In [144… #splitting into train and test split 
new_X_train,new_X_test1,new_y_train,new_y_test = train_test_split(X1,y1,test_size=0.2) 

In [145… #applying XG boost model 
new_XG_model = XGBRegressor() 

In [146… #fitting the model 
new_XG_model.fit(new_X_train, new_y_train) 

Out[146…

In [148… #predicting the X test 
new_y_pred = new_XG_model.predict(new_X_test1) 

In [149… #checking the accuracy 
new_MAE_XG =metrics.mean_absolute_error(new_y_test, new_y_pred) 
print('Mean Absolute Error:', new_MAE_XG) 
new_MSE_XG =metrics.mean_squared_error(new_y_test, new_y_pred) 
print('Mean Squared Error:', new_MSE_XG) 
new_RMSE_XG=np.sqrt(metrics.mean_squared_error(new_y_test, new_y_pred)) 
print('Root Mean Squared Error:', new_RMSE_XG) 
new_ACC_XG =metrics.r2_score(new_y_test,new_y_pred) 
print('Accuracy Score :',new_ACC_XG) 

In [150… #hyper parameters 
hyperparameter_grid = { 
    'n_estimators': [100, 500, 900, 1100, 1500], 
    'max_depth': [2, 3, 5, 10, 15], 
    'learning_rate': [0.05, 0.1, 0.15, 0.20], 
    'min_child_weight': [1, 2, 3, 4] 
    } 

In [151… #applying hyper parameter tunning 
new_random_search = HalvingRandomSearchCV(new_XG_model, hyperparameter_grid, n_jobs=-1) 
new_random_search.fit(new_X_train, new_y_train) 

Out[151…

In [152… #checking best parameters 
new_random_search.best_params_ 

Out[152…

In [153… #applying model with best parameters 
new_XG_model1 = XGBRegressor(n_estimators=1500,min_child_weight=1,max_depth= 2,learning_rate= 0.05) 

In [154… #fitting the model 
new_XG_model1.fit(new_X_train, new_y_train) 

Out[154…

In [155… #predict the test data 
new_y_pred1 = new_XG_model1.predict(new_X_test1) 

In [156… #checking the accuracy 
new_MAE_XG1 =metrics.mean_absolute_error(new_y_test, new_y_pred1) 
print('Mean Absolute Error:', new_MAE_XG1) 
new_MSE_XG1 =metrics.mean_squared_error(new_y_test, new_y_pred1) 
print('Mean Squared Error:', new_MSE_XG1) 
new_RMSE_XG1=np.sqrt(metrics.mean_squared_error(new_y_test, new_y_pred1)) 
print('Root Mean Squared Error:', new_RMSE_XG1) 
new_ACC_XG1 =metrics.r2_score(new_y_test,new_y_pred1) 
print('Accuracy Score :',new_ACC_XG1) 

In [157… #saving XGBoost model 
filename = 'xgboost_model1.sav' 
joblib.dump(new_XG_model, filename) 

Out[157…

In [158… #saving the dataset 
dummy_df1.to_csv(r'dummy_csv.csv') 

In [ ]:   

In [ ]:   

In [ ]:   

▾ RandomForestRegressor

RandomForestRegressor()

▸ HalvingRandomSearchCV

▸ estimator: RandomForestRegressor

▸ RandomForestRegressor

▾ RandomForestRegressor

RandomForestRegressor(max_depth=110, max_features=3, min_samples_leaf=5, 
                     min_samples_split=12, n_estimators=300)

▾ XGBRegressor

XGBRegressor(base_score=0.5, booster='gbtree', colsample_bylevel=1, 
            colsample_bynode=1, colsample_bytree=1, enable_categorical=False, 
            gamma=0, gpu_id=-1, importance_type=None, 
            interaction_constraints='', learning_rate=0.300000012, 
            max_delta_step=0, max_depth=6, min_child_weight=1, missing=nan, 
            monotone_constraints='()', n_estimators=100, n_jobs=8, 
            num_parallel_tree=1, predictor='auto', random_state=0, reg_alpha=0, 
            reg_lambda=1, scale_pos_weight=1, subsample=1, tree_method='exact', 
            validate_parameters=1, verbosity=None)

▸ HalvingRandomSearchCV

▸ estimator: XGBRegressor

▸ XGBRegressor

▾ XGBRegressor

XGBRegressor(base_score=0.5, booster='gbtree', colsample_bylevel=1, 
            colsample_bynode=1, colsample_bytree=1, enable_categorical=False, 
            gamma=0, gpu_id=-1, importance_type=None, 
            interaction_constraints='', learning_rate=0.1, max_delta_step=0, 
            max_depth=10, min_child_weight=3, missing=nan, 
            monotone_constraints='()', n_estimators=1100, n_jobs=8, 
            num_parallel_tree=1, predictor='auto', random_state=0, reg_alpha=0, 
            reg_lambda=1, scale_pos_weight=1, subsample=1, tree_method='exact', 
            validate_parameters=1, verbosity=None)

▾ XGBRegressor

XGBRegressor(base_score=0.5, booster='gbtree', colsample_bylevel=1, 
            colsample_bynode=1, colsample_bytree=1, enable_categorical=False, 
            gamma=0, gpu_id=-1, importance_type=None, 
            interaction_constraints='', learning_rate=0.300000012, 
            max_delta_step=0, max_depth=6, min_child_weight=1, missing=nan, 
            monotone_constraints='()', n_estimators=100, n_jobs=8, 
            num_parallel_tree=1, predictor='auto', random_state=0, reg_alpha=0, 
            reg_lambda=1, scale_pos_weight=1, subsample=1, tree_method='exact', 
            validate_parameters=1, verbosity=None)

▸ HalvingRandomSearchCV

▸ estimator: XGBRegressor

▸ XGBRegressor

▾ XGBRegressor

XGBRegressor(base_score=0.5, booster='gbtree', colsample_bylevel=1, 
            colsample_bynode=1, colsample_bytree=1, enable_categorical=False, 
            gamma=0, gpu_id=-1, importance_type=None, 
            interaction_constraints='', learning_rate=0.05, max_delta_step=0, 
            max_depth=2, min_child_weight=1, missing=nan, 
            monotone_constraints='()', n_estimators=1500, n_jobs=8, 
            num_parallel_tree=1, predictor='auto', random_state=0, reg_alpha=0, 
            reg_lambda=1, scale_pos_weight=1, subsample=1, tree_method='exact', 
            validate_parameters=1, verbosity=None)



Code to Apply Sequential Neural Network for House Price
Prediction

C:\Users\hp\AppData\Local\Temp/ipykernel_38820/3656945953.py:6: DeprecationWarning: `import kerastuner` is depr
ecated, please use `import keras_tuner`. 
  from kerastuner.tuners import RandomSearch 

Shape of X : (213440, 3886) 
Shape of y : (213440,) 

INFO:tensorflow:Reloading Oracle from existing project network\House price prediction\oracle.json 
INFO:tensorflow:Reloading Tuner from network\House price prediction\tuner0.json 

Search space summary 
Default search space size: 11 
num_layers (Int) 
{'default': None, 'conditions': [], 'min_value': 2, 'max_value': 10, 'step': 1, 'sampling': None} 
units_0 (Int) 
{'default': None, 'conditions': [], 'min_value': 32, 'max_value': 256, 'step': 32, 'sampling': None} 
units_1 (Int) 
{'default': None, 'conditions': [], 'min_value': 32, 'max_value': 256, 'step': 32, 'sampling': None} 
learning_rate (Choice) 
{'default': 0.01, 'conditions': [], 'values': [0.01, 0.001, 0.0001], 'ordered': True} 
units_2 (Int) 
{'default': None, 'conditions': [], 'min_value': 32, 'max_value': 256, 'step': 32, 'sampling': None} 
units_3 (Int) 
{'default': None, 'conditions': [], 'min_value': 32, 'max_value': 256, 'step': 32, 'sampling': None} 
units_4 (Int) 
{'default': None, 'conditions': [], 'min_value': 32, 'max_value': 256, 'step': 32, 'sampling': None} 
units_5 (Int) 
{'default': None, 'conditions': [], 'min_value': 32, 'max_value': 256, 'step': 32, 'sampling': None} 
units_6 (Int) 
{'default': None, 'conditions': [], 'min_value': 32, 'max_value': 256, 'step': 32, 'sampling': None} 
units_7 (Int) 
{'default': None, 'conditions': [], 'min_value': 32, 'max_value': 256, 'step': 32, 'sampling': None} 
units_8 (Int) 
{'default': None, 'conditions': [], 'min_value': 32, 'max_value': 256, 'step': 32, 'sampling': None} 

INFO:tensorflow:Oracle triggered exit 

Results summary 
Results in network\House price prediction 
Showing 10 best trials 
<keras_tuner.engine.objective.Objective object at 0x000002088B576040> 
Trial summary 
Hyperparameters: 
num_layers: 9 
units_0: 224 
units_1: 160 
learning_rate: 0.01 
units_2: 64 
units_3: 64 
units_4: 96 
units_5: 128 
units_6: 128 
units_7: 192 
units_8: 32 
Score: 57607.6328125 
Trial summary 
Hyperparameters: 
num_layers: 8 
units_0: 32 
units_1: 32 
learning_rate: 0.01 
units_2: 32 
units_3: 32 
units_4: 32 
units_5: 32 
units_6: 32 
units_7: 32 
Score: 57986.604166666664 
Trial summary 
Hyperparameters: 
num_layers: 3 
units_0: 128 
units_1: 32 
learning_rate: 0.001 
units_2: 192 
units_3: 224 
units_4: 128 
units_5: 224 
units_6: 224 
units_7: 64 
units_8: 96 
Score: 58123.764322916664 
Trial summary 
Hyperparameters: 
num_layers: 6 
units_0: 64 
units_1: 32 
learning_rate: 0.0001 
units_2: 192 
units_3: 256 
units_4: 192 
units_5: 64 
units_6: 256 
units_7: 64 
Score: 58733.580729166664 
Trial summary 
Hyperparameters: 
num_layers: 3 
units_0: 64 
units_1: 96 
learning_rate: 0.0001 
units_2: 64 
units_3: 192 
units_4: 160 
units_5: 96 
units_6: 192 
units_7: 128 
units_8: 256 
Score: 95229.078125 

Epoch 1/100 
4269/4269 [==============================] - 30s 7ms/step - loss: 0.0787 - mean_absolute_error: 0.0787 - val_lo
ss: 0.0714 - val_mean_absolute_error: 0.0714 
Epoch 2/100 
4269/4269 [==============================] - 25s 6ms/step - loss: 0.0706 - mean_absolute_error: 0.0706 - val_lo
ss: 0.0682 - val_mean_absolute_error: 0.0682 
Epoch 3/100 
4269/4269 [==============================] - 27s 6ms/step - loss: 0.0711 - mean_absolute_error: 0.0711 - val_lo
ss: 0.0704 - val_mean_absolute_error: 0.0704 
Epoch 4/100 
4269/4269 [==============================] - 26s 6ms/step - loss: 0.0669 - mean_absolute_error: 0.0669 - val_lo
ss: 0.0659 - val_mean_absolute_error: 0.0659 
Epoch 5/100 
4269/4269 [==============================] - 26s 6ms/step - loss: 0.0641 - mean_absolute_error: 0.0641 - val_lo
ss: 0.0700 - val_mean_absolute_error: 0.0700 
Epoch 6/100 
4269/4269 [==============================] - 24s 6ms/step - loss: 0.0622 - mean_absolute_error: 0.0622 - val_lo
ss: 0.0643 - val_mean_absolute_error: 0.0643 
Epoch 7/100 
4269/4269 [==============================] - 24s 6ms/step - loss: 0.0602 - mean_absolute_error: 0.0602 - val_lo
ss: 0.0670 - val_mean_absolute_error: 0.0670 
Epoch 8/100 
4269/4269 [==============================] - 24s 6ms/step - loss: 0.0600 - mean_absolute_error: 0.0600 - val_lo
ss: 0.0664 - val_mean_absolute_error: 0.0664 
Epoch 9/100 
4269/4269 [==============================] - 24s 6ms/step - loss: 0.0580 - mean_absolute_error: 0.0580 - val_lo
ss: 0.0680 - val_mean_absolute_error: 0.0680 
Epoch 10/100 
4269/4269 [==============================] - 23s 5ms/step - loss: 0.0565 - mean_absolute_error: 0.0565 - val_lo
ss: 0.0722 - val_mean_absolute_error: 0.0722 
Epoch 11/100 
4269/4269 [==============================] - 25s 6ms/step - loss: 0.0564 - mean_absolute_error: 0.0564 - val_lo
ss: 0.0673 - val_mean_absolute_error: 0.0673 
Epoch 12/100 
4269/4269 [==============================] - 26s 6ms/step - loss: 0.0555 - mean_absolute_error: 0.0555 - val_lo
ss: 0.0636 - val_mean_absolute_error: 0.0636 
Epoch 13/100 
4269/4269 [==============================] - 25s 6ms/step - loss: 0.0537 - mean_absolute_error: 0.0537 - val_lo
ss: 0.0639 - val_mean_absolute_error: 0.0639 
Epoch 14/100 
4269/4269 [==============================] - 24s 6ms/step - loss: 0.0531 - mean_absolute_error: 0.0531 - val_lo
ss: 0.0636 - val_mean_absolute_error: 0.0636 
Epoch 15/100 
4269/4269 [==============================] - 24s 6ms/step - loss: 0.0528 - mean_absolute_error: 0.0528 - val_lo
ss: 0.0643 - val_mean_absolute_error: 0.0643 
Epoch 16/100 
4269/4269 [==============================] - 24s 6ms/step - loss: 0.0520 - mean_absolute_error: 0.0520 - val_lo
ss: 0.0654 - val_mean_absolute_error: 0.0654 
Epoch 17/100 
4269/4269 [==============================] - 24s 6ms/step - loss: 0.0514 - mean_absolute_error: 0.0514 - val_lo
ss: 0.0641 - val_mean_absolute_error: 0.0641 
Epoch 18/100 
4269/4269 [==============================] - 24s 6ms/step - loss: 0.0501 - mean_absolute_error: 0.0501 - val_lo
ss: 0.0645 - val_mean_absolute_error: 0.0645 
Epoch 19/100 
4269/4269 [==============================] - 24s 6ms/step - loss: 0.0496 - mean_absolute_error: 0.0496 - val_lo
ss: 0.0643 - val_mean_absolute_error: 0.0643 
Epoch 20/100 
4269/4269 [==============================] - 23s 5ms/step - loss: 0.0490 - mean_absolute_error: 0.0490 - val_lo
ss: 0.0646 - val_mean_absolute_error: 0.0646 
Epoch 21/100 
4269/4269 [==============================] - 24s 6ms/step - loss: 0.0483 - mean_absolute_error: 0.0483 - val_lo
ss: 0.0643 - val_mean_absolute_error: 0.0643 
Epoch 22/100 
4269/4269 [==============================] - 25s 6ms/step - loss: 0.0478 - mean_absolute_error: 0.0478 - val_lo
ss: 0.0650 - val_mean_absolute_error: 0.0650 
Epoch 23/100 
4269/4269 [==============================] - 24s 6ms/step - loss: 0.0476 - mean_absolute_error: 0.0476 - val_lo
ss: 0.0665 - val_mean_absolute_error: 0.0665 
Epoch 24/100 
4269/4269 [==============================] - 24s 6ms/step - loss: 0.0470 - mean_absolute_error: 0.0470 - val_lo
ss: 0.0662 - val_mean_absolute_error: 0.0662 
Epoch 25/100 
4269/4269 [==============================] - 23s 5ms/step - loss: 0.0466 - mean_absolute_error: 0.0466 - val_lo
ss: 0.0643 - val_mean_absolute_error: 0.0643 
Epoch 26/100 
4269/4269 [==============================] - 24s 6ms/step - loss: 0.0464 - mean_absolute_error: 0.0464 - val_lo
ss: 0.0655 - val_mean_absolute_error: 0.0655 
Epoch 27/100 
4269/4269 [==============================] - 24s 6ms/step - loss: 0.0460 - mean_absolute_error: 0.0460 - val_lo
ss: 0.0664 - val_mean_absolute_error: 0.0664 
Epoch 28/100 
4269/4269 [==============================] - 24s 6ms/step - loss: 0.0459 - mean_absolute_error: 0.0459 - val_lo
ss: 0.0673 - val_mean_absolute_error: 0.0673 
Epoch 29/100 
4269/4269 [==============================] - 24s 6ms/step - loss: 0.0454 - mean_absolute_error: 0.0454 - val_lo
ss: 0.0662 - val_mean_absolute_error: 0.0662 
Epoch 30/100 
4269/4269 [==============================] - 23s 5ms/step - loss: 0.0454 - mean_absolute_error: 0.0454 - val_lo
ss: 0.0694 - val_mean_absolute_error: 0.0694 
Epoch 31/100 
4269/4269 [==============================] - 24s 6ms/step - loss: 0.0456 - mean_absolute_error: 0.0456 - val_lo
ss: 0.0661 - val_mean_absolute_error: 0.0661 
Epoch 32/100 
4269/4269 [==============================] - 24s 6ms/step - loss: 0.0455 - mean_absolute_error: 0.0455 - val_lo
ss: 0.0655 - val_mean_absolute_error: 0.0655 
Epoch 33/100 
4269/4269 [==============================] - 24s 6ms/step - loss: 0.0463 - mean_absolute_error: 0.0463 - val_lo
ss: 0.0796 - val_mean_absolute_error: 0.0796 
Epoch 34/100 
4269/4269 [==============================] - 24s 6ms/step - loss: 0.0458 - mean_absolute_error: 0.0458 - val_lo
ss: 0.0709 - val_mean_absolute_error: 0.0709 
Epoch 35/100 
4269/4269 [==============================] - 23s 5ms/step - loss: 0.0450 - mean_absolute_error: 0.0450 - val_lo
ss: 0.0680 - val_mean_absolute_error: 0.0680 
Epoch 36/100 
4269/4269 [==============================] - 24s 6ms/step - loss: 0.0441 - mean_absolute_error: 0.0441 - val_lo
ss: 0.0725 - val_mean_absolute_error: 0.0725 
Epoch 37/100 
4269/4269 [==============================] - 24s 6ms/step - loss: 0.0435 - mean_absolute_error: 0.0435 - val_lo
ss: 0.0657 - val_mean_absolute_error: 0.0657 
Epoch 38/100 
4269/4269 [==============================] - 24s 6ms/step - loss: 0.0431 - mean_absolute_error: 0.0431 - val_lo
ss: 0.0657 - val_mean_absolute_error: 0.0657 
Epoch 39/100 
4269/4269 [==============================] - 24s 6ms/step - loss: 0.0427 - mean_absolute_error: 0.0427 - val_lo
ss: 0.0658 - val_mean_absolute_error: 0.0658 
Epoch 40/100 
4269/4269 [==============================] - 23s 5ms/step - loss: 0.0430 - mean_absolute_error: 0.0430 - val_lo
ss: 0.0652 - val_mean_absolute_error: 0.0652 
Epoch 41/100 
4269/4269 [==============================] - 24s 6ms/step - loss: 0.0448 - mean_absolute_error: 0.0448 - val_lo
ss: 0.0664 - val_mean_absolute_error: 0.0664 
Epoch 42/100 
4269/4269 [==============================] - 24s 6ms/step - loss: 0.0425 - mean_absolute_error: 0.0425 - val_lo
ss: 0.0680 - val_mean_absolute_error: 0.0680 
Epoch 43/100 
4269/4269 [==============================] - 24s 6ms/step - loss: 0.0426 - mean_absolute_error: 0.0426 - val_lo
ss: 0.0663 - val_mean_absolute_error: 0.0663 
Epoch 44/100 
4269/4269 [==============================] - 24s 6ms/step - loss: 0.0420 - mean_absolute_error: 0.0420 - val_lo
ss: 0.0658 - val_mean_absolute_error: 0.0658 
Epoch 45/100 
4269/4269 [==============================] - 23s 5ms/step - loss: 0.0417 - mean_absolute_error: 0.0417 - val_lo
ss: 0.0689 - val_mean_absolute_error: 0.0689 
Epoch 46/100 
4269/4269 [==============================] - 24s 6ms/step - loss: 0.0422 - mean_absolute_error: 0.0422 - val_lo
ss: 0.0669 - val_mean_absolute_error: 0.0669 
Epoch 47/100 
4269/4269 [==============================] - 24s 6ms/step - loss: 0.0417 - mean_absolute_error: 0.0417 - val_lo
ss: 0.0685 - val_mean_absolute_error: 0.0685 
Epoch 48/100 
4269/4269 [==============================] - 24s 6ms/step - loss: 0.0413 - mean_absolute_error: 0.0413 - val_lo
ss: 0.0683 - val_mean_absolute_error: 0.0683 
Epoch 49/100 
4269/4269 [==============================] - 24s 6ms/step - loss: 0.0415 - mean_absolute_error: 0.0415 - val_lo
ss: 0.0688 - val_mean_absolute_error: 0.0688 
Epoch 50/100 
4269/4269 [==============================] - 23s 5ms/step - loss: 0.0417 - mean_absolute_error: 0.0417 - val_lo
ss: 0.0670 - val_mean_absolute_error: 0.0670 
Epoch 51/100 
4269/4269 [==============================] - 24s 6ms/step - loss: 0.0408 - mean_absolute_error: 0.0408 - val_lo
ss: 0.0677 - val_mean_absolute_error: 0.0677 
Epoch 52/100 
4269/4269 [==============================] - 24s 6ms/step - loss: 0.0407 - mean_absolute_error: 0.0407 - val_lo
ss: 0.0663 - val_mean_absolute_error: 0.0663 
Epoch 53/100 
4269/4269 [==============================] - 24s 6ms/step - loss: 0.0410 - mean_absolute_error: 0.0410 - val_lo
ss: 0.0663 - val_mean_absolute_error: 0.0663 
Epoch 54/100 
4269/4269 [==============================] - 24s 6ms/step - loss: 0.0408 - mean_absolute_error: 0.0408 - val_lo
ss: 0.0698 - val_mean_absolute_error: 0.0698 
Epoch 55/100 
4269/4269 [==============================] - 23s 5ms/step - loss: 0.0414 - mean_absolute_error: 0.0414 - val_lo
ss: 0.0661 - val_mean_absolute_error: 0.0661 
Epoch 56/100 
4269/4269 [==============================] - 24s 6ms/step - loss: 0.0414 - mean_absolute_error: 0.0414 - val_lo
ss: 0.0669 - val_mean_absolute_error: 0.0669 
Epoch 57/100 
4269/4269 [==============================] - 24s 6ms/step - loss: 0.0411 - mean_absolute_error: 0.0411 - val_lo
ss: 0.0670 - val_mean_absolute_error: 0.0670 
Epoch 58/100 
4269/4269 [==============================] - 24s 6ms/step - loss: 0.0406 - mean_absolute_error: 0.0406 - val_lo
ss: 0.0671 - val_mean_absolute_error: 0.0671 
Epoch 59/100 
4269/4269 [==============================] - 24s 6ms/step - loss: 0.0407 - mean_absolute_error: 0.0407 - val_lo
ss: 0.0679 - val_mean_absolute_error: 0.0679 
Epoch 60/100 
4269/4269 [==============================] - 23s 5ms/step - loss: 0.0410 - mean_absolute_error: 0.0410 - val_lo
ss: 0.0668 - val_mean_absolute_error: 0.0668 
Epoch 61/100 
4269/4269 [==============================] - 24s 6ms/step - loss: 0.0408 - mean_absolute_error: 0.0408 - val_lo
ss: 0.0725 - val_mean_absolute_error: 0.0725 
Epoch 62/100 
4269/4269 [==============================] - 24s 6ms/step - loss: 0.0410 - mean_absolute_error: 0.0410 - val_lo
ss: 0.0676 - val_mean_absolute_error: 0.0676 
Epoch 63/100 
4269/4269 [==============================] - 24s 6ms/step - loss: 0.0411 - mean_absolute_error: 0.0411 - val_lo
ss: 0.0672 - val_mean_absolute_error: 0.0672 
Epoch 64/100 
4269/4269 [==============================] - 24s 6ms/step - loss: 0.0420 - mean_absolute_error: 0.0420 - val_lo
ss: 0.0687 - val_mean_absolute_error: 0.0687 
Epoch 65/100 
4269/4269 [==============================] - 23s 5ms/step - loss: 0.0419 - mean_absolute_error: 0.0419 - val_lo
ss: 0.0687 - val_mean_absolute_error: 0.0687 
Epoch 66/100 
4269/4269 [==============================] - 24s 6ms/step - loss: 0.0410 - mean_absolute_error: 0.0410 - val_lo
ss: 0.0710 - val_mean_absolute_error: 0.0710 
Epoch 67/100 
4269/4269 [==============================] - 24s 6ms/step - loss: 0.0408 - mean_absolute_error: 0.0408 - val_lo
ss: 0.0680 - val_mean_absolute_error: 0.0680 
Epoch 68/100 
4269/4269 [==============================] - 24s 6ms/step - loss: 0.0407 - mean_absolute_error: 0.0407 - val_lo
ss: 0.0678 - val_mean_absolute_error: 0.0678 
Epoch 69/100 
4269/4269 [==============================] - 24s 6ms/step - loss: 0.0413 - mean_absolute_error: 0.0413 - val_lo
ss: 0.0696 - val_mean_absolute_error: 0.0696 
Epoch 70/100 
4269/4269 [==============================] - 23s 5ms/step - loss: 0.0420 - mean_absolute_error: 0.0420 - val_lo
ss: 0.0687 - val_mean_absolute_error: 0.0687 
Epoch 71/100 
4269/4269 [==============================] - 24s 6ms/step - loss: 0.0417 - mean_absolute_error: 0.0417 - val_lo
ss: 0.0680 - val_mean_absolute_error: 0.0680 
Epoch 72/100 
4269/4269 [==============================] - 24s 6ms/step - loss: 0.0421 - mean_absolute_error: 0.0421 - val_lo
ss: 0.0697 - val_mean_absolute_error: 0.0697 
Epoch 73/100 
4269/4269 [==============================] - 24s 6ms/step - loss: 0.0413 - mean_absolute_error: 0.0413 - val_lo
ss: 0.0678 - val_mean_absolute_error: 0.0678 
Epoch 74/100 
4269/4269 [==============================] - 24s 6ms/step - loss: 0.0397 - mean_absolute_error: 0.0397 - val_lo
ss: 0.0678 - val_mean_absolute_error: 0.0678 
Epoch 75/100 
4269/4269 [==============================] - 23s 5ms/step - loss: 0.0392 - mean_absolute_error: 0.0392 - val_lo
ss: 0.0675 - val_mean_absolute_error: 0.0675 
Epoch 76/100 
4269/4269 [==============================] - 24s 6ms/step - loss: 0.0393 - mean_absolute_error: 0.0393 - val_lo
ss: 0.0672 - val_mean_absolute_error: 0.0672 
Epoch 77/100 
4269/4269 [==============================] - 24s 6ms/step - loss: 0.0387 - mean_absolute_error: 0.0387 - val_lo
ss: 0.0668 - val_mean_absolute_error: 0.0668 
Epoch 78/100 
4269/4269 [==============================] - 24s 6ms/step - loss: 0.0386 - mean_absolute_error: 0.0386 - val_lo
ss: 0.0693 - val_mean_absolute_error: 0.0693 
Epoch 79/100 
4269/4269 [==============================] - 24s 6ms/step - loss: 0.0387 - mean_absolute_error: 0.0387 - val_lo
ss: 0.0689 - val_mean_absolute_error: 0.0689 
Epoch 80/100 
4269/4269 [==============================] - 25s 6ms/step - loss: 0.0386 - mean_absolute_error: 0.0386 - val_lo
ss: 0.0683 - val_mean_absolute_error: 0.0683 
Epoch 81/100 
4269/4269 [==============================] - 24s 6ms/step - loss: 0.0387 - mean_absolute_error: 0.0387 - val_lo
ss: 0.0668 - val_mean_absolute_error: 0.0668 
Epoch 82/100 
4269/4269 [==============================] - 24s 6ms/step - loss: 0.0381 - mean_absolute_error: 0.0381 - val_lo
ss: 0.0679 - val_mean_absolute_error: 0.0679 
Epoch 83/100 
4269/4269 [==============================] - 24s 6ms/step - loss: 0.0383 - mean_absolute_error: 0.0383 - val_lo
ss: 0.0709 - val_mean_absolute_error: 0.0709 
Epoch 84/100 
4269/4269 [==============================] - 24s 6ms/step - loss: 0.0380 - mean_absolute_error: 0.0380 - val_lo
ss: 0.0682 - val_mean_absolute_error: 0.0682 
Epoch 85/100 
4269/4269 [==============================] - 24s 6ms/step - loss: 0.0378 - mean_absolute_error: 0.0378 - val_lo
ss: 0.0670 - val_mean_absolute_error: 0.0670 
Epoch 86/100 
4269/4269 [==============================] - 24s 6ms/step - loss: 0.0378 - mean_absolute_error: 0.0378 - val_lo
ss: 0.0699 - val_mean_absolute_error: 0.0699 
Epoch 87/100 
4269/4269 [==============================] - 24s 6ms/step - loss: 0.0376 - mean_absolute_error: 0.0376 - val_lo
ss: 0.0704 - val_mean_absolute_error: 0.0704 
Epoch 88/100 
4269/4269 [==============================] - 24s 6ms/step - loss: 0.0376 - mean_absolute_error: 0.0376 - val_lo
ss: 0.0672 - val_mean_absolute_error: 0.0672 
Epoch 89/100 
4269/4269 [==============================] - 24s 6ms/step - loss: 0.0377 - mean_absolute_error: 0.0377 - val_lo
ss: 0.0669 - val_mean_absolute_error: 0.0669 
Epoch 90/100 
4269/4269 [==============================] - 23s 5ms/step - loss: 0.0375 - mean_absolute_error: 0.0375 - val_lo
ss: 0.0678 - val_mean_absolute_error: 0.0678 
Epoch 91/100 
4269/4269 [==============================] - 24s 6ms/step - loss: 0.0375 - mean_absolute_error: 0.0375 - val_lo
ss: 0.0668 - val_mean_absolute_error: 0.0668 
Epoch 92/100 
4269/4269 [==============================] - 24s 6ms/step - loss: 0.0373 - mean_absolute_error: 0.0373 - val_lo
ss: 0.0669 - val_mean_absolute_error: 0.0669 
Epoch 93/100 
4269/4269 [==============================] - 24s 6ms/step - loss: 0.0372 - mean_absolute_error: 0.0372 - val_lo
ss: 0.0675 - val_mean_absolute_error: 0.0675 
Epoch 94/100 
4269/4269 [==============================] - 24s 6ms/step - loss: 0.0379 - mean_absolute_error: 0.0379 - val_lo
ss: 0.0679 - val_mean_absolute_error: 0.0679 
Epoch 95/100 
4269/4269 [==============================] - 23s 5ms/step - loss: 0.0378 - mean_absolute_error: 0.0378 - val_lo
ss: 0.0675 - val_mean_absolute_error: 0.0675 
Epoch 96/100 
4269/4269 [==============================] - 24s 6ms/step - loss: 0.0375 - mean_absolute_error: 0.0375 - val_lo
ss: 0.0676 - val_mean_absolute_error: 0.0676 
Epoch 97/100 
4269/4269 [==============================] - 24s 6ms/step - loss: 0.0381 - mean_absolute_error: 0.0381 - val_lo
ss: 0.0686 - val_mean_absolute_error: 0.0686 
Epoch 98/100 
4269/4269 [==============================] - 23s 5ms/step - loss: 0.0379 - mean_absolute_error: 0.0379 - val_lo
ss: 0.0683 - val_mean_absolute_error: 0.0683 
Epoch 99/100 
4269/4269 [==============================] - 24s 6ms/step - loss: 0.0380 - mean_absolute_error: 0.0380 - val_lo
ss: 0.0679 - val_mean_absolute_error: 0.0679 
Epoch 100/100 
4269/4269 [==============================] - 23s 5ms/step - loss: 0.0382 - mean_absolute_error: 0.0382 - val_lo
ss: 0.0674 - val_mean_absolute_error: 0.0674 

Mean Absolute Error: 0.0670499007014355 
Mean Squared Error: 0.010840937952645274 
Root Mean Squared Error: 0.10411982497413869 
Accuracy Score : 0.6873221273228846 

Price Date of
Transfer

Property
Type Old/New Duration Town/City District County PPD Category

Type current_energy_rating cons

0 90000 2022-
02-22 T 0 0 NOTTINGHAM CITY OF

NOTTINGHAM
CITY OF

NOTTINGHAM 0 E

1 250000 2022-
02-04 T 0 0 NEWARK NEWARK AND

SHERWOOD NOTTINGHAMSHIRE 0 0

2 160000 2022-
04-25 S 0 0 SUTTON-IN-

ASHFIELD ASHFIELD NOTTINGHAMSHIRE 0 0

3 315000 2022-
02-28 S 0 0 NOTTINGHAM BROXTOWE NOTTINGHAMSHIRE 0 D

4 115000 2022-
04-29 T 0 0 RETFORD BASSETLAW NOTTINGHAMSHIRE 0 G

Price Date of
Transfer Old/New Duration PPD Category

Type total_floor_area day month year county_rank ... areacode_YO32 areacode_YO41

0 90000 2022-
02-22 0 0 0 79.0 22 2 2022 67 ... 0 0

1 250000 2022-
02-04 0 0 0 0.0 4 2 2022 97 ... 0 0

2 160000 2022-
04-25 0 0 0 0.0 25 4 2022 97 ... 0 0

3 315000 2022-
02-28 0 0 0 75.0 28 2 2022 97 ... 0 0

4 115000 2022-
04-29 0 0 0 80.0 29 4 2022 97 ... 0 0

5 rows × 3891 columns

In [1]: #importing various libraries 
import pandas as pd 
import matplotlib.pyplot as plt 
from tensorflow import keras 
from tensorflow.keras import layers 
from tensorflow.keras.layers import Dense 
from kerastuner.tuners import RandomSearch 
from sklearn.preprocessing import MinMaxScaler 
from sklearn.model_selection import train_test_split 
from keras import optimizers 
from sklearn import metrics 
import numpy as np 
from keras.models import Sequential 
from keras.callbacks import EarlyStopping 

In [4]: #reading the dataset 
df = pd.read_excel(r'final_data.xlsx') 
df.drop('Unnamed: 0',axis=1,inplace=True) 
df.head() 

Out[4]:

In [5]: #one hot encoding 
dummy_df = pd.get_dummies(df, prefix={'Property Type':'Property_Type', 
                                      'District':'District', 
                                            'Town/City':'Town/City', 
                                      'County':'County', 
                                      'current_energy_rating':'current_energy_rating', 
                                      'construction_age_band':'construction_age_band', 
                                      'construction_age_band':'construction_age_band', 
                                     'energy_tariff':'energy_tariff', 
                                     'areacode':'areacode'}) 

In [6]: #viewing top 5 rows  
dummy_df.head() 

Out[6]:

In [7]: #splitting the dataset into dependent and independent variables 
X = dummy_df.drop(['Price','Date of Transfer','day','month','year'],axis=1) 
y =dummy_df['Price'] 

In [8]: #printing the shapes 
print("Shape of X :",X.shape) 
print("Shape of y :",y.shape) 

In [9]: #scaling the dataset 
sc_X = MinMaxScaler() 
sc_y = MinMaxScaler() 
X_scaled = sc_X.fit_transform(X) 
y_scaled = sc_y.fit_transform(df[['Price']]) 

In [10]: #splitting the data into train and test 
X_train, X_test, y_train, y_test = train_test_split(X_scaled, y_scaled, test_size=0.2, random_state=0) 

In [11]: #function to return the layers of model 
def seq_model(parameters): 
    model = keras.Sequential() 
    for i in range(parameters.Int('num_layers', 2, 6)): 
        model.add(layers.Dense(units=parameters.Int('units_' + str(i), 
                                            min_value=32, 
                                            max_value=256, 
                                            step=32), 
                               activation='relu')) 
    model.add(layers.Dense(1, activation='linear')) 
    model.compile( 
        optimizer=keras.optimizers.Adam( 
            parameters.Choice('learning_rate', [1e-2, 1e-3, 1e-4])), 
        loss='mean_absolute_error', 
        metrics=['mean_absolute_error']) 
    return model 

In [12]: #using random search to find optimized number of layers of neural network 
keras_tuner = RandomSearch(seq_model,objective='val_mean_absolute_error',max_trials=5,executions_per_trial=3, 
                           directory='network',project_name='House price prediction') 

In [13]: #printing the summary of randomsearch 
keras_tuner.search_space_summary() 

In [14]: #training the data to find optimum parameters 
keras_tuner.search(X_train, y_train,epochs=30,validation_data=(X_test, y_test)) 

In [15]: #printing the summary of results 
keras_tuner.results_summary() 

In [16]: #saving the optimum parameters into variable 
best_params = keras_tuner.get_best_hyperparameters(num_trials=1)[0] 

In [17]: #building model with optimal parameters returned by random seaRch 
model = keras_tuner.hypermodel.build(best_params) 
history = model.fit(X_train, y_train, epochs=100,validation_data=(X_test, y_test),validation_split=0.2) 

In [18]: #plotting the loss of the model 
plt.plot(history.history['loss'], label='loss') 
plt.plot(history.history['val_loss'], label='val_loss') 
plt.legend(loc='best') 
plt.title('Training Model') 
plt.xlabel('Epoches') 
plt.ylabel('Loss') 
plt.show() 

In [19]: #predicting the test data 
y_pred = model.predict(X_test) 

In [21]: #checking the accuracy 
MAE_SNN =metrics.mean_absolute_error(y_test, y_pred) 
print('Mean Absolute Error:', MAE_SNN) 
MSE_SNN =metrics.mean_squared_error(y_test, y_pred) 
print('Mean Squared Error:', MSE_SNN) 
RMSE_SNN=np.sqrt(metrics.mean_squared_error(y_test, y_pred)) 
print('Root Mean Squared Error:', RMSE_SNN) 
ACC_SNN =metrics.r2_score(y_test,y_pred) 
print('Accuracy Score :',ACC_SNN) 



Predicting the House Price Index using Machine Learning Model

Using LSTM Model

Date Region_Name Area_Code Index

0 1968-04-01 England E92000001 1.680067

1 1968-04-01 Scotland S92000003 2.108087

2 1968-04-01 Northern Ireland N92000001 3.300420

3 1968-04-01 Wales W92000004 2.119327

4 1968-04-01 West Midlands Region E12000005 2.097808

Date Region_Name Area_Code Index

9 1968-04-01 United Kingdom K02000001 1.885299

19 1968-05-01 United Kingdom K02000001 1.885299

29 1968-06-01 United Kingdom K02000001 1.885299

39 1968-07-01 United Kingdom K02000001 1.949207

49 1968-08-01 United Kingdom K02000001 1.949207

Date Index

9 1968-04-01 1.885299

19 1968-05-01 1.885299

29 1968-06-01 1.885299

39 1968-07-01 1.949207

49 1968-08-01 1.949207

Date      object 
Index    float64 
dtype: object

(650, 2)

Starting of the dataset : 1968-04-01 
Ending of the dataset : 2022-05-01 

Text(0.5, 1.0, 'HPI Index(1968-2022)')

9           1.885299 
19          1.885299 
29          1.885299 
39          1.949207 
49          1.949207 
             ...     
135249    143.422582 
135670    144.646684 
136091    145.556596 
136512    146.898652 
136933    148.688246 
Name: Index, Length: 650, dtype: float64

(650, 1)

length of training data 422 
length of test data 228 

[[0.00000000e+00 0.00000000e+00 0.00000000e+00 ... 2.03156249e-03 
  2.03156249e-03 2.03156249e-03] 
 [0.00000000e+00 0.00000000e+00 4.35334823e-04 ... 2.03156249e-03 
  2.03156249e-03 2.03156249e-03] 
 [0.00000000e+00 4.35334823e-04 4.35334823e-04 ... 2.03156249e-03 
  2.03156249e-03 2.03156249e-03] 
 ... 
 [3.11957442e-01 3.11957442e-01 3.21647174e-01 ... 4.21954311e-01 
  4.36411391e-01 4.33158548e-01] 
 [3.11957442e-01 3.21647174e-01 3.21647174e-01 ... 4.36411391e-01 
  4.33158548e-01 4.28459997e-01] 
 [3.21647174e-01 3.21647174e-01 3.21647174e-01 ... 4.33158548e-01 
  4.28459997e-01 4.37857099e-01]] 

[[0.44653135 0.45448274 0.46279556 ... 0.55586832 0.55473012 0.55641929] 
 [0.45448274 0.46279556 0.46134985 ... 0.55473012 0.55641929 0.55953338] 
 [0.46279556 0.46134985 0.46966268 ... 0.55641929 0.55953338 0.5586793 ] 
 ... 
 [0.82090066 0.82150806 0.81930461 ... 0.94848795 0.95370845 0.96413108] 
 [0.82150806 0.81930461 0.81636438 ... 0.95370845 0.96413108 0.97246947] 
 [0.81930461 0.81636438 0.81527782 ... 0.96413108 0.97246947 0.97866766]] 

Shape of X train (391, 30) 
Shape of X test (197, 30) 
Shape of y train (391,) 
Shape of y test (197,) 

Model: "sequential" 
_________________________________________________________________ 
 Layer (type)                Output Shape              Param #    
================================================================= 
 lstm (LSTM)                 (None, 30, 64)            16896      
                                                                  
 dropout (Dropout)           (None, 30, 64)            0          
                                                                  
 lstm_1 (LSTM)               (None, 32)                12416      
                                                                  
 dense (Dense)               (None, 1)                 33         
                                                                  
================================================================= 
Total params: 29,345 
Trainable params: 29,345 
Non-trainable params: 0 
_________________________________________________________________ 

Epoch 1/100 
7/7 [==============================] - 1s 96ms/step - loss: 7.4352e-05 - val_loss: 0.0035 
Epoch 2/100 
7/7 [==============================] - 0s 62ms/step - loss: 6.3077e-05 - val_loss: 0.0035 
Epoch 3/100 
7/7 [==============================] - 0s 67ms/step - loss: 6.0944e-05 - val_loss: 0.0035 
Epoch 4/100 
7/7 [==============================] - 0s 63ms/step - loss: 5.4397e-05 - val_loss: 0.0023 
Epoch 5/100 
7/7 [==============================] - 1s 84ms/step - loss: 5.1867e-05 - val_loss: 0.0039 
Epoch 6/100 
7/7 [==============================] - 1s 85ms/step - loss: 5.5977e-05 - val_loss: 0.0036 
Epoch 7/100 
7/7 [==============================] - 1s 87ms/step - loss: 6.1370e-05 - val_loss: 0.0020 
Epoch 8/100 
7/7 [==============================] - 0s 71ms/step - loss: 5.4096e-05 - val_loss: 0.0055 
Epoch 9/100 
7/7 [==============================] - 1s 99ms/step - loss: 6.1217e-05 - val_loss: 0.0042 
Epoch 10/100 
7/7 [==============================] - 0s 65ms/step - loss: 5.7178e-05 - val_loss: 9.5469e-04 
Epoch 11/100 
7/7 [==============================] - 0s 65ms/step - loss: 7.6840e-05 - val_loss: 0.0035 
Epoch 12/100 
7/7 [==============================] - 0s 68ms/step - loss: 6.9656e-05 - val_loss: 0.0053 
Epoch 13/100 
7/7 [==============================] - 1s 73ms/step - loss: 6.1387e-05 - val_loss: 0.0015 
Epoch 14/100 
7/7 [==============================] - 1s 87ms/step - loss: 5.8458e-05 - val_loss: 0.0037 
Epoch 15/100 
7/7 [==============================] - 1s 77ms/step - loss: 5.8463e-05 - val_loss: 0.0025 
Epoch 16/100 
7/7 [==============================] - 0s 69ms/step - loss: 6.0075e-05 - val_loss: 0.0031 
Epoch 17/100 
7/7 [==============================] - 1s 67ms/step - loss: 5.2380e-05 - val_loss: 0.0085 
Epoch 18/100 
7/7 [==============================] - 0s 66ms/step - loss: 8.3721e-05 - val_loss: 0.0023 
Epoch 19/100 
7/7 [==============================] - 1s 73ms/step - loss: 7.6698e-05 - val_loss: 0.0013 
Epoch 20/100 
7/7 [==============================] - 0s 69ms/step - loss: 1.2203e-04 - val_loss: 0.0043 
Epoch 21/100 
7/7 [==============================] - 0s 66ms/step - loss: 7.0012e-05 - val_loss: 0.0027 
Epoch 22/100 
7/7 [==============================] - 0s 68ms/step - loss: 6.0327e-05 - val_loss: 0.0022 
Epoch 23/100 
7/7 [==============================] - 1s 72ms/step - loss: 6.0236e-05 - val_loss: 0.0063 
Epoch 24/100 
7/7 [==============================] - 0s 72ms/step - loss: 6.6795e-05 - val_loss: 0.0054 
Epoch 25/100 
7/7 [==============================] - 0s 65ms/step - loss: 6.4809e-05 - val_loss: 0.0015 
Epoch 26/100 
7/7 [==============================] - 1s 78ms/step - loss: 5.7350e-05 - val_loss: 0.0046 
Epoch 27/100 
7/7 [==============================] - 0s 65ms/step - loss: 6.1886e-05 - val_loss: 0.0028 
Epoch 28/100 
7/7 [==============================] - 1s 85ms/step - loss: 6.8587e-05 - val_loss: 0.0026 
Epoch 29/100 
7/7 [==============================] - 0s 67ms/step - loss: 5.7491e-05 - val_loss: 0.0032 
Epoch 30/100 
7/7 [==============================] - 0s 70ms/step - loss: 6.2797e-05 - val_loss: 0.0010 
Epoch 31/100 
7/7 [==============================] - 1s 73ms/step - loss: 6.2969e-05 - val_loss: 0.0024 
Epoch 32/100 
7/7 [==============================] - 0s 69ms/step - loss: 7.3474e-05 - val_loss: 0.0022 
Epoch 33/100 
7/7 [==============================] - 0s 68ms/step - loss: 7.3155e-05 - val_loss: 0.0022 
Epoch 34/100 
7/7 [==============================] - 0s 71ms/step - loss: 6.1248e-05 - val_loss: 0.0023 
Epoch 35/100 
7/7 [==============================] - 0s 71ms/step - loss: 5.1920e-05 - val_loss: 0.0017 
Epoch 36/100 
7/7 [==============================] - 1s 89ms/step - loss: 4.4118e-05 - val_loss: 0.0027 
Epoch 37/100 
7/7 [==============================] - 0s 55ms/step - loss: 6.8842e-05 - val_loss: 0.0011 
Epoch 38/100 
7/7 [==============================] - 0s 60ms/step - loss: 6.9882e-05 - val_loss: 4.2578e-04 
Epoch 39/100 
7/7 [==============================] - 0s 56ms/step - loss: 7.9708e-05 - val_loss: 0.0017 
Epoch 40/100 
7/7 [==============================] - 0s 54ms/step - loss: 5.9638e-05 - val_loss: 0.0038 
Epoch 41/100 
7/7 [==============================] - 0s 55ms/step - loss: 7.6531e-05 - val_loss: 0.0020 
Epoch 42/100 
7/7 [==============================] - 0s 67ms/step - loss: 5.5602e-05 - val_loss: 0.0027 
Epoch 43/100 
7/7 [==============================] - 0s 64ms/step - loss: 5.9910e-05 - val_loss: 0.0014 
Epoch 44/100 
7/7 [==============================] - 0s 69ms/step - loss: 5.3277e-05 - val_loss: 0.0010 
Epoch 45/100 
7/7 [==============================] - 0s 66ms/step - loss: 5.1738e-05 - val_loss: 0.0031 
Epoch 46/100 
7/7 [==============================] - 0s 62ms/step - loss: 4.8882e-05 - val_loss: 0.0014 
Epoch 47/100 
7/7 [==============================] - 0s 65ms/step - loss: 5.1974e-05 - val_loss: 0.0015 
Epoch 48/100 
7/7 [==============================] - 0s 67ms/step - loss: 4.7365e-05 - val_loss: 0.0017 
Epoch 49/100 
7/7 [==============================] - 0s 66ms/step - loss: 6.5271e-05 - val_loss: 0.0011 
Epoch 50/100 
7/7 [==============================] - 1s 116ms/step - loss: 5.4255e-05 - val_loss: 0.0022 
Epoch 51/100 
7/7 [==============================] - 1s 89ms/step - loss: 4.4477e-05 - val_loss: 0.0020 
Epoch 52/100 
7/7 [==============================] - 0s 65ms/step - loss: 6.2924e-05 - val_loss: 0.0029 
Epoch 53/100 
7/7 [==============================] - 0s 65ms/step - loss: 7.5896e-05 - val_loss: 0.0010 
Epoch 54/100 
7/7 [==============================] - 0s 71ms/step - loss: 7.0213e-05 - val_loss: 0.0017 
Epoch 55/100 
7/7 [==============================] - 0s 69ms/step - loss: 4.3784e-05 - val_loss: 0.0040 
Epoch 56/100 
7/7 [==============================] - 0s 70ms/step - loss: 5.5080e-05 - val_loss: 0.0013 
Epoch 57/100 
7/7 [==============================] - 1s 115ms/step - loss: 5.6540e-05 - val_loss: 0.0046 
Epoch 58/100 
7/7 [==============================] - 1s 89ms/step - loss: 5.5590e-05 - val_loss: 0.0017 
Epoch 59/100 
7/7 [==============================] - 0s 63ms/step - loss: 6.1450e-05 - val_loss: 0.0012 
Epoch 60/100 
7/7 [==============================] - 0s 54ms/step - loss: 4.8183e-05 - val_loss: 0.0035 
Epoch 61/100 
7/7 [==============================] - 0s 68ms/step - loss: 4.5041e-05 - val_loss: 0.0013 
Epoch 62/100 
7/7 [==============================] - 0s 55ms/step - loss: 5.4074e-05 - val_loss: 0.0030 
Epoch 63/100 
7/7 [==============================] - 0s 65ms/step - loss: 5.3017e-05 - val_loss: 0.0027 
Epoch 64/100 
7/7 [==============================] - 0s 67ms/step - loss: 5.4609e-05 - val_loss: 0.0027e 
Epoch 65/100 
7/7 [==============================] - 0s 56ms/step - loss: 6.5653e-05 - val_loss: 0.0062 
Epoch 66/100 
7/7 [==============================] - 0s 69ms/step - loss: 5.9848e-05 - val_loss: 0.0022 
Epoch 67/100 
7/7 [==============================] - 1s 73ms/step - loss: 5.1254e-05 - val_loss: 0.0036 
Epoch 68/100 
7/7 [==============================] - 1s 74ms/step - loss: 5.1232e-05 - val_loss: 0.0043 
Epoch 69/100 
7/7 [==============================] - 0s 67ms/step - loss: 5.1521e-05 - val_loss: 0.0029 
Epoch 70/100 
7/7 [==============================] - 0s 66ms/step - loss: 4.4319e-05 - val_loss: 0.0019 
Epoch 71/100 
7/7 [==============================] - 0s 61ms/step - loss: 7.0545e-05 - val_loss: 0.0031 
Epoch 72/100 
7/7 [==============================] - 0s 69ms/step - loss: 6.3606e-05 - val_loss: 0.0024 
Epoch 73/100 
7/7 [==============================] - 0s 68ms/step - loss: 7.1248e-05 - val_loss: 0.0022 
Epoch 74/100 
7/7 [==============================] - 1s 80ms/step - loss: 6.2988e-05 - val_loss: 0.0052 
Epoch 75/100 
7/7 [==============================] - 0s 66ms/step - loss: 7.1046e-05 - val_loss: 0.0019 
Epoch 76/100 
7/7 [==============================] - 0s 67ms/step - loss: 6.4913e-05 - val_loss: 0.0023 
Epoch 77/100 
7/7 [==============================] - 0s 69ms/step - loss: 5.6634e-05 - val_loss: 0.0027 
Epoch 78/100 
7/7 [==============================] - 0s 66ms/step - loss: 6.5549e-05 - val_loss: 0.0014 
Epoch 79/100 
7/7 [==============================] - 0s 66ms/step - loss: 6.2490e-05 - val_loss: 0.0016e- 
Epoch 80/100 
7/7 [==============================] - 0s 55ms/step - loss: 4.2525e-05 - val_loss: 0.0031 
Epoch 81/100 
7/7 [==============================] - 0s 57ms/step - loss: 4.5895e-05 - val_loss: 0.0018 
Epoch 82/100 
7/7 [==============================] - 0s 60ms/step - loss: 4.9728e-05 - val_loss: 0.0026 
Epoch 83/100 
7/7 [==============================] - 0s 57ms/step - loss: 5.1288e-05 - val_loss: 0.0016 
Epoch 84/100 
7/7 [==============================] - 0s 63ms/step - loss: 4.8391e-05 - val_loss: 0.0033 
Epoch 85/100 
7/7 [==============================] - 0s 66ms/step - loss: 5.1617e-05 - val_loss: 0.0032 
Epoch 86/100 
7/7 [==============================] - 0s 67ms/step - loss: 5.5168e-05 - val_loss: 0.0024 
Epoch 87/100 
7/7 [==============================] - 0s 63ms/step - loss: 4.1906e-05 - val_loss: 0.0019 
Epoch 88/100 
7/7 [==============================] - 0s 72ms/step - loss: 5.4777e-05 - val_loss: 0.0025 
Epoch 89/100 
7/7 [==============================] - 0s 67ms/step - loss: 4.8762e-05 - val_loss: 0.0032 
Epoch 90/100 
7/7 [==============================] - 0s 72ms/step - loss: 4.4579e-05 - val_loss: 0.0011 
Epoch 91/100 
7/7 [==============================] - 0s 67ms/step - loss: 5.4594e-05 - val_loss: 0.0018 
Epoch 92/100 
7/7 [==============================] - 0s 69ms/step - loss: 4.8852e-05 - val_loss: 0.0033 
Epoch 93/100 
7/7 [==============================] - 0s 65ms/step - loss: 4.4598e-05 - val_loss: 0.0020 
Epoch 94/100 
7/7 [==============================] - 0s 69ms/step - loss: 4.3907e-05 - val_loss: 0.0025 
Epoch 95/100 
7/7 [==============================] - 1s 98ms/step - loss: 5.5571e-05 - val_loss: 0.0030 
Epoch 96/100 
7/7 [==============================] - 0s 55ms/step - loss: 7.0220e-05 - val_loss: 9.7533e-04 
Epoch 97/100 
7/7 [==============================] - 0s 57ms/step - loss: 6.8708e-05 - val_loss: 0.0011 
Epoch 98/100 
7/7 [==============================] - 0s 65ms/step - loss: 7.7052e-05 - val_loss: 0.0023 
Epoch 99/100 
7/7 [==============================] - 0s 67ms/step - loss: 5.1925e-05 - val_loss: 0.0015 
Epoch 100/100 
7/7 [==============================] - 0s 68ms/step - loss: 4.9179e-05 - val_loss: 0.0032 
<keras.callbacks.History at 0x2441f486df0>

26.935864344145358

112.37433070307412

228

(1, 30)

[1.0680151] 
31 
1 Month input [0.8158052  0.81105029 0.8184629  0.81000977 0.81426109 0.82567772 
 0.83276479 0.84102041 0.85010828 0.8573754  0.86626959 0.87312353 
 0.87921897 0.87884944 0.89285238 0.88107928 0.88492283 0.9359855 
 0.89360627 0.91972175 0.95113835 0.93553713 0.94848795 0.95370845 
 0.96413108 0.97246947 0.97866766 0.98780955 1.         1.0680151 ] 
1 Month output [[1.0828885]] 
2 Month input [0.81105029 0.8184629  0.81000977 0.81426109 0.82567772 0.83276479 
 0.84102041 0.85010828 0.8573754  0.86626959 0.87312353 0.87921897 
 0.87884944 0.89285238 0.88107928 0.88492283 0.9359855  0.89360627 
 0.91972175 0.95113835 0.93553713 0.94848795 0.95370845 0.96413108 
 0.97246947 0.97866766 0.98780955 1.         1.0680151  1.08288848] 
2 Month output [[1.1018721]] 
3 Month input [0.8184629  0.81000977 0.81426109 0.82567772 0.83276479 0.84102041 
 0.85010828 0.8573754  0.86626959 0.87312353 0.87921897 0.87884944 
 0.89285238 0.88107928 0.88492283 0.9359855  0.89360627 0.91972175 
 0.95113835 0.93553713 0.94848795 0.95370845 0.96413108 0.97246947 
 0.97866766 0.98780955 1.         1.0680151  1.08288848 1.10187209] 
3 Month output [[1.1241963]] 
4 Month input [0.81000977 0.81426109 0.82567772 0.83276479 0.84102041 0.85010828 
 0.8573754  0.86626959 0.87312353 0.87921897 0.87884944 0.89285238 
 0.88107928 0.88492283 0.9359855  0.89360627 0.91972175 0.95113835 
 0.93553713 0.94848795 0.95370845 0.96413108 0.97246947 0.97866766 
 0.98780955 1.         1.0680151  1.08288848 1.10187209 1.12419629] 
4 Month output [[1.1491104]] 
5 Month input [0.81426109 0.82567772 0.83276479 0.84102041 0.85010828 0.8573754 
 0.86626959 0.87312353 0.87921897 0.87884944 0.89285238 0.88107928 
 0.88492283 0.9359855  0.89360627 0.91972175 0.95113835 0.93553713 
 0.94848795 0.95370845 0.96413108 0.97246947 0.97866766 0.98780955 
 1.         1.0680151  1.08288848 1.10187209 1.12419629 1.14911044] 
5 Month output [[1.1761914]] 
6 Month input [0.82567772 0.83276479 0.84102041 0.85010828 0.8573754  0.86626959 
 0.87312353 0.87921897 0.87884944 0.89285238 0.88107928 0.88492283 
 0.9359855  0.89360627 0.91972175 0.95113835 0.93553713 0.94848795 
 0.95370845 0.96413108 0.97246947 0.97866766 0.98780955 1. 
 1.0680151  1.08288848 1.10187209 1.12419629 1.14911044 1.17619145] 
6 Month output [[1.2048291]] 
7 Month input [0.83276479 0.84102041 0.85010828 0.8573754  0.86626959 0.87312353 
 0.87921897 0.87884944 0.89285238 0.88107928 0.88492283 0.9359855 
 0.89360627 0.91972175 0.95113835 0.93553713 0.94848795 0.95370845 
 0.96413108 0.97246947 0.97866766 0.98780955 1.         1.0680151 
 1.08288848 1.10187209 1.12419629 1.14911044 1.17619145 1.2048291 ] 
7 Month output [[1.2345588]] 
8 Month input [0.84102041 0.85010828 0.8573754  0.86626959 0.87312353 0.87921897 
 0.87884944 0.89285238 0.88107928 0.88492283 0.9359855  0.89360627 
 0.91972175 0.95113835 0.93553713 0.94848795 0.95370845 0.96413108 
 0.97246947 0.97866766 0.98780955 1.         1.0680151  1.08288848 
 1.10187209 1.12419629 1.14911044 1.17619145 1.2048291  1.23455882] 
8 Month output [[1.2650573]] 
9 Month input [0.85010828 0.8573754  0.86626959 0.87312353 0.87921897 0.87884944 
 0.89285238 0.88107928 0.88492283 0.9359855  0.89360627 0.91972175 
 0.95113835 0.93553713 0.94848795 0.95370845 0.96413108 0.97246947 
 0.97866766 0.98780955 1.         1.0680151  1.08288848 1.10187209 
 1.12419629 1.14911044 1.17619145 1.2048291  1.23455882 1.26505733] 
9 Month output [[1.2959816]] 
[[1.0680150985717773], [1.0828884840011597], [1.1018720865249634], [1.1241962909698486], [1.1491104364395142], 
[1.1761914491653442], [1.2048290967941284], [1.2345588207244873], [1.2650573253631592], [1.2959816455841064]] 

[<matplotlib.lines.Line2D at 0x2442710b220>]

[<matplotlib.lines.Line2D at 0x244271e7a60>]

[<matplotlib.lines.Line2D at 0x2442744ce50>]

In [1]: #importing various libraries 
import pandas as pd 
import numpy as np 
import seaborn as sns 
import matplotlib.pyplot as plt 
from sklearn.preprocessing import MinMaxScaler 
from tensorflow.keras.models import Sequential 
from tensorflow.keras.layers import Dense, Dropout 
from tensorflow.keras.layers import LSTM 
import math 
from sklearn.metrics import mean_squared_error 

In [2]: #importing the dataset 
df = pd.read_csv(r'indices_dataset/Indices-2022-05_ONS.csv') 
df.head() 

Out[2]:

In [3]: # Since there are different regions , thus selecting region as UK 
df = df[df.Region_Name=='United Kingdom'] 
df.head() 

Out[3]:

In [4]: #Dropping the area code column and region name as it is not required 
df.drop(['Area_Code','Region_Name'],axis=1,inplace=True) 
df.head() 

Out[4]:

In [5]: #checking the datatypes 
df.dtypes 

Out[5]:

In [6]: #checking the length of records 
df.shape 

Out[6]:

In [7]: #checking the to and from dates : 
print("Starting of the dataset :",df.Date.min()) 
print("Ending of the dataset :",df.Date.max()) 

In [8]: #plotting the data series 
 
sns.set(rc={'figure.figsize':(16,8)}) 
sns.lineplot(data=df , x='Date',y='Index') 
plt.title("HPI Index(1968-2022)") 

Out[8]:

In [9]: #only saving the index values of HPI 
df =df['Index'] 

In [10]: #viewing the values 
df 

Out[10]:

In [11]: #scaling down the magnitude of index 
scaler = MinMaxScaler(feature_range=(0,1)) 
df = scaler.fit_transform(np.array(df).reshape(-1,1)) 

In [12]: #checking the shape 
df.shape 

Out[12]:

In [13]: #splitting dataset into train and test split 
size =int(len(df)*0.65) 
test_size =len(df)-size 
train_data,test_data = df[0:size,:],df[size:len(df),:] 

In [14]: #checking length of train and test data 
print("length of training data", len(train_data)) 
print("length of test data", len(test_data)) 

In [15]: # create a function for dataset matrix 
def mat_data(data, step=1): 
    X = [] 
    Y = [] 
    for i in range(len(data)-step-1): 
        a = data[i:(i+step), 0]     
        X.append(a) 
        Y.append(data[i + step, 0]) 
    return np.array(X), np.array(Y) 

In [16]: #diving the train and test data into time step of 30 
time_step = 30 
X_train, y_train = mat_data(train_data, time_step) 
X_test, y_test = mat_data(test_data, time_step) 

In [17]: #checking the values of x train 
print(X_train) 

In [18]: #checking the values of y train 
print(X_test) 

In [19]: #checking the shape of train and test data 
print('Shape of X train',X_train.shape) 
print('Shape of X test',X_test.shape) 
print('Shape of y train',y_train.shape) 
print('Shape of y test',y_test.shape) 

In [20]: #reshape the dataset for model building 
X_train =X_train.reshape(X_train.shape[0],X_train.shape[1] , 1) 
X_test = X_test.reshape(X_test.shape[0],X_test.shape[1] , 1) 

In [22]: #LSTM model building 
model_LSTM=Sequential() 
model_LSTM.add(LSTM(64,return_sequences=True,input_shape=(30,1))) 
model_LSTM.add(Dropout(0.2)) 
model_LSTM.add(LSTM(32)) 
model_LSTM.add(Dense(1)) 
model_LSTM.compile(loss='mean_squared_error',optimizer='adam') 

In [24]: #checking the model summary 
model_LSTM.summary() 

In [30]: #fitting the model 
model_LSTM.fit(X_train,y_train,validation_data=(X_test,y_test),epochs=100,batch_size=64,verbose=1) 

Out[30]:

In [31]: #model prediction 
train_predict=model_LSTM.predict(X_train) 
test_predict=model_LSTM.predict(X_test) 

In [32]: ##Transferring the values  to original form 
train_predict=scaler.inverse_transform(train_predict) 
test_predict=scaler.inverse_transform(test_predict) 

In [33]: #calculating the error rate for training data 
math.sqrt(mean_squared_error(y_train,train_predict)) 

Out[33]:

In [34]: #calculating the error rate of test data 
math.sqrt(mean_squared_error(y_test,test_predict)) 

Out[34]:

In [35]: #plotting the train and test data with predicted data 
 
look_back=30 
trainPredictPlot = np.empty_like(df) 
trainPredictPlot[:, :] = np.nan 
trainPredictPlot[look_back:len(train_predict)+look_back, :] = train_predict 
# shift test predictions for plotting 
testPredictPlot = np.empty_like(df) 
testPredictPlot[:, :] = np.nan 
testPredictPlot[len(train_predict)+(look_back*2)+1:len(df)-1, :] = test_predict 
# plot baseline and predictions 
plt.figure(figsize=(16,10)) 
plt.plot(scaler.inverse_transform(df), label ='Actual Data') 
plt.plot(trainPredictPlot, label='Train Predict Data') 
plt.plot(testPredictPlot,label='Test Predict Data') 
plt.legend() 
plt.show() 

In [36]: #checking the length of test data 
len(test_data) 

Out[36]:

In [37]: #picking the last 30 data items from test data to predict next 
x_input=test_data[198:].reshape(1,-1) 
x_input.shape 

Out[37]:

In [38]: #creating a temporary list  
temp_input=list(x_input) 
temp_input=temp_input[0].tolist() 

In [41]: #creating a loop which predicts the next 10 months  
lst_output=[] 
n_steps=30 
i=0 
while(i<10): 
    if(len(temp_input)>30): 
        #print(temp_input) 
        x_input=np.array(temp_input[1:]) 
        print("{} Month input {}".format(i,x_input)) 
        x_input=x_input.reshape(1,-1) 
        x_input = x_input.reshape((1, n_steps, 1)) 
        #print(x_input) 
        yhat = model_LSTM.predict(x_input, verbose=0) 
        print("{} Month output {}".format(i,yhat)) 
        temp_input.extend(yhat[0].tolist()) 
        temp_input=temp_input[1:] 
        #print(temp_input) 
        lst_output.extend(yhat.tolist()) 
        i=i+1 
    else: 
        x_input = x_input.reshape((1, n_steps,1)) 
        yhat = model_LSTM.predict(x_input, verbose=0) 
        print(yhat[0]) 
        temp_input.extend(yhat[0].tolist()) 
        print(len(temp_input)) 
        lst_output.extend(yhat.tolist()) 
        i=i+1 
     
 
print(lst_output) 

In [42]: #creating variables for evenly ranged values 
day_new=np.arange(1,11) 
day_pred=np.arange(11,21) 

In [43]: plt.plot(day_new,scaler.inverse_transform(df[640:])) 
plt.plot(day_pred,scaler.inverse_transform(lst_output)) 

Out[43]:

In [44]: #adding the predicted values to the previous ones and plotting it 
df_ex=df.tolist() 
df_ex.extend(lst_output) 
plt.plot(df_ex[:680]) 

Out[44]:

In [45]: #transforming the data 
df_ex=scaler.inverse_transform(df_ex).tolist() 

In [46]: #plotting the total  
plt.plot(df_ex) 

Out[46]:

In [47]: df_ex 
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 [10.96029649], 
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 [11.89762019], 
 [11.89762019], 
 [11.89762019], 
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 [29.63523558], 
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 [29.01861697], 
 [29.01861697], 
 [29.01861697], 
 [27.90908162], 
 [27.90908162], 
 [27.90908162], 
 [28.05132974], 
 [28.05132974], 
 [28.05132974], 
 [28.27892674], 
 [28.27892674], 
 [28.27892674], 
 [28.876368850000002], 
 [28.876368850000002], 
 [28.876368850000002], 
 [28.33582599], 
 [28.33582599], 
 [28.33582599], 
 [28.64877186], 
 [28.64877186], 
 [28.64877186], 
 [29.0470666], 
 [29.0470666], 
 [29.0470666], 
 [29.53071021], 
 [29.53071021], 
 [29.53071021], 
 [29.33156284], 
 [29.33156284], 
 [29.33156284], 
 [29.07551622], 
 [29.07551622], 
 [29.07551622], 
 [29.388462089999997], 
 [29.388462089999997], 
 [29.388462089999997], 
 [29.644508709999997], 
 [29.644508709999997], 
 [29.644508709999997], 
 [29.24621397], 
 [29.24621397], 
 [29.24621397], 
 [29.67295834], 
 [29.67295834], 
 [29.67295834], 
 [29.70140796], 
 [29.70140796], 
 [29.70140796], 
 [30.86784257], 
 [30.86784257], 
 [30.86784257], 
 [31.40838543], 
 [31.40838543], 
 [31.40838543], 
 [31.835129799999997], 
 [31.835129799999997], 
 [31.835129799999997], 
 [32.48947116], 
 [32.48947116], 
 [32.48947116], 
 [34.13954938], 
 [34.13954938], 
 [34.13954938], 
 [33.88350276], 
 [33.88350276], 
 [33.88350276], 
 [34.7369915], 
 [34.7369915], 
 [34.7369915], 
 [36.58621709], 
 [36.58621709], 
 [36.58621709], 
 [38.17939606], 
 [38.17939606], 
 [38.17939606], 
 [38.00869831], 
 [38.00869831], 
 [38.00869831], 
 [38.23629531], 
 [38.23629531], 
 [38.23629531], 
 [39.8579239], 
 [39.8579239], 
 [39.8579239], 
 [42.19079311], 
 [42.19079311], 
 [42.19079311], 
 [43.27187884], 
 [43.27187884], 
 [43.27187884], 
 [44.3814142], 
 [44.3814142], 
 [44.3814142], 
 [46.79963228], 
 [46.79963228], 
 [46.79963228], 
 [47.68157064], 
 [47.68157064], 
 [47.68157064], 
 [49.10405185999999], 
 [49.10405185999999], 
 [49.10405185999999], 
 [48.84800524], 
 [48.84800524], 
 [48.84800524], 
 [50.611881960000005], 
 [50.611881960000005], 
 [50.611881960000005], 
 [52.43265792], 
 [52.43265792], 
 [52.43265792], 
 [51.38002182], 
 [51.38002182], 
 [51.38002182], 
 [51.20150042], 
 [53.05854966], 
 [54.9155989], 
 [55.6584186], 
 [57.09099944], 
 [59.42557562], 
 [59.90310257], 
 [61.22956631], 
 [62.7152057], 
 [63.19273265], 
 [63.82943524], 
 [65.95177723], 
 [65.47425028], 
 [64.78448914], 
 [66.16401143], 
 [67.75576792], 
 [67.27824097], 
 [67.43741662], 
 [68.60470471], 
 [69.82505136], 
 [69.61281716], 
 [70.8331638], 
 [70.03728555], 
 [71.41680785], 
 [71.84127624], 
 [71.1515151], 
 [71.31069075], 
 [74.54726228], 
 [75.44925762], 
 [76.77572136], 
 [78.4205364], 
 [79.32253175], 
 [79.16335610000002], 
 [79.74700014], 
 [79.64088304], 
 [79.05723900000001], 
 [79.00414733], 
 [78.92821617], 
 [79.5757433], 
 [80.70720473000002], 
 [81.57373712], 
 [82.22123063], 
 [83.27997671], 
 [83.61857602], 
 [83.4884067], 
 [83.3213147], 
 [83.56929005], 
 [84.02644839], 
 [83.90106635], 
 [84.03811568], 
 [84.7196006], 
 [86.56111003], 
 [87.38144064], 
 [88.20926226], 
 [89.47865094], 
 [90.22983183], 
 [90.59768337], 
 [91.12833682], 
 [91.59754895], 
 [92.73809927], 
 [92.7060532], 
 [92.9699346], 
 [93.6912864], 
 [95.58267348], 
 [96.67766106], 
 [97.73591554], 
 [98.96472591], 
 [99.53883743], 
 [99.66799121000001], 
 [99.4355989], 
 [99.38335173], 
 [99.22825691], 
 [97.43880398], 
 [96.60122108], 
 [95.89847146], 
 [96.0574324], 
 [96.64460261], 
 [95.3665921], 
 [94.3252631], 
 [92.35697046], 
 [90.03203546], 
 [88.20557481], 
 [85.72469566], 
 [84.41731915], 
 [82.46609398], 
 [81.51335523], 
 [81.00722929], 
 [81.74138369], 
 [82.87022818], 
 [83.68663124], 
 [85.18780297], 
 [86.02804737], 
 [86.70381405], 
 [87.28658117], 
 [87.58094362], 
 [88.15549102000001], 
 [87.83415287], 
 [88.05378017999999], 
 [88.04867624], 
 [89.17627719], 
 [89.60532026], 
 [90.04725361], 
 [90.95909915], 
 [90.95403852], 
 [90.72042788], 
 [89.70958658999999], 
 [88.64406248999998], 
 [88.48125218000001], 
 [87.74567853], 
 [87.28147147000001], 
 [86.87939315], 
 [88.22705682], 
 [87.83456424], 
 [87.98309446], 
 [89.09127032], 
 [89.14487428], 
 [88.92226247], 
 [87.94127174000002], 
 [87.9851811], 
 [87.61326309999998], 
 [87.01572809000001], 
 [86.77897713], 
 [87.03610237], 
 [88.03612531], 
 [88.32005117], 
 [89.18743457000001], 
 [89.52941305], 
 [89.63492853], 
 [89.31643871], 
 [88.68411942], 
 [88.75635758000001], 
 [88.55474342], 
 [87.96352364], 
 [87.94614511], 
 [88.47010538999999], 
 [89.33754346], 
 [89.80872879], 
 [90.5538877], 
 [91.57019948], 
 [92.29924408], 
 [92.35983956], 
 [91.98251248], 
 [92.49292028], 
 [93.3420886], 
 [93.45304911], 
 [93.84076857], 
 [94.16353809], 
 [96.25871421999999], 
 [97.2787639], 
 [98.11845072], 
 [99.49876176], 
 [100.6646094], 
 [100.7726233], 
 [100.6239445], 
 [100.285454], 
 [100.5267755], 
 [100.0], 
 [100.085049], 
 [100.4575155], 
 [101.3425525], 
 [102.43788], 
 [103.2190061], 
 [104.9703002], 
 [105.93104479999998], 
 [106.1488952], 
 [106.293447], 
 [107.1110571], 
 [107.476627], 
 [107.7619676], 
 [107.8097556], 
 [108.9173311], 
 [109.3243607], 
 [110.5984228], 
 [111.6547846], 
 [112.829855], 
 [112.8392873], 
 [112.6668774], 
 [112.2948097], 
 [112.8225539], 
 [113.0254097], 
 [112.8904772], 
 [113.12906999999998], 
 [112.8872191], 
 [114.6732025], 
 [115.3613565], 
 [116.3472825], 
 [117.8607536], 
 [118.3952151], 
 [117.9530007], 
 [118.0564838], 
 [117.7209981], 
 [118.1811274], 
 [117.7687697], 
 [118.0768678], 
 [117.3640934], 
 [118.4854363], 
 [118.9698875], 
 [119.7678545], 
 [121.2530285], 
 [121.62576919999998], 
 [121.39318760000002], 
 [121.2657284], 
 [120.74810480000001], 
 [120.48846380000002], 
 [119.74644669999999], 
 [119.4443311], 
 [119.1115474], 
 [119.9745207], 
 [120.1380376], 
 [120.6561853], 
 [122.0036281], 
 [122.3959345], 
 [122.4851029], 
 [122.1616307], 
 [121.7299961], 
 [121.57048530000002], 
 [121.647906], 
 [120.9498714], 
 [122.0380654], 
 [120.7971199], 
 [121.4212261], 
 [123.0972213], 
 [124.1376241], 
 [125.3495738], 
 [126.6836999], 
 [127.7505349], 
 [129.0562277], 
 [130.0624068], 
 [130.9572342], 
 [130.9029866], 
 [132.9586598], 
 [131.2303333], 
 [131.7945781], 
 [139.2907281], 
 [133.0693331], 
 [136.9031629], 
 [141.5152113], 
 [139.2249071], 
 [141.1261255], 
 [141.8925094], 
 [143.4225821], 
 [144.6466837], 
 [145.5565956], 
 [146.8986518], 
 [148.688246], 
 [158.6730629235512], 
 [160.8565197392327], 
 [163.64336853795368], 
 [166.92062754406797], 
 [170.5780975256605], 
 [174.55367000662102], 
 [178.75776107902934], 
 [183.1221721710619], 
 [187.5994425368153], 
 [192.13922388500492]]

WARNING:absl:Found untraced functions such as lstm_cell_layer_call_fn, lstm_cell_layer_call_and_return_conditio
nal_losses, lstm_cell_1_layer_call_fn, lstm_cell_1_layer_call_and_return_conditional_losses, lstm_cell_layer_ca
ll_fn while saving (showing 5 of 10). These functions will not be directly callable after loading. 
INFO:tensorflow:Assets written to: HPI_model.H5\assets 

INFO:tensorflow:Assets written to: HPI_model.H5\assets 
WARNING:absl:<keras.layers.recurrent.LSTMCell object at 0x000002447E7A8520> has the same name 'LSTMCell' as a b
uilt-in Keras object. Consider renaming <class 'keras.layers.recurrent.LSTMCell'> to avoid naming conflicts whe
n loading with `tf.keras.models.load_model`. If renaming is not possible, pass the object in the `custom_object
s` parameter of the load function. 
WARNING:absl:<keras.layers.recurrent.LSTMCell object at 0x000002441A66D910> has the same name 'LSTMCell' as a b
uilt-in Keras object. Consider renaming <class 'keras.layers.recurrent.LSTMCell'> to avoid naming conflicts whe
n loading with `tf.keras.models.load_model`. If renaming is not possible, pass the object in the `custom_object
s` parameter of the load function. 

Out[47]:

In [49]: #save model 
model_LSTM.save("HPI_model.H5") 

In [ ]:   

In [ ]:   

In [ ]:   

In [ ]:   

In [ ]:   

In [ ]:   



Helps GUI in clustering the venues and returning the most visited
venues

In [51]: #importing libraries 
import requests # library to handle requests 
import pandas as pd # library for data analsysis 
import numpy as np # library to handle data in a vectorized manner 
import random # library for random number generation 
from geopy.geocoders import Nominatim # module to convert an address into latitude and longitude values 
# tranforming json file into a pandas dataframe library 
import matplotlib.pyplot as plt # plotting library 
# backend for rendering plots within the browser 
%matplotlib inline  
import matplotlib.cm as cm 
import matplotlib.colors as colors 
from sklearn.cluster import KMeans  
import folium # plotting library 
import geocoder 
 
#function to get the co-ordinates of the location 
def get_location(location): 
    #getting the co-ordinates of the location 
    geolocator = Nominatim(user_agent="uk") 
    address = str(location +", United Kingdom") 
    location = geocoder.arcgis(address) 
    latlang = location.latlng 
    return latlang 
 
#function to import data of neighborhoods 
def import_dataset(location): 
    loc_neighborhoods = pd.read_excel(r'top25.xlsx',sheet_name='Sheet2') 
    loc_neighborhoods=loc_neighborhoods[loc_neighborhoods.city==location] 
    loc_neighborhoods.drop('city',inplace=True,axis=1) 
    return loc_neighborhoods 
 
#function to get co-ordinates of the neighborhoods 
def getNeighborhoodLatLong(Neighborhoods,loc): 
    #Neighborhood with lat , long 
    latlang = [] 
    # defining the user agent for geopy 
    geolocator = Nominatim(user_agent="uk_neighborhoods") 
    # for every unique  of Neighborhood  get the lattitude and longitude 
    for  neigh in Neighborhoods: 
        address = str(neigh +", {}".format(loc)) 
        location = geocoder.arcgis(address) 
        latlang.append( 
        location.latlng 
        ) 
     
    return(latlang) 
 
#function to add coordinates to the dataframe 
def add_coordinates(loc_neigh,loc_neighborhoods): 
    latitude= [] 
    longitude = [] 
    for lat, lng in loc_neigh: 
        latitude.append(lat) 
        longitude.append(lng) 
    loc_neighborhoods["Latitude"] = latitude 
    loc_neighborhoods["Longitude"] = longitude 
    return loc_neighborhoods 
 
#function to call API to get most visitied venues 
def api_call(names, latitudes, longitudes, radius=500): 
    CLIENT_ID = 'WXER4KXQTW0IHEGA0HLO2EMDOOWEZKAX4YFQLRDMZ2TSBRVM'  # your Foursquare ID 
    CLIENT_SECRET = '4NMKXNOKJBU4FR312SHLECHR1WSY0ONMQP2JXUYOZ0TWKTJG'  # your Foursquare Secret 
    VERSION = '20210118'  # Foursquare API version  
    LIMIT = 1000 
    venues_list = [] 
    for name, lat, lng in zip(names, latitudes, longitudes): 
        # create the API request URL 
        url = 'https://api.foursquare.com/v2/venues/explore?&client_id={}&client_secret={}&v={}&ll={},{}&radius
            CLIENT_ID, CLIENT_SECRET, VERSION, lat, lng, radius, LIMIT) 
        # make the GET request 
        results = requests.get(url).json()["response"]['groups'][0]['items'] 
        # return only relevant information for each nearby venue 
        venues_list.append([ 
            (name, lat, lng, v['venue']['name'], v['venue']['location']['lat'], 
             v['venue']['location']['lng'],v['venue']['categories'][0]['name']) for v in results]) 
    nearby_venues = pd.DataFrame([item for venue_list in venues_list for item in venue_list]) 
    nearby_venues.columns = ['Neighborhood', 'Neighborhood Latitude', 'Neighborhood Longitude', 
        'Venue', 'Venue Latitude', 'Venue Longitude', 'Venue Category'] 
 
    return (nearby_venues) 
 
#function to check if the neighborhoods are listed in the neighborhood data 
def venues_check(loc_neighborhoods,loc_venues): 
    loc_neighborhoods = loc_neighborhoods.loc[loc_neighborhoods["neighborhood"].isin(loc_venues["Neighborhood"]
    return loc_neighborhoods 
 
#function to apply one hot encoding to the dataset  
def onehot(loc_venues): 
    # one hot encoding 
    loc_onehot = pd.get_dummies(loc_venues[['Venue Category']], prefix="", prefix_sep="") 
    # add neighborhood column back to dataframe 
    loc_onehot['Neighborhood'] = loc_venues['Neighborhood']  
    loc_grouped = loc_onehot.groupby('Neighborhood').mean().reset_index() 
    return loc_grouped 
 
#function to return most common venues 
def return_most_common_venues(row, num_top_venues): 
    row_categories = row.iloc[1:] 
    row_categories_sorted = row_categories.sort_values(ascending=False) 
    return row_categories_sorted.index.values[0:num_top_venues] 
 
#function to append the data into the dataframe 
def most_common(loc_grouped): 
    num_top_venues = 10 
    indicators = ['st', 'nd', 'rd'] 
    # create columns according to number of top venues 
    columns = ['Neighborhood'] 
    for ind in np.arange(num_top_venues): 
        try: 
            columns.append('{}{} Most Common Venue'.format(ind+1, indicators[ind])) 
        except: 
            columns.append('{}th Most Common Venue'.format(ind+1)) 
    # create a new dataframe 
    neighborhoods_venues_sorted = pd.DataFrame(columns=columns) 
    neighborhoods_venues_sorted['Neighborhood'] = loc_grouped['Neighborhood'] 
    for ind in np.arange(loc_grouped.shape[0]): 
        neighborhoods_venues_sorted.iloc[ind, 1:] = return_most_common_venues(loc_grouped.iloc[ind, :], num_top
    return neighborhoods_venues_sorted 
 
 
#function to apply kmeans clustering on the dataset 
def model(loc_grouped,neighborhoods_venues_sorted,loc_neighborhoods): 
     
    kclusters = 4 
    loc_grouped_clustering = loc_grouped.drop('Neighborhood', 1) 
    # run k-means clustering 
    kmeans = KMeans(n_clusters=kclusters, random_state=0).fit(loc_grouped_clustering) 
    #add clustering labels 
    neighborhoods_venues_sorted.insert(0, 'Cluster Labels', kmeans.labels_) 
    loc_merged = loc_neighborhoods 
    # merge loc_grouped with loc_data to add latitude/longitude for each neighborhood 
    loc_merged = loc_merged.join(neighborhoods_venues_sorted.set_index('Neighborhood'), on='neighborhood') 
    return loc_merged 
 
#function to call all previous functions together 
def main_function(location): 
    latlang = get_location(location) 
    loc_neighborhoods = import_dataset(location) 
    loc_neigh = getNeighborhoodLatLong(Neighborhoods = loc_neighborhoods["neighborhood"],loc=location) 
    loc_neighborhoods = add_coordinates(loc_neigh,loc_neighborhoods) 
    loc_venues = api_call(names=loc_neighborhoods['neighborhood'],latitudes=loc_neighborhoods['Latitude'], 
                                    longitudes=loc_neighborhoods['Longitude']) 
    loc_neighborhoods =venues_check(loc_neighborhoods,loc_venues) 
    loc_grouped = onehot(loc_venues) 
    neighborhoods_venues_sorted = most_common(loc_grouped) 
    loc_merged =model(loc_grouped,neighborhoods_venues_sorted,loc_neighborhoods) 
    return loc_merged 
 
#function to return the most common venue of particular cluster 
def most_venues(df): 
    df_tmp =pd.DataFrame(df.groupby("neighborhood")["1st Most Common Venue"].apply(lambda x: ','.join(x.unique(
    df_tmp.rename(columns={'neighborhood':'neighborhood' ,'top_venues':'1st Most Common Venue'}) 
    venues = df_tmp["1st Most Common Venue"].values 
    counter ={} 
    if len(venues)==0: 
        return None 
    else: 
        for ven in venues: 
            if ven in counter: 
                counter[ven]=counter[ven] +1 
            else: 
                counter[ven]=0 
        max_val = list(counter.values()) 
        max_ke = list(counter.keys()) 
        return max_ke[max_val.index(max(max_val))] 

In [ ]:   

In [ ]:   



Helps GUI in fetching data from API
In [1]: #importing required libraries 

import requests 
import time 
import pandas as pd 

In [2]: #importing dataset  
df_post = pd.read_excel(r'area_codes.xlsx') 

In [3]: #function to return bedroom prices as per the location passed through API 
def get_bed_prices(location): 
     
    postcodes = df_post.postcode[df_post.AreaName==location].unique() 
    records =[] 
    for bed,postcode in zip(range(2,6),postcodes): 
        response = requests.get('https://api.propertydata.co.uk/prices?key=L1SGXGR1LQ&postcode={}&bedrooms={}'.
        data = response.json() 
        if data['status']=='error': 
            continue 
        elif data['status']== 'success': 
            for row in data['data']['raw_data']: 
                records.append(row) 
        time.sleep(5) 
    df = pd.DataFrame.from_dict(records, orient='columns')   
    return df 
    

In [4]: #function to return crime data as per the location passed through API 
def get_crime_data(location): 
    postcodes = df_post.postcode[df_post.AreaName==location].unique() 
    records =[] 
    for postcode in postcodes: 
        response = requests.get('https://api.propertydata.co.uk/crime?key=L1SGXGR1LQ&postcode={}'.format(postco
        data = response.json() 
        if data['status']=='error': 
            continue 
        elif data['status']== 'success': 
            records.append((postcode,data['crimes_last_12m'],data['population'],data['crime_rating'],data['crim
        time.sleep(5) 
    df = pd.DataFrame.from_dict(records, orient='columns')   
    return df 

In [5]: #function created to speed up the GUI after calling the bedroom api for all cities 
def get_bed_prices1(location): 
    df = pd.read_csv(r'Bedroom_Data/{}_Bed.csv'.format(location)) 
    return df 

In [6]: #function created to speed up the GUI after calling the crime data api for all cities 
def get_crime_data1(location): 
    df = pd.read_csv('Crime_Data\{}_crime.csv'.format(location)) 
    return df 



Graphical User Interface
In [1]: #importing libraries 

from tkinter import * 
from tkinter.ttk import * 
import pandas as pd 
import tkintermapview 
from geopy.geocoders import Nominatim 
import geocoder 
import requests  
import numpy as np 
import random  
import matplotlib.pyplot as plt 
import joblib 
import seaborn as sns 
from sklearn.cluster import KMeans  
import folium # plotting library 
from matplotlib.backends.backend_tkagg import FigureCanvasTkAgg 
import warnings 
import time 
warnings.filterwarnings('ignore') 
%run assist.ipynb 
%run api_calls.ipynb 
from keras.models import load_model 
from sklearn.preprocessing import MinMaxScaler 

In [2]: #importing various datasets 
df = pd.read_excel(r'top25.xlsx') 
df_post = pd.read_excel(r'area_codes.xlsx') 
df_model = pd.read_csv(r'indices_dataset/Indices-2022-05_ONS.csv') 
df_land = pd.read_excel(r'indices_dataset/UK-HPI-full-file-2022-05_land_registry_1.xlsx') 
df_reg = pd.read_excel(r'indices_dataset/pp-2022-modified.xlsx') 
df_price = pd.read_excel(r'price_post_coordinates.xlsx') 
df_dummy = pd.read_csv(r'dummy_csv.csv') 
df_dummy.drop(['Unnamed: 0','Price'],axis=1,inplace=True) 
df_city = pd.read_csv(r'city.csv') 

In [6]: ### creating window for gui 
window = Tk() 
window.title("House Price Prediction System") 
width = window.winfo_screenwidth() 
height = window.winfo_screenheight() 
 
# setting tkinter window size 
window.geometry("%dx%d" % (width, height)) 
heading = Label(text="House Price Prediction System", font=("Arial Black", 22)) 
heading.pack() 
 
#creating different tabs in the window 
tab_parent = Notebook(window) 
tab1 = Frame(tab_parent) 
tab2 = Frame(tab_parent) 
tab3 = Frame(tab_parent) 
tab_parent.add(tab1, text='Your Interest City Search') 
tab_parent.add(tab2, text="Know the Price") 
tab_parent.add(tab3, text="Research") 
#creating a list of countries name 
countries = list(df.Country.unique()) 
 
#function to pick county name as per country selected 
def pick_county(e): 
    if cm1.get()=="England": 
        data = list(df.county[df.Country=='England'].values) 
        cm2.config(value=data) 
    elif cm1.get()=="Wales": 
        data = list(df.county[df.Country=='Wales'].values) 
        cm2.config(value=data) 
    elif cm1.get()=="Scotland": 
        data = list(df.county[df.Country=='Scotland'].values) 
        cm2.config(value=data) 
    elif cm1.get()=="Northern Ireland": 
        data = list(df.county[df.Country=='Northern Ireland'].values) 
        cm2.config(value=data) 
 
#function to pick city name as per county name selected 
def pick_city(e): 
    data = list(df.City[df.county == cm2.get()].values) 
    cm3.config(value=data) 
 
     
 
#getting the co-ordinates of the location 
def location(location): 
    geolocator = Nominatim(user_agent="uk") 
    address = str(location +", United Kingdom") 
    location = geocoder.arcgis(address) 
    latlang = location.latlng 
    return latlang 
 
#class to plot the graphs using clustering 
class interests: 
    def graph(self): 
        self.loc = cm3.get()     
        self.df_final = main_function(self.loc) 
        latlang =location(self.loc) 
        lbl55= Label(tab1, text="Most Common Venues", font=("Helvetica", 12,)) 
        lbl55.place(x=50, y=100) 
        map_widget =tkintermapview.TkinterMapView(tab1,width=500,height=400,corner_radius=0) 
        map_widget.set_position(latlang[0],latlang[1]) 
        map_widget.set_zoom(11) 
        map_widget.place(x=50,y=120)    
        for lat,long,name,cluster in zip(self.df_final['Latitude'], self.df_final['Longitude'], self.df_final['
            if cluster == 0 : 
                map_widget.set_marker(lat,long, text=name,marker_color_circle='red',marker_color_outside='red')
            elif cluster == 1 : 
                map_widget.set_marker(lat,long, text=name,marker_color_circle='blue',marker_color_outside='blue
            elif cluster == 2 : 
                map_widget.set_marker(lat,long, text=name,marker_color_circle='green',marker_color_outside='gre
            elif cluster == 3 : 
                map_widget.set_marker(lat,long, text=name, marker_color_circle='purple',marker_color_outside='p
        lbl8 = Label(tab1, text="Most Common Venues :",font=('bold')) 
        lbl8.place(x=600, y=150) 
        lbl9 = Label(tab1, text="Red :  {}".format(most_venues(self.df_final[self.df_final['Cluster Labels']==0
        lbl9.place(x=600, y=200) 
        lbl10 = Label(tab1, text="Blue :  {} ".format(most_venues(self.df_final[self.df_final['Cluster Labels']
        lbl10.place(x=600, y=230) 
        lbl11 = Label(tab1, text="Green :  {} ".format(most_venues(self.df_final[self.df_final['Cluster Labels'
        lbl11.place(x=600, y=260) 
        lbl56 = Label(tab1, text="Purple :  {} ".format(most_venues(self.df_final[self.df_final['Cluster Labels
        lbl56.place(x=600, y=290)    
         
        lbl57= Label(tab1, text="Average House Prices", font=("Helvetica", 12)) 
        lbl57.place(x=800, y=100) 
        map_widget1 =tkintermapview.TkinterMapView(tab1,width=500,height=400,corner_radius=0) 
        map_widget1.set_position(latlang[0],latlang[1]) 
        map_widget1.set_zoom(11) 
        map_widget1.place(x=800,y=120) 
        temp_loc = df_price[df_price.city1==self.loc] 
        max_val = temp_loc.Avg_asking_price.max() 
        min_val =temp_loc.Avg_asking_price.min() 
        labels=['low','medium','high'] 
        bins = np.linspace(min_val,max_val,4) 
        temp_loc['bins'] = pd.cut(temp_loc['Avg_asking_price'], bins=bins, labels=labels, include_lowest=True) 
        for lat,long,post,bins in zip(temp_loc['Latitude'], temp_loc['Longitude'],temp_loc['Postcode'], temp_lo
            if bins == "low" : 
                map_widget1.set_marker(lat,long, text=post,marker_color_circle='pink',marker_color_outside='pin
            elif bins == "medium" : 
                map_widget1.set_marker(lat,long, text=post,marker_color_circle='orange',marker_color_outside='o
            elif bins == "high" : 
                map_widget1.set_marker(lat,long, text=post,marker_color_circle='cyan',marker_color_outside='cya
        lbl58 = Label(tab1, text="House Prices:", font='bold') 
        lbl58.place(x=600, y=350) 
        temp_low = temp_loc[temp_loc.bins=='low'] 
        min_low = temp_low.Avg_asking_price.min() 
        max_low = temp_low.Avg_asking_price.max() 
        lbl59 = Label(tab1, text="Pink :£{}-£{}".format(min_low,max_low),foreground='pink') 
        lbl59.place(x=600, y=370) 
        temp_med = temp_loc[temp_loc.bins=='medium'] 
        min_med = temp_med.Avg_asking_price.min() 
        max_med = temp_med.Avg_asking_price.max() 
        lbl60 = Label(tab1, text="Orange :£{}-£{}".format(min_med,max_med),foreground='orange') 
        lbl60.place(x=600, y=400) 
        temp_high = temp_loc[temp_loc.bins=='low'] 
        min_high = temp_high.Avg_asking_price.min() 
        max_high = temp_high.Avg_asking_price.max() 
        lbl61 = Label(tab1, text="Cyan :£{}-£{}".format(min_high,max_high),foreground='cyan') 
        lbl61.place(x=600, y=430) 
                     
     
    #function to work when know more is clicked 
    def know_more(self): 
        new_win = Toplevel(tab1) 
        new_win.geometry("%dx%d" % (width, height)) 
        lbl4 = Label(new_win, text="Most Common Venues in {} :".format(self.loc), font=("Helvetica", 15)) 
        lbl4.place(x=110, y=20) 
        table = Treeview(new_win) 
        table['columns'] = ('Neighborhood', 'Latitude','Longitude','1st Most Common Venue', 
                            '2nd Most Common Venue','3rd Most Common Venue','4th Most Common Venue','5th Most C
        table.column("#0", width=0, stretch=NO) 
        table.column("Neighborhood", anchor=CENTER, width=100) 
        table.column("Latitude", anchor=CENTER, width=150) 
        table.column("Longitude", anchor=CENTER, width=150) 
        table.column("1st Most Common Venue", anchor=CENTER, width=150) 
        table.column("2nd Most Common Venue", anchor=CENTER, width=150) 
        table.column("3rd Most Common Venue", anchor=CENTER, width=150) 
        table.column("4th Most Common Venue", anchor=CENTER, width=150) 
        table.column("5th Most Common Venue", anchor=CENTER, width=150) 
        table.heading("#0", text="", anchor=CENTER) 
        table.heading("Neighborhood", text="Neighborhood", anchor=CENTER) 
        table.heading("Latitude", text="Latitude", anchor=CENTER) 
        table.heading("Longitude", text="Longitude", anchor=CENTER) 
        table.heading("1st Most Common Venue", text="1st Most Common Venue", anchor=CENTER) 
        table.heading("2nd Most Common Venue", text="2nd Most Common Venue", anchor=CENTER) 
        table.heading("3rd Most Common Venue", text="3rd Most Common Venue", anchor=CENTER) 
        table.heading("4th Most Common Venue", text="4th Most Common Venue", anchor=CENTER) 
        table.heading("5th Most Common Venue", text="5th Most Common Venue", anchor=CENTER) 
        output_data = [] 
        for i in range(len(self.df_final)): 
            output_data.append((self.df_final.iloc[i,0], self.df_final.iloc[i,1],self.df_final.iloc[i,2],self.d
                               self.df_final.iloc[i,5],self.df_final.iloc[i,6],self.df_final.iloc[i,7],self.df_
        for out in output_data: 
            table.insert(parent='', index='end', text='', values=out) 
        table.place(x=120,y=50) 
        lbl5 = Label(new_win, text="House Prices per bedroom count in {} :".format(self.loc), font=("Helvetica"
        lbl5.place(x=110, y=290) 
        df_beds = get_bed_prices1(self.loc) 
        if len(df_beds)==0: 
            lbl7 = Label(new_win, text="Insufficient data for  {} Present !!! Sorry!!! :".format(self.loc), fon
            lbl7.place(x=120, y=350) 
        else: 
            figure1 = plt.Figure(figsize=(8, 4)) 
            ax1 = figure1.add_subplot(111) 
            plot1 = FigureCanvasTkAgg(figure1, new_win) 
            dict_data = {'2 Bedrooms':df_beds.price[df_beds.bedrooms==2],'3:Bedrooms':df_beds.price[df_beds.bed
                         '4 Bedrooms':df_beds.price[df_beds.bedrooms==4],'5 Bedrooms':df_beds.price[df_beds.bed
            ax1.boxplot(dict_data.values()) 
            ax1.set_xticklabels(dict_data.keys()) 
            plot1.get_tk_widget().place(x=120, y=320) 
            temp2 =df_beds[df_beds.bedrooms==2] 
            temp3 =df_beds[df_beds.bedrooms==3] 
            temp4 =df_beds[df_beds.bedrooms==4] 
            temp5 =df_beds[df_beds.bedrooms==5] 
            lbl13 = Label(new_win, text="Average Price of 2 Bedrooms:  £{:.2f}".format(temp2.price.mean()), 
                                                                                                     font=("Hel
            lbl13.place(x=800, y=350) 
            lbl13 = Label(new_win, text="Average Price of 3 Bedrooms:  £{:.2f}".format(temp3.price.mean()), 
                                                                                                     font=("Hel
            lbl13.place(x=800, y=375) 
            lbl13 = Label(new_win, text="Average Price of 4 Bedrooms:  £{:.2f}".format(temp4.price.mean()), 
                                                                                                     font=("Hel
            lbl13.place(x=800, y=400) 
            lbl13 = Label(new_win, text="Average Price of 5 Bedrooms:  £{:.2f}".format(temp5.price.mean()) 
                                                                                                     , font=("H
            lbl13.place(x=800, y=425) 
            lbl6 = Label(new_win, text="Crimes in {} :".format(self.loc), font=("Helvetica", 15)) 
            lbl6.place(x=120, y=620) 
        df_crime = get_crime_data1(self.loc) 
        if len(df_crime) == 0: 
            lbl17 = Label(new_win, text="Crimes in 12 months: No Sufficient Data Present! Sorry!!!", font=("Hel
            lbl17.place(x=350, y=625) 
            lbl19 = Label(new_win, text="Crime Rating: No Sufficient Data Present! Sorry!!!", font=("Helvetica"
            lbl19.place(x=700, y=625) 
 
        else: 
            mean_crimes = df_crime['1'].mean() 
            lbl17 = Label(new_win, text="Crimes in 12 months: {:.2f}".format(mean_crimes), font=("Helvetica", 1
            lbl17.place(x=350, y=625) 
            crime_rating = df_crime['3'].mode()[0] 
            lbl19 = Label(new_win, text="Crime Rating: {}".format(crime_rating), font=("Helvetica", 10)) 
            lbl19.place(x=700, y=625) 
        b5 = Button(new_win, text="EXIT", command =new_win.destroy) 
        b5.place(x=1200,y=550) 
 
# function to pick county name as per country selected 
def pcounty1(e): 
    if cm7.get()=='England': 
        data = list(df_reg.County[df_reg.Country=='England'].unique()) 
        data.sort() 
        cm8.config(value=data) 
 
    elif cm7.get()=="Wales": 
        data = list(df_reg.County[df_reg.Country=='Wales'].unique()) 
        data.sort() 
        cm8.config(value=data) 
 
#function to pick district name as per county selected 
def pdistrict1(e): 
    data = list(df_reg.District[df_reg.County == cm8.get()].unique()) 
    data.sort() 
    cm9.config(value=data)     
 
#function to pickcity name as per district selected     
def pcity1(e): 
    data =list(df_reg.Town_City[df_reg.District == cm9.get()].unique()) 
    data.sort() 
    cm10.config(value=data) 
     
#function to pick areacode as per city selected 
def pareacode1(e): 
    data =list(df_reg.areacode[df_reg.Town_City == cm10.get()].unique()) 
    data.sort() 
    cm11.config(value=data) 
 
 
#function to calculate the property prices using XGBoost machine learning model 
def calc_property_price(): 
    rank = df_city.Rank[df_city.city==cm8.get()] 
    c_rank =rank.values[0] 
    header = df_dummy.columns 
    df_prediction = pd.DataFrame(columns=header) 
    df_prediction = df_prediction.append(pd.Series(0, index=df_prediction.columns), ignore_index=True) 
    areacode = cm11.get() 
    if (cm12.get() =="Detached"): 
        property_type='D' 
    elif (cm12.get()=="Semi-Detached"): 
        property_type='S' 
    elif cm12.get() == "Terraced": 
        property_type ='T' 
    elif cm12.get() == "Flats/Maisonettes": 
        property_type ='F' 
    elif cm12.get() == "Other": 
        property_type ='O' 
    if cm13.get()=="Newly Built": 
        property_age =1 
    elif cm13.get()=="Established": 
        property_age =0 
    if cm14.get()=="Freehold": 
        property_tenure=0 
    elif cm14.get()=="Leasehold": 
        property_tenure =1 
    if cm15.get()=="single residential property sold": 
        property_ppd =0 
    elif cm15.get()=="buy-to-lets/others": 
        property_ppd =1 
    property_epc = cm16.get() 
    property_year = cm17.get() 
    fl_area = total_floor_area_e.get() 
    energy_tar = cm18.get()         
    df_prediction['Old/New']=property_age 
    df_prediction['Property_Type_{}'.format(property_type)]=1 
    df_prediction['Duration']=property_tenure 
    df_prediction['PPD\xa0Category Type']=property_ppd 
    df_prediction['construction_age_band_ {}'.format(property_year)]=1 
    df_prediction['current_energy_rating_{}'.format(property_epc)]=1 
    df_prediction['total_floor_area']=fl_area 
    df_prediction['energy_tariff_{}'.format(energy_tar)]=1 
    df_prediction['areacode_{}'.format(areacode)]=1 
    df_prediction['county_rank']=c_rank 
    preds = model_xgboost.predict(df_prediction) 
    lbl62 = Label(tab2, text="Estimate Property Price :£{:.2f}".format(preds[0]),font=("Arial Black", 12)) 
    lbl62.place(x=750, y=250)   
 
 
#function to calculate the prices of development and display profit percentage 
def calc_profit(): 
    url ='https://api.propertydata.co.uk/development-calculator?key=L1SGXGR1LQ&postcode={}&purchase_price={}&sq
    response = requests.get(url) 
    data = response.json() 
    lbl29=Label(tab2, text="Stamp Duty: £{}".format(data['results']['stampDuty']['value']), font=("Arial Black"
    lbl29.place(x=850,y=300) 
    lbl30=Label(tab2, text="Legal fees: £{}".format(data['results']['legals']['value']), font=("Arial Black", 1
    lbl30.place(x=850,y=320) 
    lbl31=Label(tab2, text="Architects fees: £{}".format(data['results']['architects']['value']), font=("Arial 
    lbl31.place(x=850,y=340) 
    lbl32=Label(tab2, text="Construction Cost: £{}".format(data['results']['construction']['value']), font=("Ar
    lbl32.place(x=850,y=360) 
    lbl33=Label(tab2, text="subTotal Costs: £{}".format(data['results']['subTotalCosts']['value']), font=("Aria
    lbl33.place(x=850,y=380) 
    lbl34=Label(tab2, text="Contingency Amount: £{}".format(data['results']['contingency']['value']), font=("Ar
    lbl34.place(x=850,y=400) 
    lbl35=Label(tab2, text="finance costs: £{}".format(data['results']['finance']['value']), font=("Arial Black
    lbl35.place(x=850,y=420) 
    lbl36=Label(tab2, text="total Costs: £{}".format(data['results']['totalCosts']['value']), font=("Arial Blac
    lbl36.place(x=850,y=440) 
    lbl37=Label(tab2, text="Average asking price:(persqf) £{}".format(data['results']['valuePsf']['value']), fo
    lbl37.place(x=850,y=460) 
    lbl38=Label(tab2, text="Total Value: £{}".format(data['results']['totalValue']['value']), font=("Arial Blac
    lbl38.place(x=850,y=480) 
    lbl39=Label(tab2, text="Profit: £{}".format(data['results']['profit']['value']), font=("Arial Black", 11)) 
    lbl39.place(x=850,y=500) 
    lbl40=Label(tab2, text="Profit Percentage: {}".format(data['results']['profitPc']['value']), font=("Arial B
    lbl40.place(x=850,y=540) 
 
#function to forecast HPI and display on frame 3 
def HPI_pred(temp_input,x_input): 
    lst_output=[] 
    n_steps=30 
    i=0 
    while(i<30): 
 
        if(len(temp_input)>30): 
            x_input=np.array(temp_input[1:]) 
            x_input=x_input.reshape(1,-1) 
            x_input = x_input.reshape((1, n_steps, 1)) 
            yhat = model_hpi.predict(x_input, verbose=0) 
            temp_input.extend(yhat[0].tolist()) 
            temp_input=temp_input[1:] 
            lst_output.extend(yhat.tolist()) 
            i=i+1 
        else: 
            x_input = x_input.reshape((1, n_steps,1)) 
            yhat = model_hpi.predict(x_input, verbose=0) 
            temp_input.extend(yhat[0].tolist()) 
            lst_output.extend(yhat.tolist()) 
            i=i+1 
    return lst_output 
 
 
#loading models 
model_hpi = load_model('HPI_model.H5') 
model_xgboost = joblib.load('xgboost_model1.sav') 
     
     
#calling class modules 
inter = interests() 
 
#widgets for tab1 
lbl1 = Label(tab1, text="Please choose the country :", font=("Helvetica", 15)) 
lbl1.place(x=20, y=50) 
cm1 = Combobox(tab1,values=countries) 
cm1.place(x=270, y=53) 
cm1.bind("<<ComboboxSelected>>",pick_county) 
lbl2 = Label(tab1, text="County :", font=("Helvetlstica", 15)) 
lbl2.place(x=450, y=50) 
cm2 = Combobox(tab1,values=[" "]) 
cm2.place(x=540,y=53) 
cm2.bind("<<ComboboxSelected>>",pick_city) 
lbl3 = Label(tab1, text="City :", font=("Helvetica", 15)) 
lbl3.place(x=750, y=50) 
cm3 = Combobox(tab1,values=[" "]) 
cm3.place(x=810,y=53) 
b1 = Button(tab1, text="Go!",command =inter.graph) 
b1.place(x=1000,y=53) 
lb =Label(tab1,text=cm3.get()) 
lb.place(x=1200,y=500) 
b2 = Button(tab1, text="Know More!",command=inter.know_more) 
b2.place(x=600,y=500) 
b3 = Button(tab1, text="EXIT", command =window.destroy) 
b3.place(x=1200,y=550) 
 
#tab2 widgets 
lbl20 =Label(tab2, text="Please enter the following details to Know the House Price :", font=("Arial Black", 12
lbl20.place(x=50, y=10) 
c_name =['England','Wales'] 
lbl45 = Label(tab2, text ="Select the Country :") 
lbl45.place(x=60,y=40) 
cm7 = Combobox(tab2,values=c_name) 
cm7.place(x=290,y=40) 
cm7.bind("<<ComboboxSelected>>",pcounty1) 
lbl46 =Label(tab2, text ="Select the County :") 
lbl46.place(x=60,y=70) 
cm8 = Combobox(tab2,values=[" "]) 
cm8.place(x=290,y=70) 
cm8.bind("<<ComboboxSelected>>",pdistrict1) 
lbl47 = Label(tab2,text="Select the District :") 
lbl47.place(x=60,y=100) 
cm9 =Combobox(tab2,values= [" "]) 
cm9.place(x=290,y=100) 
cm9.bind("<<ComboboxSelected>>",pcity1) 
lbl48 = Label(tab2,text="Select the Town/City :") 
lbl48.place(x=60,y=130) 
cm10 =Combobox(tab2,values= [" "]) 
cm10.place(x=290,y=130) 
cm10.bind("<<ComboboxSelected>>",pareacode1) 
lbl49 = Label(tab2,text="Select the Post code :") 
lbl49.place(x=60,y=160) 
cm11 =Combobox(tab2,values= [" "]) 
cm11.place(x=290,y=160) 
lbl50 = Label(tab2,text="Select the Property Type:") 
lbl50.place(x=60,y=190) 
prop_type = ['Detached', 'Semi-Detached', 'Terraced','Flats/Maisonettes','Other'] 
cm12 = Combobox(tab2,values=prop_type) 
cm12.place(x=290,y=190) 
lbl51 = Label(tab2,text="Select the Age of Property:") 
lbl51.place(x=60,y=220) 
prop_age = ['Newly Built','Established'] 
cm13 = Combobox(tab2,values=prop_age) 
cm13.place(x=290,y=220) 
lbl52 = Label(tab2,text="Select the Tenure of Property:") 
lbl52.place(x=60,y=250) 
prop_tenure = ['Freehold','Leasehold'] 
cm14 = Combobox(tab2,values=prop_tenure) 
cm14.place(x=290,y=250) 
lbl52 = Label(tab2,text="Select the type of Price Paid transaction:") 
lbl52.place(x=60,y=280) 
prop_ppd = ['single residential property sold','buy-to-lets/others'] 
cm15 = Combobox(tab2,values=prop_ppd) 
cm15.place(x=290,y=280) 
lbl53 = Label(tab2,text="Select Energy Ratings:") 
lbl53.place(x=600,y=40) 
prop_epc = ['A','B','C','D','E','F','G','0'] 
cm16 = Combobox(tab2,values=prop_epc) 
cm16.place(x=790,y=40) 
lbl53 = Label(tab2,text="Select Year Built:") 
lbl53.place(x=600,y=70) 
prop_year = ['1950-1966','1900-1929','1930-1949','1967-1975','before 1900','1983-1990','1976-1982','1996-2002',
 '2003-2006','2007-2011','2007 onwards','2012 onwards'] 
prop_year.sort() 
cm17 = Combobox(tab2,values=prop_year) 
cm17.place(x=790,y=70) 
lbl54 = Label(tab2,text="Enter Total Floor Area:") 
lbl54.place(x=600,y=100) 
total_floor_area_e = Entry(tab2,width=23) 
total_floor_area_e.place(x = 790, y = 100)  
lbl55 = Label(tab2,text="Select Energy Tariff:") 
lbl55.place(x=600,y=130) 
prop_tariff =['Single','Unknown','dual','off-peak 7 hour','standard tariff', 
              'off-peak 10 hour','dual (24 hour)','off-peak 18 hour','24 hour'] 
prop_tariff.sort() 
cm18 = Combobox(tab2,values=prop_tariff) 
cm18.place(x=790,y=130) 
b8 = Button(tab2, text="Calculate Price!", command=calc_property_price) 
b8.place(x=700,y=200) 
lbl22 =Label(tab2, text="Please enter the following details to Know the Profit on Property :", font=("Arial Bla
lbl22.place(x=50, y=320) 
lbl23 =Label(tab2, text="Full UK PostCode :", font=("Helvetica", 10)) 
lbl23.place(x=50, y=370) 
postcode_e1 = Entry(tab2,width=23) 
postcode_e1.place(x = 500, y = 370)  
lbl24 =Label(tab2, text="Initial purchase price(in pounds) :", font=("Helvetica", 10)) 
lbl24.place(x=50, y=400) 
ini_e2 = Entry(tab2,width=23) 
ini_e2.place(x = 500, y = 400)  
lbl25 =Label(tab2, text="The size of the property before development(in square feet) :", font=("Helvetica", 10)
lbl25.place(x=50, y=430) 
sqp_e3 = Entry(tab2,width=23) 
sqp_e3.place(x = 500, y = 430)  
lbl26 =Label(tab2, text="The size of the property after development(in square feet) :", font=("Helvetica", 10))
lbl26.place(x=50, y=460) 
sqa_e4 = Entry(tab2,width=23) 
sqa_e4.place(x = 500, y = 460)  
lbl27 =Label(tab2, text="Type of development project (refurbish / demolition) :", font=("Helvetica", 10)) 
lbl27.place(x=50, y=490) 
data_dev =['refurbish','demolition'] 
dev_cm5=Combobox(tab2,values=data_dev) 
dev_cm5.place(x = 500, y = 490)  
lbl28 =Label(tab2, text="Interior finish quality (premium / medium / basic) :", font=("Helvetica", 10)) 
lbl28.place(x=50, y=520) 
data_fin =['premium','medium','basic']  
fin_cm6=Combobox(tab2,values=data_fin) 
fin_cm6.place(x = 500, y = 520)  
b4 = Button(tab2, text="Check!", command =calc_profit) 
b4.place(x=550,y=550) 
b6 = Button(tab2, text="EXIT", command =window.destroy) 
b6.place(x=1200,y=550) 
 
#tab3 widgets 
#plotting prediction 
df_mod = df_model[df_model.Region_Name=='United Kingdom'] 
lbl41 =Label(tab3, text="House Price Index Prediction :", font=("Helvetica", 10)) 
lbl41.place(x=50, y=60) 
figure2 = plt.Figure(figsize=(7,3)) 
ax2 = figure2.add_subplot(111) 
plot2 = FigureCanvasTkAgg(figure2, tab3) 
data1=df_mod[['Index']].values 
scaler = MinMaxScaler(feature_range=(0,1)) 
data1 = scaler.fit_transform(np.array(data1).reshape(-1,1)) 
x_input =data1[-30:] 
temp_input=list(x_input) 
temp_input=temp_input[0].tolist() 
preds = HPI_pred(temp_input,x_input) 
predicted_value =scaler.inverse_transform(preds).tolist() 
actual_value =(df_mod[['Index']].values).tolist()[-300:] 
actual_value.extend(predicted_value) 
day_new=np.arange(1,331) 
ax2.plot(day_new,actual_value) 
plot2.get_tk_widget().place(x=50, y=100) 
 
#plotting prices as per land registry 
df_uk = df_land[df_land.RegionName=='United Kingdom'] 
df_scot = df_land[df_land.RegionName=='Scotland'] 
df_eng = df_land[df_land.RegionName=='England'] 
df_wales= df_land[df_land.RegionName=='Wales'] 
df_NI = df_land[df_land.RegionName=='Northern Ireland'] 
lbl42 =Label(tab3, text="Average House Prices Country Wise :", font=("Helvetica", 10)) 
lbl42.place(x=650, y=60) 
figure3 = plt.Figure(figsize=(7,3)) 
ax3 = figure3.add_subplot(111) 
plot3 = FigureCanvasTkAgg(figure3, tab3) 
sns.lineplot(data = df_scot, x='Date',y='AveragePrice', label='Scotland',ax=ax3) 
sns.lineplot(data = df_eng, x='Date',y='AveragePrice', label='England',ax=ax3) 
sns.lineplot(data = df_wales, x='Date',y='AveragePrice', label='Wales',ax=ax3) 
sns.lineplot(data = df_NI, x='Date',y='AveragePrice', label='Northern Ireland',ax=ax3) 
plot3.get_tk_widget().place(x=650, y=100) 
 
#plot for average house price per region 
property_type =['Detached', 'Semi-Detached', 'Terraced','Flat'] 
uk_property = [df_uk['DetachedPrice'].mean(),df_uk['SemiDetachedPrice'].mean(), 
               df_uk['TerracedPrice'].mean(),df_uk['FlatPrice'].mean()] 
lbl43 =Label(tab3, text="Average House Prices as per Property type in United Kingdom :", font=("Helvetica", 10)
lbl43.place(x=50, y=350) 
figure4 = plt.Figure(figsize=(7,3)) 
ax4 = figure4.add_subplot(111) 
plot4 = FigureCanvasTkAgg(figure4, tab3) 
ax4.bar(property_type,uk_property) 
plot4.get_tk_widget().place(x=50, y=380) 
 
#plotting average sales volume 
country_name = ['ENGLAND', 'SCOTLAND','WALES','NORTHERN IRELAND'] 
sales_lst = [df_eng['SalesVolume'].mean(),df_scot['SalesVolume'].mean(),df_wales['SalesVolume'].mean(), 
             df_NI['SalesVolume'].mean()] 
lbl44 =Label(tab3, text="Average Sales Volume of Properties as per Country:", font=("Helvetica", 10)) 
lbl44.place(x=650, y=350) 
figure5 = plt.Figure(figsize=(7,3)) 
ax5 = figure5.add_subplot(111) 
plot5 = FigureCanvasTkAgg(figure5, tab3) 
ax5.bar(country_name,sales_lst) 
plot5.get_tk_widget().place(x=650, y=380) 
b7 = Button(tab3, text="EXIT", command =window.destroy) 
b7.place(x=1200,y=550) 
 
tab_parent.pack(expand=1, fill="both") 
window.mainloop() 
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{
 "cells": [
  {
   "cell_type": "markdown",
   "id": "8da5d88b",
   "metadata": {},
   "source": [
    "# Applying Machine Learning Models (Random Forest, XGBoost) "
   ]
  },
  {
   "cell_type": "markdown",
   "id": "86dcb96b",
   "metadata": {},
   "source": [
    "Data Source : https://www.gov.uk/guidance/about-the-price-paid-data#explanations-of-column-headers-in-the-ppd"
   ]
  },
  {
   "cell_type": "markdown",
   "id": "d841cc9d",
   "metadata": {},
   "source": [
    "Explanations of column headers in the PPD\n",
    "The data is published in columns in the order set out in the table, we do not supply column headers in the files.\n",
    "\n",
    "\n",
    "- Transaction unique identifier:\tA reference number which is generated automatically recording each published sale. The number is unique and will change each time a sale is recorded.\n",
    "- Price\t:Sale price stated on the transfer deed.\n",
    "- Date of Transfer:\tDate when the sale was completed, as stated on the transfer deed.\n",
    "- Postcode\tThis is the postcode used at the time of the original transaction. Note that postcodes can be reallocated and these changes are not reflected in the Price Paid Dataset.\n",
    "- Property Type\tD = Detached, S = Semi-Detached, T = Terraced, F = Flats/Maisonettes, O = Other\n",
    "\n",
    "Note that:\n",
    "- we only record the above categories to describe property type, we do not separately identify bungalows\n",
    "- end-of-terrace properties are included in the Terraced category above\n",
    "- ‘Other’ is only valid where the transaction relates to a property type that is not covered by existing values, for example where a property comprises more than one large parcel of land\n",
    "\n",
    "- Old/New\tIndicates the age of the property and applies to all price paid transactions, residential and non-residential.\n",
    "Y = a newly built property, N = an established residential building\n",
    "- Duration\tRelates to the tenure: F = Freehold, L= Leasehold etc.\n",
    "\n",
    "Note that HM Land Registry does not record leases of 7 years or less in the Price Paid Dataset.\n",
    "- PAON\tPrimary Addressable Object Name. Typically the house number or name.\n",
    "- SAON\tSecondary Addressable Object Name. Where a property has been divided into separate units (for example, flats), the PAON (above) will identify the building and a SAON will be specified that identifies the separate unit/flat.\n",
    "- Street\t \n",
    "- Locality\t \n",
    "- Town/City\t \n",
    "- District\t \n",
    "- County\t \n",
    "- PPD Category Type\tIndicates the type of Price Paid transaction.\n",
    "A = Standard Price Paid entry, includes single residential property sold for value.\n",
    "B = Additional Price Paid entry including transfers under a power of sale/repossessions, buy-to-lets (where they can be identified by a Mortgage), transfers to non-private individuals and sales where the property type is classed as ‘Other’.\n",
    "\n",
    "Note that category B does not separately identify the transaction types stated.\n",
    "HM Land Registry has been collecting information on Category A transactions from January 1995. Category B transactions were identified from October 2013.\n",
    "- Record Status - monthly file only\tIndicates additions, changes and deletions to the records.(see guide below).\n",
    "A = Addition\n",
    "C = Change\n",
    "D = Delete\n",
    "\n",
    "Note that where a transaction changes category type due to misallocation (as above) it will be deleted from the original category type and added to the correct category with a new transaction unique identifier.\n",
    "The date field - the date of the transfer deed lodged with us for registration."
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 124,
   "id": "ae8a0d4a",
   "metadata": {},
   "outputs": [],
   "source": [
    "#importing various libraries\n",
    "\n",
    "import pandas as pd\n",
    "import seaborn as sns\n",
    "import matplotlib.pyplot as plt\n",
    "import requests\n",
    "from io import StringIO \n",
    "from statsmodels.graphics.factorplots import interaction_plot\n",
    "import time\n",
    "import statsmodels.api as sm\n",
    "from statsmodels.formula.api import ols\n",
    "import scipy.stats as stats\n",
    "from scipy.stats import f_oneway\n",
    "from sklearn.ensemble import RandomForestRegressor\n",
    "from sklearn.preprocessing import LabelEncoder\n",
    "from sklearn.model_selection import train_test_split\n",
    "from sklearn.preprocessing import StandardScaler, MinMaxScaler\n",
    "from sklearn.experimental import enable_halving_search_cv\n",
    "from sklearn.model_selection import HalvingRandomSearchCV\n",
    "from sklearn.svm import SVR\n",
    "import numpy as np\n",
    "from xgboost import XGBRegressor\n",
    "from sklearn import metrics\n",
    "import joblib\n",
    "import warnings\n",
    "warnings.filterwarnings('ignore')"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 3,
   "id": "600b9046",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "text/html": [
       "<div>\n",
       "<style scoped>\n",
       "    .dataframe tbody tr th:only-of-type {\n",
       "        vertical-align: middle;\n",
       "    }\n",
       "\n",
       "    .dataframe tbody tr th {\n",
       "        vertical-align: top;\n",
       "    }\n",
       "\n",
       "    .dataframe thead th {\n",
       "        text-align: right;\n",
       "    }\n",
       "</style>\n",
       "<table border=\"1\" class=\"dataframe\">\n",
       "  <thead>\n",
       "    <tr style=\"text-align: right;\">\n",
       "      <th></th>\n",
       "      <th>sno</th>\n",
       "      <th>Transaction unique identifier</th>\n",
       "      <th>Price</th>\n",
       "      <th>Date of Transfer</th>\n",
       "      <th>Postcode</th>\n",
       "      <th>Property Type</th>\n",
       "      <th>Old/New</th>\n",
       "      <th>Duration</th>\n",
       "      <th>PAON</th>\n",
       "      <th>SAON</th>\n",
       "      <th>Street</th>\n",
       "      <th>Locality</th>\n",
       "      <th>Town/City</th>\n",
       "      <th>District</th>\n",
       "      <th>County</th>\n",
       "      <th>PPD Category Type</th>\n",
       "      <th>Record Status - monthly file only</th>\n",
       "      <th>Country</th>\n",
       "    </tr>\n",
       "  </thead>\n",
       "  <tbody>\n",
       "    <tr>\n",
       "      <th>0</th>\n",
       "      <td>1</td>\n",
       "      <td>{E073986B-94F0-2134-E053-6C04A8C0233B}</td>\n",
       "      <td>141000</td>\n",
       "      <td>2022-02-04</td>\n",
       "      <td>NG20 8XN</td>\n",
       "      <td>S</td>\n",
       "      <td>N</td>\n",
       "      <td>F</td>\n",
       "      <td>8</td>\n",
       "      <td>NaN</td>\n",
       "      <td>HEWETT STREET</td>\n",
       "      <td>WARSOP VALE</td>\n",
       "      <td>MANSFIELD</td>\n",
       "      <td>MANSFIELD</td>\n",
       "      <td>NOTTINGHAMSHIRE</td>\n",
       "      <td>A</td>\n",
       "      <td>A</td>\n",
       "      <td>England</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>1</th>\n",
       "      <td>2</td>\n",
       "      <td>{E073986B-94F2-2134-E053-6C04A8C0233B}</td>\n",
       "      <td>90000</td>\n",
       "      <td>2022-02-22</td>\n",
       "      <td>NG6 0AX</td>\n",
       "      <td>T</td>\n",
       "      <td>N</td>\n",
       "      <td>F</td>\n",
       "      <td>16</td>\n",
       "      <td>NaN</td>\n",
       "      <td>BURNABY STREET</td>\n",
       "      <td>NaN</td>\n",
       "      <td>NOTTINGHAM</td>\n",
       "      <td>CITY OF NOTTINGHAM</td>\n",
       "      <td>CITY OF NOTTINGHAM</td>\n",
       "      <td>A</td>\n",
       "      <td>A</td>\n",
       "      <td>England</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>2</th>\n",
       "      <td>3</td>\n",
       "      <td>{E073986B-94F3-2134-E053-6C04A8C0233B}</td>\n",
       "      <td>250000</td>\n",
       "      <td>2022-02-04</td>\n",
       "      <td>NG24 1FR</td>\n",
       "      <td>T</td>\n",
       "      <td>N</td>\n",
       "      <td>F</td>\n",
       "      <td>RIVER VIEW</td>\n",
       "      <td>28</td>\n",
       "      <td>TRENT LANE</td>\n",
       "      <td>NaN</td>\n",
       "      <td>NEWARK</td>\n",
       "      <td>NEWARK AND SHERWOOD</td>\n",
       "      <td>NOTTINGHAMSHIRE</td>\n",
       "      <td>A</td>\n",
       "      <td>A</td>\n",
       "      <td>England</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>3</th>\n",
       "      <td>4</td>\n",
       "      <td>{E073986B-94F5-2134-E053-6C04A8C0233B}</td>\n",
       "      <td>160000</td>\n",
       "      <td>2022-04-25</td>\n",
       "      <td>NG17 2TR</td>\n",
       "      <td>S</td>\n",
       "      <td>N</td>\n",
       "      <td>F</td>\n",
       "      <td>41</td>\n",
       "      <td>NaN</td>\n",
       "      <td>PARKLAND VIEW</td>\n",
       "      <td>HUTHWAITE</td>\n",
       "      <td>SUTTON-IN-ASHFIELD</td>\n",
       "      <td>ASHFIELD</td>\n",
       "      <td>NOTTINGHAMSHIRE</td>\n",
       "      <td>A</td>\n",
       "      <td>A</td>\n",
       "      <td>England</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>4</th>\n",
       "      <td>5</td>\n",
       "      <td>{E073986B-94F9-2134-E053-6C04A8C0233B}</td>\n",
       "      <td>315000</td>\n",
       "      <td>2022-02-28</td>\n",
       "      <td>NG9 4DP</td>\n",
       "      <td>S</td>\n",
       "      <td>N</td>\n",
       "      <td>F</td>\n",
       "      <td>17</td>\n",
       "      <td>NaN</td>\n",
       "      <td>CLIFFGROVE AVENUE</td>\n",
       "      <td>BEESTON</td>\n",
       "      <td>NOTTINGHAM</td>\n",
       "      <td>BROXTOWE</td>\n",
       "      <td>NOTTINGHAMSHIRE</td>\n",
       "      <td>A</td>\n",
       "      <td>A</td>\n",
       "      <td>England</td>\n",
       "    </tr>\n",
       "  </tbody>\n",
       "</table>\n",
       "</div>"
      ],
      "text/plain": [
       "   sno           Transaction unique identifier   Price Date of Transfer  \\\n",
       "0    1  {E073986B-94F0-2134-E053-6C04A8C0233B}  141000       2022-02-04   \n",
       "1    2  {E073986B-94F2-2134-E053-6C04A8C0233B}   90000       2022-02-22   \n",
       "2    3  {E073986B-94F3-2134-E053-6C04A8C0233B}  250000       2022-02-04   \n",
       "3    4  {E073986B-94F5-2134-E053-6C04A8C0233B}  160000       2022-04-25   \n",
       "4    5  {E073986B-94F9-2134-E053-6C04A8C0233B}  315000       2022-02-28   \n",
       "\n",
       "   Postcode Property Type Old/New Duration        PAON SAON  \\\n",
       "0  NG20 8XN             S       N        F           8  NaN   \n",
       "1   NG6 0AX             T       N        F          16  NaN   \n",
       "2  NG24 1FR             T       N        F  RIVER VIEW   28   \n",
       "3  NG17 2TR             S       N        F          41  NaN   \n",
       "4   NG9 4DP             S       N        F          17  NaN   \n",
       "\n",
       "              Street     Locality           Town/City             District  \\\n",
       "0      HEWETT STREET  WARSOP VALE           MANSFIELD            MANSFIELD   \n",
       "1     BURNABY STREET          NaN          NOTTINGHAM   CITY OF NOTTINGHAM   \n",
       "2         TRENT LANE          NaN              NEWARK  NEWARK AND SHERWOOD   \n",
       "3      PARKLAND VIEW    HUTHWAITE  SUTTON-IN-ASHFIELD             ASHFIELD   \n",
       "4  CLIFFGROVE AVENUE      BEESTON          NOTTINGHAM             BROXTOWE   \n",
       "\n",
       "               County PPD Category Type Record Status - monthly file only  \\\n",
       "0     NOTTINGHAMSHIRE                 A                                 A   \n",
       "1  CITY OF NOTTINGHAM                 A                                 A   \n",
       "2     NOTTINGHAMSHIRE                 A                                 A   \n",
       "3     NOTTINGHAMSHIRE                 A                                 A   \n",
       "4     NOTTINGHAMSHIRE                 A                                 A   \n",
       "\n",
       "   Country  \n",
       "0  England  \n",
       "1  England  \n",
       "2  England  \n",
       "3  England  \n",
       "4  England  "
      ]
     },
     "execution_count": 3,
     "metadata": {},
     "output_type": "execute_result"
    }
   ],
   "source": [
    "#importing dataset for 2022\n",
    "df_2022 = pd.read_excel(r'pp-2022.xlsx')\n",
    "df_2022.head()"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 4,
   "id": "cfd16402",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "text/plain": [
       "(231624, 18)"
      ]
     },
     "execution_count": 4,
     "metadata": {},
     "output_type": "execute_result"
    }
   ],
   "source": [
    "#checking the shape\n",
    "df_2022.shape"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 5,
   "id": "5a8e5afc",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "text/plain": [
       "(231624, 18)"
      ]
     },
     "execution_count": 5,
     "metadata": {},
     "output_type": "execute_result"
    }
   ],
   "source": [
    "#checking shape of the dataset\n",
    "df_2022.shape"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 6,
   "id": "605d731f",
   "metadata": {},
   "outputs": [
    {
     "name": "stdout",
     "output_type": "stream",
     "text": [
      "Initial date of Data 2022-01-01 00:00:00\n",
      "Last date of Data 2022-06-27 00:00:00\n"
     ]
    }
   ],
   "source": [
    "#checking the last and first date of the dataframe\n",
    "print(\"Initial date of Data\",df_2022['Date of Transfer'].min())\n",
    "print(\"Last date of Data\",df_2022['Date of Transfer'].max())"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 7,
   "id": "bde32b2c",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "text/html": [
       "<div>\n",
       "<style scoped>\n",
       "    .dataframe tbody tr th:only-of-type {\n",
       "        vertical-align: middle;\n",
       "    }\n",
       "\n",
       "    .dataframe tbody tr th {\n",
       "        vertical-align: top;\n",
       "    }\n",
       "\n",
       "    .dataframe thead th {\n",
       "        text-align: right;\n",
       "    }\n",
       "</style>\n",
       "<table border=\"1\" class=\"dataframe\">\n",
       "  <thead>\n",
       "    <tr style=\"text-align: right;\">\n",
       "      <th></th>\n",
       "      <th>sno</th>\n",
       "      <th>Transaction unique identifier</th>\n",
       "      <th>Price</th>\n",
       "      <th>Date of Transfer</th>\n",
       "      <th>Postcode</th>\n",
       "      <th>Property Type</th>\n",
       "      <th>Old/New</th>\n",
       "      <th>Duration</th>\n",
       "      <th>PAON</th>\n",
       "      <th>SAON</th>\n",
       "      <th>Street</th>\n",
       "      <th>Locality</th>\n",
       "      <th>Town/City</th>\n",
       "      <th>District</th>\n",
       "      <th>County</th>\n",
       "      <th>PPD Category Type</th>\n",
       "      <th>Record Status - monthly file only</th>\n",
       "      <th>Country</th>\n",
       "    </tr>\n",
       "  </thead>\n",
       "  <tbody>\n",
       "    <tr>\n",
       "      <th>0</th>\n",
       "      <td>1</td>\n",
       "      <td>{E073986B-94F0-2134-E053-6C04A8C0233B}</td>\n",
       "      <td>141000</td>\n",
       "      <td>2022-02-04</td>\n",
       "      <td>NG20 8XN</td>\n",
       "      <td>S</td>\n",
       "      <td>N</td>\n",
       "      <td>F</td>\n",
       "      <td>8</td>\n",
       "      <td>NaN</td>\n",
       "      <td>HEWETT STREET</td>\n",
       "      <td>WARSOP VALE</td>\n",
       "      <td>MANSFIELD</td>\n",
       "      <td>MANSFIELD</td>\n",
       "      <td>NOTTINGHAMSHIRE</td>\n",
       "      <td>A</td>\n",
       "      <td>A</td>\n",
       "      <td>England</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>1</th>\n",
       "      <td>2</td>\n",
       "      <td>{E073986B-94F2-2134-E053-6C04A8C0233B}</td>\n",
       "      <td>90000</td>\n",
       "      <td>2022-02-22</td>\n",
       "      <td>NG6 0AX</td>\n",
       "      <td>T</td>\n",
       "      <td>N</td>\n",
       "      <td>F</td>\n",
       "      <td>16</td>\n",
       "      <td>NaN</td>\n",
       "      <td>BURNABY STREET</td>\n",
       "      <td>NaN</td>\n",
       "      <td>NOTTINGHAM</td>\n",
       "      <td>CITY OF NOTTINGHAM</td>\n",
       "      <td>CITY OF NOTTINGHAM</td>\n",
       "      <td>A</td>\n",
       "      <td>A</td>\n",
       "      <td>England</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>2</th>\n",
       "      <td>3</td>\n",
       "      <td>{E073986B-94F3-2134-E053-6C04A8C0233B}</td>\n",
       "      <td>250000</td>\n",
       "      <td>2022-02-04</td>\n",
       "      <td>NG24 1FR</td>\n",
       "      <td>T</td>\n",
       "      <td>N</td>\n",
       "      <td>F</td>\n",
       "      <td>RIVER VIEW</td>\n",
       "      <td>28</td>\n",
       "      <td>TRENT LANE</td>\n",
       "      <td>NaN</td>\n",
       "      <td>NEWARK</td>\n",
       "      <td>NEWARK AND SHERWOOD</td>\n",
       "      <td>NOTTINGHAMSHIRE</td>\n",
       "      <td>A</td>\n",
       "      <td>A</td>\n",
       "      <td>England</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>3</th>\n",
       "      <td>4</td>\n",
       "      <td>{E073986B-94F5-2134-E053-6C04A8C0233B}</td>\n",
       "      <td>160000</td>\n",
       "      <td>2022-04-25</td>\n",
       "      <td>NG17 2TR</td>\n",
       "      <td>S</td>\n",
       "      <td>N</td>\n",
       "      <td>F</td>\n",
       "      <td>41</td>\n",
       "      <td>NaN</td>\n",
       "      <td>PARKLAND VIEW</td>\n",
       "      <td>HUTHWAITE</td>\n",
       "      <td>SUTTON-IN-ASHFIELD</td>\n",
       "      <td>ASHFIELD</td>\n",
       "      <td>NOTTINGHAMSHIRE</td>\n",
       "      <td>A</td>\n",
       "      <td>A</td>\n",
       "      <td>England</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>4</th>\n",
       "      <td>5</td>\n",
       "      <td>{E073986B-94F9-2134-E053-6C04A8C0233B}</td>\n",
       "      <td>315000</td>\n",
       "      <td>2022-02-28</td>\n",
       "      <td>NG9 4DP</td>\n",
       "      <td>S</td>\n",
       "      <td>N</td>\n",
       "      <td>F</td>\n",
       "      <td>17</td>\n",
       "      <td>NaN</td>\n",
       "      <td>CLIFFGROVE AVENUE</td>\n",
       "      <td>BEESTON</td>\n",
       "      <td>NOTTINGHAM</td>\n",
       "      <td>BROXTOWE</td>\n",
       "      <td>NOTTINGHAMSHIRE</td>\n",
       "      <td>A</td>\n",
       "      <td>A</td>\n",
       "      <td>England</td>\n",
       "    </tr>\n",
       "  </tbody>\n",
       "</table>\n",
       "</div>"
      ],
      "text/plain": [
       "   sno           Transaction unique identifier   Price Date of Transfer  \\\n",
       "0    1  {E073986B-94F0-2134-E053-6C04A8C0233B}  141000       2022-02-04   \n",
       "1    2  {E073986B-94F2-2134-E053-6C04A8C0233B}   90000       2022-02-22   \n",
       "2    3  {E073986B-94F3-2134-E053-6C04A8C0233B}  250000       2022-02-04   \n",
       "3    4  {E073986B-94F5-2134-E053-6C04A8C0233B}  160000       2022-04-25   \n",
       "4    5  {E073986B-94F9-2134-E053-6C04A8C0233B}  315000       2022-02-28   \n",
       "\n",
       "   Postcode Property Type Old/New Duration        PAON SAON  \\\n",
       "0  NG20 8XN             S       N        F           8  NaN   \n",
       "1   NG6 0AX             T       N        F          16  NaN   \n",
       "2  NG24 1FR             T       N        F  RIVER VIEW   28   \n",
       "3  NG17 2TR             S       N        F          41  NaN   \n",
       "4   NG9 4DP             S       N        F          17  NaN   \n",
       "\n",
       "              Street     Locality           Town/City             District  \\\n",
       "0      HEWETT STREET  WARSOP VALE           MANSFIELD            MANSFIELD   \n",
       "1     BURNABY STREET          NaN          NOTTINGHAM   CITY OF NOTTINGHAM   \n",
       "2         TRENT LANE          NaN              NEWARK  NEWARK AND SHERWOOD   \n",
       "3      PARKLAND VIEW    HUTHWAITE  SUTTON-IN-ASHFIELD             ASHFIELD   \n",
       "4  CLIFFGROVE AVENUE      BEESTON          NOTTINGHAM             BROXTOWE   \n",
       "\n",
       "               County PPD Category Type Record Status - monthly file only  \\\n",
       "0     NOTTINGHAMSHIRE                 A                                 A   \n",
       "1  CITY OF NOTTINGHAM                 A                                 A   \n",
       "2     NOTTINGHAMSHIRE                 A                                 A   \n",
       "3     NOTTINGHAMSHIRE                 A                                 A   \n",
       "4     NOTTINGHAMSHIRE                 A                                 A   \n",
       "\n",
       "   Country  \n",
       "0  England  \n",
       "1  England  \n",
       "2  England  \n",
       "3  England  \n",
       "4  England  "
      ]
     },
     "execution_count": 7,
     "metadata": {},
     "output_type": "execute_result"
    }
   ],
   "source": [
    "#checking the top records\n",
    "df_2022.head()"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 8,
   "id": "d11a7b54",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "text/plain": [
       "Text(0.5, 1.0, 'Price')"
      ]
     },
     "execution_count": 8,
     "metadata": {},
     "output_type": "execute_result"
    },
    {
     "data": {
      "image/png": "\n",
      "text/plain": [
       "<Figure size 864x576 with 1 Axes>"
      ]
     },
     "metadata": {
      "needs_background": "light"
     },
     "output_type": "display_data"
    }
   ],
   "source": [
    "#plotting a boxplot for price \n",
    "plt.figure(figsize=(12,8))\n",
    "sns.boxplot(x = df_2022['Price'])\n",
    "plt.title('Price')"
   ]
  },
  {
   "cell_type": "markdown",
   "id": "780e10b4",
   "metadata": {},
   "source": [
    "We can see various outliers, thus removing outliers"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 9,
   "id": "47c2aca3",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "text/plain": [
       "(153450000, 100, 260000.0)"
      ]
     },
     "execution_count": 9,
     "metadata": {},
     "output_type": "execute_result"
    }
   ],
   "source": [
    "#checking the max, min and median prices\n",
    "df_2022.Price.max(), df_2022.Price.min(), df_2022.Price.median()"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 10,
   "id": "c4e81dfa",
   "metadata": {},
   "outputs": [],
   "source": [
    "def get_energy(PAON,Street,postcode):\n",
    "    record=[]\n",
    "    headers = {\n",
    "        'Accept': 'text/csv',\n",
    "        'Authorization': 'Basic YW5rdXNoYmFiYmFyMEBnbWFpbC5jb206M2E2ZDBmNTdlMWM1ZmViZTU0MWVkY2RjODlmMmE3NmMyN2Q3ZjVkZA==',\n",
    "    }\n",
    "\n",
    "\n",
    "    params = {\n",
    "        'postcode': postcode,\n",
    "    }\n",
    "    try:\n",
    "        response = requests.get('https://epc.opendatacommunities.org/api/v1/domestic/search', params=params, headers=headers)\n",
    "        df = pd.read_csv(StringIO(response.text))\n",
    "        df['address1']=df['address1'].str.upper()\n",
    "        df1 =df.copy()\n",
    "        add ='{}, {}'.format(PAON,Street)\n",
    "        df=df[df.address1==add]\n",
    "        if len(df) ==0:\n",
    "            add1 ='{} {}'.format(PAON,Street)\n",
    "            df1=df1[df1.address1==add1]\n",
    "            if len(df1)== 0:\n",
    "                current_energy_rating ='0'\n",
    "                construction_age_band =0\n",
    "                total_floor_area =0\n",
    "                flat_storey_count =0\n",
    "                energy_tariff ='0'\n",
    "                return (postcode,current_energy_rating,construction_age_band,total_floor_area,flat_storey_count,energy_tariff)\n",
    "\n",
    "            else:\n",
    "                pos =postcode\n",
    "                current_energy_rating =df1['current-energy-rating'].values[-1]\n",
    "                construction_age_band =df1['construction-age-band'].values[-1]\n",
    "                total_floor_area =df1['total-floor-area'].values[-1]\n",
    "                flat_storey_count =df1['flat-storey-count'].values[-1]\n",
    "                energy_tariff =df1['energy-tariff'].values[-1]\n",
    "                return (postcode,current_energy_rating,construction_age_band,total_floor_area,flat_storey_count,energy_tariff)\n",
    "        else:\n",
    "            current_energy_rating =df['current-energy-rating'].values[-1]\n",
    "            construction_age_band =df['construction-age-band'].values[-1]\n",
    "            total_floor_area =df['total-floor-area'].values[-1]\n",
    "            flat_storey_count =df['flat-storey-count'].values[-1]\n",
    "            energy_tariff =df['energy-tariff'].values[-1]\n",
    "\n",
    "            return (postcode,current_energy_rating,construction_age_band,total_floor_area,flat_storey_count,energy_tariff)\n",
    "    except:\n",
    "        pass\n",
    "    "
   ]
  },
  {
   "cell_type": "code",
   "execution_count": null,
   "id": "f227018e",
   "metadata": {},
   "outputs": [],
   "source": [
    "#getting the information from the API\n",
    "lst_values=[]\n",
    "for PAON,street,postcode in zip(df_2022['PAON'],df_2022['Street'],df_2022['Postcode']):\n",
    "    tupvalues =get_energy(PAON=PAON,Street=street,postcode=postcode)\n",
    "    lst_values.append(tupvalues)"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": null,
   "id": "217bd9ad",
   "metadata": {},
   "outputs": [],
   "source": [
    "#creating a dataframe\n",
    "headers = ['Postcode1','current_energy_rating','construction_age_band','total_floor_area','flat_storey_count','energy_tariff']\n",
    "df_epc = pd.DataFrame(lst_values,columns=headers)"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 13,
   "id": "ce44a7a3",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "text/html": [
       "<div>\n",
       "<style scoped>\n",
       "    .dataframe tbody tr th:only-of-type {\n",
       "        vertical-align: middle;\n",
       "    }\n",
       "\n",
       "    .dataframe tbody tr th {\n",
       "        vertical-align: top;\n",
       "    }\n",
       "\n",
       "    .dataframe thead th {\n",
       "        text-align: right;\n",
       "    }\n",
       "</style>\n",
       "<table border=\"1\" class=\"dataframe\">\n",
       "  <thead>\n",
       "    <tr style=\"text-align: right;\">\n",
       "      <th></th>\n",
       "      <th>Postcode1</th>\n",
       "      <th>current_energy_rating</th>\n",
       "      <th>construction_age_band</th>\n",
       "      <th>total_floor_area</th>\n",
       "      <th>flat_storey_count</th>\n",
       "      <th>energy_tariff</th>\n",
       "    </tr>\n",
       "  </thead>\n",
       "  <tbody>\n",
       "    <tr>\n",
       "      <th>0</th>\n",
       "      <td>NG20 8XN</td>\n",
       "      <td>C</td>\n",
       "      <td>NO DATA!</td>\n",
       "      <td>85.0</td>\n",
       "      <td>NaN</td>\n",
       "      <td>standard tariff</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>1</th>\n",
       "      <td>NG6 0AX</td>\n",
       "      <td>E</td>\n",
       "      <td>England and Wales: 1900-1929</td>\n",
       "      <td>79.0</td>\n",
       "      <td>NaN</td>\n",
       "      <td>dual</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>2</th>\n",
       "      <td>NG24 1FR</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0.0</td>\n",
       "      <td>0.0</td>\n",
       "      <td>0</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>3</th>\n",
       "      <td>NG17 2TR</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0.0</td>\n",
       "      <td>0.0</td>\n",
       "      <td>0</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>4</th>\n",
       "      <td>NG9 4DP</td>\n",
       "      <td>D</td>\n",
       "      <td>England and Wales: 1950-1966</td>\n",
       "      <td>75.0</td>\n",
       "      <td>NaN</td>\n",
       "      <td>Single</td>\n",
       "    </tr>\n",
       "  </tbody>\n",
       "</table>\n",
       "</div>"
      ],
      "text/plain": [
       "  Postcode1 current_energy_rating         construction_age_band  \\\n",
       "0  NG20 8XN                     C                      NO DATA!   \n",
       "1   NG6 0AX                     E  England and Wales: 1900-1929   \n",
       "2  NG24 1FR                     0                             0   \n",
       "3  NG17 2TR                     0                             0   \n",
       "4   NG9 4DP                     D  England and Wales: 1950-1966   \n",
       "\n",
       "   total_floor_area  flat_storey_count    energy_tariff  \n",
       "0              85.0                NaN  standard tariff  \n",
       "1              79.0                NaN             dual  \n",
       "2               0.0                0.0                0  \n",
       "3               0.0                0.0                0  \n",
       "4              75.0                NaN           Single  "
      ]
     },
     "execution_count": 13,
     "metadata": {},
     "output_type": "execute_result"
    }
   ],
   "source": [
    "#checking the head of dataset\n",
    "df_epc.head()"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 171,
   "id": "027bf043",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "text/plain": [
       "231624"
      ]
     },
     "execution_count": 171,
     "metadata": {},
     "output_type": "execute_result"
    }
   ],
   "source": [
    "len(df_epc)"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 11,
   "id": "f1467a25",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "text/html": [
       "<div>\n",
       "<style scoped>\n",
       "    .dataframe tbody tr th:only-of-type {\n",
       "        vertical-align: middle;\n",
       "    }\n",
       "\n",
       "    .dataframe tbody tr th {\n",
       "        vertical-align: top;\n",
       "    }\n",
       "\n",
       "    .dataframe thead th {\n",
       "        text-align: right;\n",
       "    }\n",
       "</style>\n",
       "<table border=\"1\" class=\"dataframe\">\n",
       "  <thead>\n",
       "    <tr style=\"text-align: right;\">\n",
       "      <th></th>\n",
       "      <th>Postcode1</th>\n",
       "      <th>current_energy_rating</th>\n",
       "      <th>construction_age_band</th>\n",
       "      <th>total_floor_area</th>\n",
       "      <th>flat_storey_count</th>\n",
       "      <th>energy_tariff</th>\n",
       "    </tr>\n",
       "  </thead>\n",
       "  <tbody>\n",
       "    <tr>\n",
       "      <th>0</th>\n",
       "      <td>NG20 8XN</td>\n",
       "      <td>C</td>\n",
       "      <td>NO DATA!</td>\n",
       "      <td>85.0</td>\n",
       "      <td>NaN</td>\n",
       "      <td>standard tariff</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>1</th>\n",
       "      <td>NG6 0AX</td>\n",
       "      <td>E</td>\n",
       "      <td>England and Wales: 1900-1929</td>\n",
       "      <td>79.0</td>\n",
       "      <td>NaN</td>\n",
       "      <td>dual</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>2</th>\n",
       "      <td>NG24 1FR</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0.0</td>\n",
       "      <td>0.0</td>\n",
       "      <td>0</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>3</th>\n",
       "      <td>NG17 2TR</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0.0</td>\n",
       "      <td>0.0</td>\n",
       "      <td>0</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>4</th>\n",
       "      <td>NG9 4DP</td>\n",
       "      <td>D</td>\n",
       "      <td>England and Wales: 1950-1966</td>\n",
       "      <td>75.0</td>\n",
       "      <td>NaN</td>\n",
       "      <td>Single</td>\n",
       "    </tr>\n",
       "  </tbody>\n",
       "</table>\n",
       "</div>"
      ],
      "text/plain": [
       "  Postcode1 current_energy_rating         construction_age_band  \\\n",
       "0  NG20 8XN                     C                      NO DATA!   \n",
       "1   NG6 0AX                     E  England and Wales: 1900-1929   \n",
       "2  NG24 1FR                     0                             0   \n",
       "3  NG17 2TR                     0                             0   \n",
       "4   NG9 4DP                     D  England and Wales: 1950-1966   \n",
       "\n",
       "   total_floor_area  flat_storey_count    energy_tariff  \n",
       "0              85.0                NaN  standard tariff  \n",
       "1              79.0                NaN             dual  \n",
       "2               0.0                0.0                0  \n",
       "3               0.0                0.0                0  \n",
       "4              75.0                NaN           Single  "
      ]
     },
     "execution_count": 11,
     "metadata": {},
     "output_type": "execute_result"
    }
   ],
   "source": [
    "df_epc = pd.read_excel(r'EPC.xlsx')\n",
    "df_epc.drop(['Unnamed: 0'],axis=1,inplace=True)\n",
    "df_epc.head()"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": null,
   "id": "f44187cf",
   "metadata": {},
   "outputs": [],
   "source": [
    "#saving the file into system\n",
    "df_epc.to_excel('EPC.xlsx')"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 12,
   "id": "9f671e86",
   "metadata": {},
   "outputs": [],
   "source": [
    "#merging both dataframes\n",
    "df_final = pd.concat([df_2022, df_epc], axis=1)"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 13,
   "id": "d25900ce",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "text/html": [
       "<div>\n",
       "<style scoped>\n",
       "    .dataframe tbody tr th:only-of-type {\n",
       "        vertical-align: middle;\n",
       "    }\n",
       "\n",
       "    .dataframe tbody tr th {\n",
       "        vertical-align: top;\n",
       "    }\n",
       "\n",
       "    .dataframe thead th {\n",
       "        text-align: right;\n",
       "    }\n",
       "</style>\n",
       "<table border=\"1\" class=\"dataframe\">\n",
       "  <thead>\n",
       "    <tr style=\"text-align: right;\">\n",
       "      <th></th>\n",
       "      <th>sno</th>\n",
       "      <th>Transaction unique identifier</th>\n",
       "      <th>Price</th>\n",
       "      <th>Date of Transfer</th>\n",
       "      <th>Postcode</th>\n",
       "      <th>Property Type</th>\n",
       "      <th>Old/New</th>\n",
       "      <th>Duration</th>\n",
       "      <th>PAON</th>\n",
       "      <th>SAON</th>\n",
       "      <th>...</th>\n",
       "      <th>County</th>\n",
       "      <th>PPD Category Type</th>\n",
       "      <th>Record Status - monthly file only</th>\n",
       "      <th>Country</th>\n",
       "      <th>Postcode1</th>\n",
       "      <th>current_energy_rating</th>\n",
       "      <th>construction_age_band</th>\n",
       "      <th>total_floor_area</th>\n",
       "      <th>flat_storey_count</th>\n",
       "      <th>energy_tariff</th>\n",
       "    </tr>\n",
       "  </thead>\n",
       "  <tbody>\n",
       "    <tr>\n",
       "      <th>0</th>\n",
       "      <td>1</td>\n",
       "      <td>{E073986B-94F0-2134-E053-6C04A8C0233B}</td>\n",
       "      <td>141000</td>\n",
       "      <td>2022-02-04</td>\n",
       "      <td>NG20 8XN</td>\n",
       "      <td>S</td>\n",
       "      <td>N</td>\n",
       "      <td>F</td>\n",
       "      <td>8</td>\n",
       "      <td>NaN</td>\n",
       "      <td>...</td>\n",
       "      <td>NOTTINGHAMSHIRE</td>\n",
       "      <td>A</td>\n",
       "      <td>A</td>\n",
       "      <td>England</td>\n",
       "      <td>NG20 8XN</td>\n",
       "      <td>C</td>\n",
       "      <td>NO DATA!</td>\n",
       "      <td>85.00</td>\n",
       "      <td>NaN</td>\n",
       "      <td>standard tariff</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>1</th>\n",
       "      <td>2</td>\n",
       "      <td>{E073986B-94F2-2134-E053-6C04A8C0233B}</td>\n",
       "      <td>90000</td>\n",
       "      <td>2022-02-22</td>\n",
       "      <td>NG6 0AX</td>\n",
       "      <td>T</td>\n",
       "      <td>N</td>\n",
       "      <td>F</td>\n",
       "      <td>16</td>\n",
       "      <td>NaN</td>\n",
       "      <td>...</td>\n",
       "      <td>CITY OF NOTTINGHAM</td>\n",
       "      <td>A</td>\n",
       "      <td>A</td>\n",
       "      <td>England</td>\n",
       "      <td>NG6 0AX</td>\n",
       "      <td>E</td>\n",
       "      <td>England and Wales: 1900-1929</td>\n",
       "      <td>79.00</td>\n",
       "      <td>NaN</td>\n",
       "      <td>dual</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>2</th>\n",
       "      <td>3</td>\n",
       "      <td>{E073986B-94F3-2134-E053-6C04A8C0233B}</td>\n",
       "      <td>250000</td>\n",
       "      <td>2022-02-04</td>\n",
       "      <td>NG24 1FR</td>\n",
       "      <td>T</td>\n",
       "      <td>N</td>\n",
       "      <td>F</td>\n",
       "      <td>RIVER VIEW</td>\n",
       "      <td>28</td>\n",
       "      <td>...</td>\n",
       "      <td>NOTTINGHAMSHIRE</td>\n",
       "      <td>A</td>\n",
       "      <td>A</td>\n",
       "      <td>England</td>\n",
       "      <td>NG24 1FR</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0.00</td>\n",
       "      <td>0.0</td>\n",
       "      <td>0</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>3</th>\n",
       "      <td>4</td>\n",
       "      <td>{E073986B-94F5-2134-E053-6C04A8C0233B}</td>\n",
       "      <td>160000</td>\n",
       "      <td>2022-04-25</td>\n",
       "      <td>NG17 2TR</td>\n",
       "      <td>S</td>\n",
       "      <td>N</td>\n",
       "      <td>F</td>\n",
       "      <td>41</td>\n",
       "      <td>NaN</td>\n",
       "      <td>...</td>\n",
       "      <td>NOTTINGHAMSHIRE</td>\n",
       "      <td>A</td>\n",
       "      <td>A</td>\n",
       "      <td>England</td>\n",
       "      <td>NG17 2TR</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0.00</td>\n",
       "      <td>0.0</td>\n",
       "      <td>0</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>4</th>\n",
       "      <td>5</td>\n",
       "      <td>{E073986B-94F9-2134-E053-6C04A8C0233B}</td>\n",
       "      <td>315000</td>\n",
       "      <td>2022-02-28</td>\n",
       "      <td>NG9 4DP</td>\n",
       "      <td>S</td>\n",
       "      <td>N</td>\n",
       "      <td>F</td>\n",
       "      <td>17</td>\n",
       "      <td>NaN</td>\n",
       "      <td>...</td>\n",
       "      <td>NOTTINGHAMSHIRE</td>\n",
       "      <td>A</td>\n",
       "      <td>A</td>\n",
       "      <td>England</td>\n",
       "      <td>NG9 4DP</td>\n",
       "      <td>D</td>\n",
       "      <td>England and Wales: 1950-1966</td>\n",
       "      <td>75.00</td>\n",
       "      <td>NaN</td>\n",
       "      <td>Single</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>...</th>\n",
       "      <td>...</td>\n",
       "      <td>...</td>\n",
       "      <td>...</td>\n",
       "      <td>...</td>\n",
       "      <td>...</td>\n",
       "      <td>...</td>\n",
       "      <td>...</td>\n",
       "      <td>...</td>\n",
       "      <td>...</td>\n",
       "      <td>...</td>\n",
       "      <td>...</td>\n",
       "      <td>...</td>\n",
       "      <td>...</td>\n",
       "      <td>...</td>\n",
       "      <td>...</td>\n",
       "      <td>...</td>\n",
       "      <td>...</td>\n",
       "      <td>...</td>\n",
       "      <td>...</td>\n",
       "      <td>...</td>\n",
       "      <td>...</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>231619</th>\n",
       "      <td>231620</td>\n",
       "      <td>{E2D14905-6FCB-4C2D-E053-6B04A8C0422B}</td>\n",
       "      <td>240110</td>\n",
       "      <td>2022-04-29</td>\n",
       "      <td>GL51 6UJ</td>\n",
       "      <td>T</td>\n",
       "      <td>N</td>\n",
       "      <td>F</td>\n",
       "      <td>10</td>\n",
       "      <td>NaN</td>\n",
       "      <td>...</td>\n",
       "      <td>GLOUCESTERSHIRE</td>\n",
       "      <td>A</td>\n",
       "      <td>A</td>\n",
       "      <td>England</td>\n",
       "      <td>GL51 6UJ</td>\n",
       "      <td>C</td>\n",
       "      <td>England and Wales: 1991-1995</td>\n",
       "      <td>54.00</td>\n",
       "      <td>NaN</td>\n",
       "      <td>NaN</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>231620</th>\n",
       "      <td>231621</td>\n",
       "      <td>{E2D14905-6FCC-4C2D-E053-6B04A8C0422B}</td>\n",
       "      <td>695000</td>\n",
       "      <td>2022-05-25</td>\n",
       "      <td>BS36 2EW</td>\n",
       "      <td>D</td>\n",
       "      <td>N</td>\n",
       "      <td>F</td>\n",
       "      <td>239</td>\n",
       "      <td>NaN</td>\n",
       "      <td>...</td>\n",
       "      <td>SOUTH GLOUCESTERSHIRE</td>\n",
       "      <td>A</td>\n",
       "      <td>A</td>\n",
       "      <td>England</td>\n",
       "      <td>BS36 2EW</td>\n",
       "      <td>C</td>\n",
       "      <td>England and Wales: 1996-2002</td>\n",
       "      <td>123.77</td>\n",
       "      <td>NaN</td>\n",
       "      <td>NaN</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>231621</th>\n",
       "      <td>231622</td>\n",
       "      <td>{E2D14905-6FCE-4C2D-E053-6B04A8C0422B}</td>\n",
       "      <td>637500</td>\n",
       "      <td>2022-06-06</td>\n",
       "      <td>GL52 3DU</td>\n",
       "      <td>D</td>\n",
       "      <td>N</td>\n",
       "      <td>F</td>\n",
       "      <td>60</td>\n",
       "      <td>NaN</td>\n",
       "      <td>...</td>\n",
       "      <td>GLOUCESTERSHIRE</td>\n",
       "      <td>A</td>\n",
       "      <td>A</td>\n",
       "      <td>England</td>\n",
       "      <td>GL52 3DU</td>\n",
       "      <td>D</td>\n",
       "      <td>England and Wales: 1983-1990</td>\n",
       "      <td>119.50</td>\n",
       "      <td>NaN</td>\n",
       "      <td>NaN</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>231622</th>\n",
       "      <td>231623</td>\n",
       "      <td>{E2D14905-6FD0-4C2D-E053-6B04A8C0422B}</td>\n",
       "      <td>250000</td>\n",
       "      <td>2022-06-10</td>\n",
       "      <td>GL50 4EP</td>\n",
       "      <td>T</td>\n",
       "      <td>N</td>\n",
       "      <td>F</td>\n",
       "      <td>3</td>\n",
       "      <td>NaN</td>\n",
       "      <td>...</td>\n",
       "      <td>GLOUCESTERSHIRE</td>\n",
       "      <td>A</td>\n",
       "      <td>A</td>\n",
       "      <td>England</td>\n",
       "      <td>GL50 4EP</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0.00</td>\n",
       "      <td>0.0</td>\n",
       "      <td>NaN</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>231623</th>\n",
       "      <td>231624</td>\n",
       "      <td>{E2D14905-6FD1-4C2D-E053-6B04A8C0422B}</td>\n",
       "      <td>470000</td>\n",
       "      <td>2022-05-25</td>\n",
       "      <td>GL11 4BZ</td>\n",
       "      <td>D</td>\n",
       "      <td>N</td>\n",
       "      <td>F</td>\n",
       "      <td>3</td>\n",
       "      <td>NaN</td>\n",
       "      <td>...</td>\n",
       "      <td>GLOUCESTERSHIRE</td>\n",
       "      <td>A</td>\n",
       "      <td>A</td>\n",
       "      <td>England</td>\n",
       "      <td>GL11 4BZ</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0.00</td>\n",
       "      <td>0.0</td>\n",
       "      <td>NaN</td>\n",
       "    </tr>\n",
       "  </tbody>\n",
       "</table>\n",
       "<p>231624 rows × 24 columns</p>\n",
       "</div>"
      ],
      "text/plain": [
       "           sno           Transaction unique identifier   Price  \\\n",
       "0            1  {E073986B-94F0-2134-E053-6C04A8C0233B}  141000   \n",
       "1            2  {E073986B-94F2-2134-E053-6C04A8C0233B}   90000   \n",
       "2            3  {E073986B-94F3-2134-E053-6C04A8C0233B}  250000   \n",
       "3            4  {E073986B-94F5-2134-E053-6C04A8C0233B}  160000   \n",
       "4            5  {E073986B-94F9-2134-E053-6C04A8C0233B}  315000   \n",
       "...        ...                                     ...     ...   \n",
       "231619  231620  {E2D14905-6FCB-4C2D-E053-6B04A8C0422B}  240110   \n",
       "231620  231621  {E2D14905-6FCC-4C2D-E053-6B04A8C0422B}  695000   \n",
       "231621  231622  {E2D14905-6FCE-4C2D-E053-6B04A8C0422B}  637500   \n",
       "231622  231623  {E2D14905-6FD0-4C2D-E053-6B04A8C0422B}  250000   \n",
       "231623  231624  {E2D14905-6FD1-4C2D-E053-6B04A8C0422B}  470000   \n",
       "\n",
       "       Date of Transfer  Postcode Property Type Old/New Duration        PAON  \\\n",
       "0            2022-02-04  NG20 8XN             S       N        F           8   \n",
       "1            2022-02-22   NG6 0AX             T       N        F          16   \n",
       "2            2022-02-04  NG24 1FR             T       N        F  RIVER VIEW   \n",
       "3            2022-04-25  NG17 2TR             S       N        F          41   \n",
       "4            2022-02-28   NG9 4DP             S       N        F          17   \n",
       "...                 ...       ...           ...     ...      ...         ...   \n",
       "231619       2022-04-29  GL51 6UJ             T       N        F          10   \n",
       "231620       2022-05-25  BS36 2EW             D       N        F         239   \n",
       "231621       2022-06-06  GL52 3DU             D       N        F          60   \n",
       "231622       2022-06-10  GL50 4EP             T       N        F           3   \n",
       "231623       2022-05-25  GL11 4BZ             D       N        F           3   \n",
       "\n",
       "       SAON  ...                 County PPD Category Type  \\\n",
       "0       NaN  ...        NOTTINGHAMSHIRE                 A   \n",
       "1       NaN  ...     CITY OF NOTTINGHAM                 A   \n",
       "2        28  ...        NOTTINGHAMSHIRE                 A   \n",
       "3       NaN  ...        NOTTINGHAMSHIRE                 A   \n",
       "4       NaN  ...        NOTTINGHAMSHIRE                 A   \n",
       "...     ...  ...                    ...               ...   \n",
       "231619  NaN  ...        GLOUCESTERSHIRE                 A   \n",
       "231620  NaN  ...  SOUTH GLOUCESTERSHIRE                 A   \n",
       "231621  NaN  ...        GLOUCESTERSHIRE                 A   \n",
       "231622  NaN  ...        GLOUCESTERSHIRE                 A   \n",
       "231623  NaN  ...        GLOUCESTERSHIRE                 A   \n",
       "\n",
       "       Record Status - monthly file only  Country Postcode1  \\\n",
       "0                                      A  England  NG20 8XN   \n",
       "1                                      A  England   NG6 0AX   \n",
       "2                                      A  England  NG24 1FR   \n",
       "3                                      A  England  NG17 2TR   \n",
       "4                                      A  England   NG9 4DP   \n",
       "...                                  ...      ...       ...   \n",
       "231619                                 A  England  GL51 6UJ   \n",
       "231620                                 A  England  BS36 2EW   \n",
       "231621                                 A  England  GL52 3DU   \n",
       "231622                                 A  England  GL50 4EP   \n",
       "231623                                 A  England  GL11 4BZ   \n",
       "\n",
       "       current_energy_rating         construction_age_band total_floor_area  \\\n",
       "0                          C                      NO DATA!            85.00   \n",
       "1                          E  England and Wales: 1900-1929            79.00   \n",
       "2                          0                             0             0.00   \n",
       "3                          0                             0             0.00   \n",
       "4                          D  England and Wales: 1950-1966            75.00   \n",
       "...                      ...                           ...              ...   \n",
       "231619                     C  England and Wales: 1991-1995            54.00   \n",
       "231620                     C  England and Wales: 1996-2002           123.77   \n",
       "231621                     D  England and Wales: 1983-1990           119.50   \n",
       "231622                     0                             0             0.00   \n",
       "231623                     0                             0             0.00   \n",
       "\n",
       "       flat_storey_count    energy_tariff  \n",
       "0                    NaN  standard tariff  \n",
       "1                    NaN             dual  \n",
       "2                    0.0                0  \n",
       "3                    0.0                0  \n",
       "4                    NaN           Single  \n",
       "...                  ...              ...  \n",
       "231619               NaN              NaN  \n",
       "231620               NaN              NaN  \n",
       "231621               NaN              NaN  \n",
       "231622               0.0              NaN  \n",
       "231623               0.0              NaN  \n",
       "\n",
       "[231624 rows x 24 columns]"
      ]
     },
     "execution_count": 13,
     "metadata": {},
     "output_type": "execute_result"
    }
   ],
   "source": [
    "df_final"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 14,
   "id": "95c275c3",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "text/plain": [
       "sno                                       0\n",
       "Transaction unique identifier             0\n",
       "Price                                     0\n",
       "Date of Transfer                          0\n",
       "Postcode                                293\n",
       "Property Type                             0\n",
       "Old/New                                   0\n",
       "Duration                                  0\n",
       "PAON                                      0\n",
       "SAON                                 205015\n",
       "Street                                 3565\n",
       "Locality                             147801\n",
       "Town/City                                 0\n",
       "District                                  0\n",
       "County                                    0\n",
       "PPD Category Type                         0\n",
       "Record Status - monthly file only         0\n",
       "Country                                   0\n",
       "Postcode1                              1668\n",
       "current_energy_rating                  1668\n",
       "construction_age_band                  2378\n",
       "total_floor_area                       1668\n",
       "flat_storey_count                    171047\n",
       "energy_tariff                        110156\n",
       "dtype: int64"
      ]
     },
     "execution_count": 14,
     "metadata": {},
     "output_type": "execute_result"
    }
   ],
   "source": [
    "#checking the null values\n",
    "df_final.isna().sum()"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 15,
   "id": "f55e1760",
   "metadata": {},
   "outputs": [
    {
     "name": "stdout",
     "output_type": "stream",
     "text": [
      "Length of dataset before dropping null values 231624\n",
      "Length of dataset after dropping null values 231624\n"
     ]
    }
   ],
   "source": [
    "#dropping non required columns and columns with maximum null values\n",
    "print(\"Length of dataset before dropping null values\",len(df_final))\n",
    "df_final.drop(['sno','Transaction unique identifier','PAON','SAON','Street','Locality','Record Status - monthly file only','flat_storey_count'],axis=1, inplace=True)\n",
    "print(\"Length of dataset after dropping null values\",len(df_final))"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 16,
   "id": "3e3fc444",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "text/html": [
       "<div>\n",
       "<style scoped>\n",
       "    .dataframe tbody tr th:only-of-type {\n",
       "        vertical-align: middle;\n",
       "    }\n",
       "\n",
       "    .dataframe tbody tr th {\n",
       "        vertical-align: top;\n",
       "    }\n",
       "\n",
       "    .dataframe thead th {\n",
       "        text-align: right;\n",
       "    }\n",
       "</style>\n",
       "<table border=\"1\" class=\"dataframe\">\n",
       "  <thead>\n",
       "    <tr style=\"text-align: right;\">\n",
       "      <th></th>\n",
       "      <th>Price</th>\n",
       "      <th>Date of Transfer</th>\n",
       "      <th>Postcode</th>\n",
       "      <th>Property Type</th>\n",
       "      <th>Old/New</th>\n",
       "      <th>Duration</th>\n",
       "      <th>Town/City</th>\n",
       "      <th>District</th>\n",
       "      <th>County</th>\n",
       "      <th>PPD Category Type</th>\n",
       "      <th>Country</th>\n",
       "      <th>Postcode1</th>\n",
       "      <th>current_energy_rating</th>\n",
       "      <th>construction_age_band</th>\n",
       "      <th>total_floor_area</th>\n",
       "      <th>energy_tariff</th>\n",
       "    </tr>\n",
       "  </thead>\n",
       "  <tbody>\n",
       "    <tr>\n",
       "      <th>0</th>\n",
       "      <td>141000</td>\n",
       "      <td>2022-02-04</td>\n",
       "      <td>NG20 8XN</td>\n",
       "      <td>S</td>\n",
       "      <td>N</td>\n",
       "      <td>F</td>\n",
       "      <td>MANSFIELD</td>\n",
       "      <td>MANSFIELD</td>\n",
       "      <td>NOTTINGHAMSHIRE</td>\n",
       "      <td>A</td>\n",
       "      <td>England</td>\n",
       "      <td>NG20 8XN</td>\n",
       "      <td>C</td>\n",
       "      <td>NO DATA!</td>\n",
       "      <td>85.0</td>\n",
       "      <td>standard tariff</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>1</th>\n",
       "      <td>90000</td>\n",
       "      <td>2022-02-22</td>\n",
       "      <td>NG6 0AX</td>\n",
       "      <td>T</td>\n",
       "      <td>N</td>\n",
       "      <td>F</td>\n",
       "      <td>NOTTINGHAM</td>\n",
       "      <td>CITY OF NOTTINGHAM</td>\n",
       "      <td>CITY OF NOTTINGHAM</td>\n",
       "      <td>A</td>\n",
       "      <td>England</td>\n",
       "      <td>NG6 0AX</td>\n",
       "      <td>E</td>\n",
       "      <td>England and Wales: 1900-1929</td>\n",
       "      <td>79.0</td>\n",
       "      <td>dual</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>2</th>\n",
       "      <td>250000</td>\n",
       "      <td>2022-02-04</td>\n",
       "      <td>NG24 1FR</td>\n",
       "      <td>T</td>\n",
       "      <td>N</td>\n",
       "      <td>F</td>\n",
       "      <td>NEWARK</td>\n",
       "      <td>NEWARK AND SHERWOOD</td>\n",
       "      <td>NOTTINGHAMSHIRE</td>\n",
       "      <td>A</td>\n",
       "      <td>England</td>\n",
       "      <td>NG24 1FR</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0.0</td>\n",
       "      <td>0</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>3</th>\n",
       "      <td>160000</td>\n",
       "      <td>2022-04-25</td>\n",
       "      <td>NG17 2TR</td>\n",
       "      <td>S</td>\n",
       "      <td>N</td>\n",
       "      <td>F</td>\n",
       "      <td>SUTTON-IN-ASHFIELD</td>\n",
       "      <td>ASHFIELD</td>\n",
       "      <td>NOTTINGHAMSHIRE</td>\n",
       "      <td>A</td>\n",
       "      <td>England</td>\n",
       "      <td>NG17 2TR</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0.0</td>\n",
       "      <td>0</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>4</th>\n",
       "      <td>315000</td>\n",
       "      <td>2022-02-28</td>\n",
       "      <td>NG9 4DP</td>\n",
       "      <td>S</td>\n",
       "      <td>N</td>\n",
       "      <td>F</td>\n",
       "      <td>NOTTINGHAM</td>\n",
       "      <td>BROXTOWE</td>\n",
       "      <td>NOTTINGHAMSHIRE</td>\n",
       "      <td>A</td>\n",
       "      <td>England</td>\n",
       "      <td>NG9 4DP</td>\n",
       "      <td>D</td>\n",
       "      <td>England and Wales: 1950-1966</td>\n",
       "      <td>75.0</td>\n",
       "      <td>Single</td>\n",
       "    </tr>\n",
       "  </tbody>\n",
       "</table>\n",
       "</div>"
      ],
      "text/plain": [
       "    Price Date of Transfer  Postcode Property Type Old/New Duration  \\\n",
       "0  141000       2022-02-04  NG20 8XN             S       N        F   \n",
       "1   90000       2022-02-22   NG6 0AX             T       N        F   \n",
       "2  250000       2022-02-04  NG24 1FR             T       N        F   \n",
       "3  160000       2022-04-25  NG17 2TR             S       N        F   \n",
       "4  315000       2022-02-28   NG9 4DP             S       N        F   \n",
       "\n",
       "            Town/City             District              County  \\\n",
       "0           MANSFIELD            MANSFIELD     NOTTINGHAMSHIRE   \n",
       "1          NOTTINGHAM   CITY OF NOTTINGHAM  CITY OF NOTTINGHAM   \n",
       "2              NEWARK  NEWARK AND SHERWOOD     NOTTINGHAMSHIRE   \n",
       "3  SUTTON-IN-ASHFIELD             ASHFIELD     NOTTINGHAMSHIRE   \n",
       "4          NOTTINGHAM             BROXTOWE     NOTTINGHAMSHIRE   \n",
       "\n",
       "  PPD Category Type  Country Postcode1 current_energy_rating  \\\n",
       "0                 A  England  NG20 8XN                     C   \n",
       "1                 A  England   NG6 0AX                     E   \n",
       "2                 A  England  NG24 1FR                     0   \n",
       "3                 A  England  NG17 2TR                     0   \n",
       "4                 A  England   NG9 4DP                     D   \n",
       "\n",
       "          construction_age_band  total_floor_area    energy_tariff  \n",
       "0                      NO DATA!              85.0  standard tariff  \n",
       "1  England and Wales: 1900-1929              79.0             dual  \n",
       "2                             0               0.0                0  \n",
       "3                             0               0.0                0  \n",
       "4  England and Wales: 1950-1966              75.0           Single  "
      ]
     },
     "execution_count": 16,
     "metadata": {},
     "output_type": "execute_result"
    }
   ],
   "source": [
    "#top 5 rows \n",
    "df_final.head()"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 17,
   "id": "250feb5c",
   "metadata": {
    "scrolled": true
   },
   "outputs": [
    {
     "name": "stdout",
     "output_type": "stream",
     "text": [
      "Length of dataframe before dropping duplicates 231624\n",
      "Length of dataframe after dropping duplicates 231240\n"
     ]
    }
   ],
   "source": [
    "##dropping duplicates\n",
    "print(\"Length of dataframe before dropping duplicates\",len(df_final))\n",
    "df_final.drop_duplicates(inplace=True)\n",
    "print(\"Length of dataframe after dropping duplicates\",len(df_final))"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 18,
   "id": "9059702b",
   "metadata": {},
   "outputs": [
    {
     "name": "stdout",
     "output_type": "stream",
     "text": [
      "Number of rows where postcode mismatches:  1620\n",
      "Length of dataframe before dropping postcodes 231240\n",
      "Length of dataframe after dropping postcodes 229620\n"
     ]
    }
   ],
   "source": [
    "#dropping the rows where postcode mistmatches\n",
    "print(\"Number of rows where postcode mismatches: \",len(df_final[df_final.Postcode!=df_final.Postcode1]))\n",
    "print(\"Length of dataframe before dropping postcodes\",len(df_final))\n",
    "df_final =df_final[df_final.Postcode==df_final.Postcode1]\n",
    "print(\"Length of dataframe after dropping postcodes\",len(df_final))"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 19,
   "id": "f7f9c474",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "text/plain": [
       "Price                         0\n",
       "Date of Transfer              0\n",
       "Postcode                      0\n",
       "Property Type                 0\n",
       "Old/New                       0\n",
       "Duration                      0\n",
       "Town/City                     0\n",
       "District                      0\n",
       "County                        0\n",
       "PPD Category Type             0\n",
       "Country                       0\n",
       "Postcode1                     0\n",
       "current_energy_rating         0\n",
       "construction_age_band       710\n",
       "total_floor_area              0\n",
       "energy_tariff            108403\n",
       "dtype: int64"
      ]
     },
     "execution_count": 19,
     "metadata": {},
     "output_type": "execute_result"
    }
   ],
   "source": [
    "#checking the null values\n",
    "df_final.isna().sum()"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 20,
   "id": "decd2cec",
   "metadata": {},
   "outputs": [],
   "source": [
    "#filling the nan values with unknown\n",
    "df_final['construction_age_band']=df_final['construction_age_band'].replace(np.nan, \"Unknown\")\n",
    "df_final['energy_tariff']=df_final['energy_tariff'].replace(np.nan,\"Unknown\")"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 21,
   "id": "6e114f78",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "text/plain": [
       "Price                    0\n",
       "Date of Transfer         0\n",
       "Postcode                 0\n",
       "Property Type            0\n",
       "Old/New                  0\n",
       "Duration                 0\n",
       "Town/City                0\n",
       "District                 0\n",
       "County                   0\n",
       "PPD Category Type        0\n",
       "Country                  0\n",
       "Postcode1                0\n",
       "current_energy_rating    0\n",
       "construction_age_band    0\n",
       "total_floor_area         0\n",
       "energy_tariff            0\n",
       "dtype: int64"
      ]
     },
     "execution_count": 21,
     "metadata": {},
     "output_type": "execute_result"
    }
   ],
   "source": [
    "#checking null values\n",
    "df_final.isna().sum()"
   ]
  },
  {
   "cell_type": "markdown",
   "id": "e162b690",
   "metadata": {},
   "source": [
    "We have finally got rid of null values"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 22,
   "id": "8a60fde9",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "text/plain": [
       "193081"
      ]
     },
     "execution_count": 22,
     "metadata": {},
     "output_type": "execute_result"
    }
   ],
   "source": [
    "#checking the unique postcodes available\n",
    "df_final.Postcode.nunique()"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 23,
   "id": "92fcc4f2",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "text/html": [
       "<div>\n",
       "<style scoped>\n",
       "    .dataframe tbody tr th:only-of-type {\n",
       "        vertical-align: middle;\n",
       "    }\n",
       "\n",
       "    .dataframe tbody tr th {\n",
       "        vertical-align: top;\n",
       "    }\n",
       "\n",
       "    .dataframe thead th {\n",
       "        text-align: right;\n",
       "    }\n",
       "</style>\n",
       "<table border=\"1\" class=\"dataframe\">\n",
       "  <thead>\n",
       "    <tr style=\"text-align: right;\">\n",
       "      <th></th>\n",
       "      <th>Price</th>\n",
       "      <th>Date of Transfer</th>\n",
       "      <th>Postcode</th>\n",
       "      <th>Property Type</th>\n",
       "      <th>Old/New</th>\n",
       "      <th>Duration</th>\n",
       "      <th>Town/City</th>\n",
       "      <th>District</th>\n",
       "      <th>County</th>\n",
       "      <th>PPD Category Type</th>\n",
       "      <th>Country</th>\n",
       "      <th>Postcode1</th>\n",
       "      <th>current_energy_rating</th>\n",
       "      <th>construction_age_band</th>\n",
       "      <th>total_floor_area</th>\n",
       "      <th>energy_tariff</th>\n",
       "      <th>areacode</th>\n",
       "      <th>subcode</th>\n",
       "    </tr>\n",
       "  </thead>\n",
       "  <tbody>\n",
       "    <tr>\n",
       "      <th>0</th>\n",
       "      <td>141000</td>\n",
       "      <td>2022-02-04</td>\n",
       "      <td>NG20 8XN</td>\n",
       "      <td>S</td>\n",
       "      <td>N</td>\n",
       "      <td>F</td>\n",
       "      <td>MANSFIELD</td>\n",
       "      <td>MANSFIELD</td>\n",
       "      <td>NOTTINGHAMSHIRE</td>\n",
       "      <td>A</td>\n",
       "      <td>England</td>\n",
       "      <td>NG20 8XN</td>\n",
       "      <td>C</td>\n",
       "      <td>NO DATA!</td>\n",
       "      <td>85.0</td>\n",
       "      <td>standard tariff</td>\n",
       "      <td>NG20</td>\n",
       "      <td>8XN</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>1</th>\n",
       "      <td>90000</td>\n",
       "      <td>2022-02-22</td>\n",
       "      <td>NG6 0AX</td>\n",
       "      <td>T</td>\n",
       "      <td>N</td>\n",
       "      <td>F</td>\n",
       "      <td>NOTTINGHAM</td>\n",
       "      <td>CITY OF NOTTINGHAM</td>\n",
       "      <td>CITY OF NOTTINGHAM</td>\n",
       "      <td>A</td>\n",
       "      <td>England</td>\n",
       "      <td>NG6 0AX</td>\n",
       "      <td>E</td>\n",
       "      <td>England and Wales: 1900-1929</td>\n",
       "      <td>79.0</td>\n",
       "      <td>dual</td>\n",
       "      <td>NG6</td>\n",
       "      <td>0AX</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>2</th>\n",
       "      <td>250000</td>\n",
       "      <td>2022-02-04</td>\n",
       "      <td>NG24 1FR</td>\n",
       "      <td>T</td>\n",
       "      <td>N</td>\n",
       "      <td>F</td>\n",
       "      <td>NEWARK</td>\n",
       "      <td>NEWARK AND SHERWOOD</td>\n",
       "      <td>NOTTINGHAMSHIRE</td>\n",
       "      <td>A</td>\n",
       "      <td>England</td>\n",
       "      <td>NG24 1FR</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0.0</td>\n",
       "      <td>0</td>\n",
       "      <td>NG24</td>\n",
       "      <td>1FR</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>3</th>\n",
       "      <td>160000</td>\n",
       "      <td>2022-04-25</td>\n",
       "      <td>NG17 2TR</td>\n",
       "      <td>S</td>\n",
       "      <td>N</td>\n",
       "      <td>F</td>\n",
       "      <td>SUTTON-IN-ASHFIELD</td>\n",
       "      <td>ASHFIELD</td>\n",
       "      <td>NOTTINGHAMSHIRE</td>\n",
       "      <td>A</td>\n",
       "      <td>England</td>\n",
       "      <td>NG17 2TR</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0.0</td>\n",
       "      <td>0</td>\n",
       "      <td>NG17</td>\n",
       "      <td>2TR</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>4</th>\n",
       "      <td>315000</td>\n",
       "      <td>2022-02-28</td>\n",
       "      <td>NG9 4DP</td>\n",
       "      <td>S</td>\n",
       "      <td>N</td>\n",
       "      <td>F</td>\n",
       "      <td>NOTTINGHAM</td>\n",
       "      <td>BROXTOWE</td>\n",
       "      <td>NOTTINGHAMSHIRE</td>\n",
       "      <td>A</td>\n",
       "      <td>England</td>\n",
       "      <td>NG9 4DP</td>\n",
       "      <td>D</td>\n",
       "      <td>England and Wales: 1950-1966</td>\n",
       "      <td>75.0</td>\n",
       "      <td>Single</td>\n",
       "      <td>NG9</td>\n",
       "      <td>4DP</td>\n",
       "    </tr>\n",
       "  </tbody>\n",
       "</table>\n",
       "</div>"
      ],
      "text/plain": [
       "    Price Date of Transfer  Postcode Property Type Old/New Duration  \\\n",
       "0  141000       2022-02-04  NG20 8XN             S       N        F   \n",
       "1   90000       2022-02-22   NG6 0AX             T       N        F   \n",
       "2  250000       2022-02-04  NG24 1FR             T       N        F   \n",
       "3  160000       2022-04-25  NG17 2TR             S       N        F   \n",
       "4  315000       2022-02-28   NG9 4DP             S       N        F   \n",
       "\n",
       "            Town/City             District              County  \\\n",
       "0           MANSFIELD            MANSFIELD     NOTTINGHAMSHIRE   \n",
       "1          NOTTINGHAM   CITY OF NOTTINGHAM  CITY OF NOTTINGHAM   \n",
       "2              NEWARK  NEWARK AND SHERWOOD     NOTTINGHAMSHIRE   \n",
       "3  SUTTON-IN-ASHFIELD             ASHFIELD     NOTTINGHAMSHIRE   \n",
       "4          NOTTINGHAM             BROXTOWE     NOTTINGHAMSHIRE   \n",
       "\n",
       "  PPD Category Type  Country Postcode1 current_energy_rating  \\\n",
       "0                 A  England  NG20 8XN                     C   \n",
       "1                 A  England   NG6 0AX                     E   \n",
       "2                 A  England  NG24 1FR                     0   \n",
       "3                 A  England  NG17 2TR                     0   \n",
       "4                 A  England   NG9 4DP                     D   \n",
       "\n",
       "          construction_age_band  total_floor_area    energy_tariff areacode  \\\n",
       "0                      NO DATA!              85.0  standard tariff     NG20   \n",
       "1  England and Wales: 1900-1929              79.0             dual      NG6   \n",
       "2                             0               0.0                0     NG24   \n",
       "3                             0               0.0                0     NG17   \n",
       "4  England and Wales: 1950-1966              75.0           Single      NG9   \n",
       "\n",
       "  subcode  \n",
       "0     8XN  \n",
       "1     0AX  \n",
       "2     1FR  \n",
       "3     2TR  \n",
       "4     4DP  "
      ]
     },
     "execution_count": 23,
     "metadata": {},
     "output_type": "execute_result"
    }
   ],
   "source": [
    "#splitting the postcode into postcode and subcode\n",
    "df_final[['areacode','subcode']]=df_final.Postcode.str.split(' ',expand=True)\n",
    "df_final.head()"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 24,
   "id": "cf74292d",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "text/html": [
       "<div>\n",
       "<style scoped>\n",
       "    .dataframe tbody tr th:only-of-type {\n",
       "        vertical-align: middle;\n",
       "    }\n",
       "\n",
       "    .dataframe tbody tr th {\n",
       "        vertical-align: top;\n",
       "    }\n",
       "\n",
       "    .dataframe thead th {\n",
       "        text-align: right;\n",
       "    }\n",
       "</style>\n",
       "<table border=\"1\" class=\"dataframe\">\n",
       "  <thead>\n",
       "    <tr style=\"text-align: right;\">\n",
       "      <th></th>\n",
       "      <th>Price</th>\n",
       "      <th>Date of Transfer</th>\n",
       "      <th>Property Type</th>\n",
       "      <th>Old/New</th>\n",
       "      <th>Duration</th>\n",
       "      <th>Town/City</th>\n",
       "      <th>District</th>\n",
       "      <th>County</th>\n",
       "      <th>PPD Category Type</th>\n",
       "      <th>Country</th>\n",
       "      <th>current_energy_rating</th>\n",
       "      <th>construction_age_band</th>\n",
       "      <th>total_floor_area</th>\n",
       "      <th>energy_tariff</th>\n",
       "      <th>areacode</th>\n",
       "    </tr>\n",
       "  </thead>\n",
       "  <tbody>\n",
       "    <tr>\n",
       "      <th>0</th>\n",
       "      <td>141000</td>\n",
       "      <td>2022-02-04</td>\n",
       "      <td>S</td>\n",
       "      <td>N</td>\n",
       "      <td>F</td>\n",
       "      <td>MANSFIELD</td>\n",
       "      <td>MANSFIELD</td>\n",
       "      <td>NOTTINGHAMSHIRE</td>\n",
       "      <td>A</td>\n",
       "      <td>England</td>\n",
       "      <td>C</td>\n",
       "      <td>NO DATA!</td>\n",
       "      <td>85.0</td>\n",
       "      <td>standard tariff</td>\n",
       "      <td>NG20</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>1</th>\n",
       "      <td>90000</td>\n",
       "      <td>2022-02-22</td>\n",
       "      <td>T</td>\n",
       "      <td>N</td>\n",
       "      <td>F</td>\n",
       "      <td>NOTTINGHAM</td>\n",
       "      <td>CITY OF NOTTINGHAM</td>\n",
       "      <td>CITY OF NOTTINGHAM</td>\n",
       "      <td>A</td>\n",
       "      <td>England</td>\n",
       "      <td>E</td>\n",
       "      <td>England and Wales: 1900-1929</td>\n",
       "      <td>79.0</td>\n",
       "      <td>dual</td>\n",
       "      <td>NG6</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>2</th>\n",
       "      <td>250000</td>\n",
       "      <td>2022-02-04</td>\n",
       "      <td>T</td>\n",
       "      <td>N</td>\n",
       "      <td>F</td>\n",
       "      <td>NEWARK</td>\n",
       "      <td>NEWARK AND SHERWOOD</td>\n",
       "      <td>NOTTINGHAMSHIRE</td>\n",
       "      <td>A</td>\n",
       "      <td>England</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0.0</td>\n",
       "      <td>0</td>\n",
       "      <td>NG24</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>3</th>\n",
       "      <td>160000</td>\n",
       "      <td>2022-04-25</td>\n",
       "      <td>S</td>\n",
       "      <td>N</td>\n",
       "      <td>F</td>\n",
       "      <td>SUTTON-IN-ASHFIELD</td>\n",
       "      <td>ASHFIELD</td>\n",
       "      <td>NOTTINGHAMSHIRE</td>\n",
       "      <td>A</td>\n",
       "      <td>England</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0.0</td>\n",
       "      <td>0</td>\n",
       "      <td>NG17</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>4</th>\n",
       "      <td>315000</td>\n",
       "      <td>2022-02-28</td>\n",
       "      <td>S</td>\n",
       "      <td>N</td>\n",
       "      <td>F</td>\n",
       "      <td>NOTTINGHAM</td>\n",
       "      <td>BROXTOWE</td>\n",
       "      <td>NOTTINGHAMSHIRE</td>\n",
       "      <td>A</td>\n",
       "      <td>England</td>\n",
       "      <td>D</td>\n",
       "      <td>England and Wales: 1950-1966</td>\n",
       "      <td>75.0</td>\n",
       "      <td>Single</td>\n",
       "      <td>NG9</td>\n",
       "    </tr>\n",
       "  </tbody>\n",
       "</table>\n",
       "</div>"
      ],
      "text/plain": [
       "    Price Date of Transfer Property Type Old/New Duration           Town/City  \\\n",
       "0  141000       2022-02-04             S       N        F           MANSFIELD   \n",
       "1   90000       2022-02-22             T       N        F          NOTTINGHAM   \n",
       "2  250000       2022-02-04             T       N        F              NEWARK   \n",
       "3  160000       2022-04-25             S       N        F  SUTTON-IN-ASHFIELD   \n",
       "4  315000       2022-02-28             S       N        F          NOTTINGHAM   \n",
       "\n",
       "              District              County PPD Category Type  Country  \\\n",
       "0            MANSFIELD     NOTTINGHAMSHIRE                 A  England   \n",
       "1   CITY OF NOTTINGHAM  CITY OF NOTTINGHAM                 A  England   \n",
       "2  NEWARK AND SHERWOOD     NOTTINGHAMSHIRE                 A  England   \n",
       "3             ASHFIELD     NOTTINGHAMSHIRE                 A  England   \n",
       "4             BROXTOWE     NOTTINGHAMSHIRE                 A  England   \n",
       "\n",
       "  current_energy_rating         construction_age_band  total_floor_area  \\\n",
       "0                     C                      NO DATA!              85.0   \n",
       "1                     E  England and Wales: 1900-1929              79.0   \n",
       "2                     0                             0               0.0   \n",
       "3                     0                             0               0.0   \n",
       "4                     D  England and Wales: 1950-1966              75.0   \n",
       "\n",
       "     energy_tariff areacode  \n",
       "0  standard tariff     NG20  \n",
       "1             dual      NG6  \n",
       "2                0     NG24  \n",
       "3                0     NG17  \n",
       "4           Single      NG9  "
      ]
     },
     "execution_count": 24,
     "metadata": {},
     "output_type": "execute_result"
    }
   ],
   "source": [
    "#dropping the postcode, postcode1\n",
    "df_final.drop(['Postcode','Postcode1','subcode'],axis=1,inplace=True)\n",
    "df_final.head()"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 25,
   "id": "f5376e7c",
   "metadata": {},
   "outputs": [
    {
     "name": "stdout",
     "output_type": "stream",
     "text": [
      "Number of rows with no data! in construction_age_band:  8594\n",
      "Length of dataframe before dropping specific values in construction_age_band: 229620\n",
      "Length of dataframe after dropping specific values in construction_age_band: 221026\n"
     ]
    }
   ],
   "source": [
    "#dropping the values of construction_age_band where value is no data!\n",
    "\n",
    "print(\"Number of rows with no data! in construction_age_band: \",len(df_final[df_final.construction_age_band=='NO DATA!']))\n",
    "print(\"Length of dataframe before dropping specific values in construction_age_band:\",len(df_final))\n",
    "df_final =df_final[df_final.construction_age_band != 'NO DATA!']\n",
    "print(\"Length of dataframe after dropping specific values in construction_age_band:\",len(df_final))"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 26,
   "id": "14d18f67",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "text/plain": [
       "D    81935\n",
       "0    58622\n",
       "C    42142\n",
       "E    28216\n",
       "F     5854\n",
       "B     2502\n",
       "G     1671\n",
       "A       84\n",
       "Name: current_energy_rating, dtype: int64"
      ]
     },
     "execution_count": 26,
     "metadata": {},
     "output_type": "execute_result"
    }
   ],
   "source": [
    "#checking values in current_energy_rating column\n",
    "df_final.current_energy_rating.value_counts()"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 27,
   "id": "92c0b517",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "text/plain": [
       "Unknown             113761\n",
       "Single               61784\n",
       "0                    32521\n",
       "dual                  8606\n",
       "off-peak 7 hour       2642\n",
       "standard tariff       1084\n",
       "off-peak 10 hour       533\n",
       "dual (24 hour)          46\n",
       "NO DATA!                34\n",
       "off-peak 18 hour         7\n",
       "24 hour                  6\n",
       "5                        2\n",
       "Name: energy_tariff, dtype: int64"
      ]
     },
     "execution_count": 27,
     "metadata": {},
     "output_type": "execute_result"
    }
   ],
   "source": [
    "#checking values in current_energy_rating column\n",
    "df_final.energy_tariff.value_counts()"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 28,
   "id": "8119c9ff",
   "metadata": {},
   "outputs": [],
   "source": [
    "#mapping the no data to unknown in energy ratings columns\n",
    "df_final.loc[df_final[\"energy_tariff\"] == \"NO DATA!\", \"energy_tariff\"] = 'Unknown'\n",
    "df_final.loc[df_final[\"energy_tariff\"] == '5', \"energy_tariff\"] = 'Unknown'\n",
    "df_final.loc[df_final[\"energy_tariff\"] == '0', \"energy_tariff\"] = 'Unknown'"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 29,
   "id": "072dec2a",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "text/plain": [
       "Unknown             146318\n",
       "Single               61784\n",
       "dual                  8606\n",
       "off-peak 7 hour       2642\n",
       "standard tariff       1084\n",
       "off-peak 10 hour       533\n",
       "dual (24 hour)          46\n",
       "off-peak 18 hour         7\n",
       "24 hour                  6\n",
       "Name: energy_tariff, dtype: int64"
      ]
     },
     "execution_count": 29,
     "metadata": {},
     "output_type": "execute_result"
    }
   ],
   "source": [
    "#checking values in current_energy_rating column\n",
    "df_final.energy_tariff.value_counts()"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 30,
   "id": "7c64a9b4",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "text/plain": [
       "T    69994\n",
       "S    61657\n",
       "D    44649\n",
       "F    38912\n",
       "O     5814\n",
       "Name: Property Type, dtype: int64"
      ]
     },
     "execution_count": 30,
     "metadata": {},
     "output_type": "execute_result"
    }
   ],
   "source": [
    "#checking the value counts of Property Type column\n",
    "df_final['Property Type'].value_counts()"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 31,
   "id": "b7436d15",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "text/plain": [
       "N    219689\n",
       "Y      1337\n",
       "Name: Old/New, dtype: int64"
      ]
     },
     "execution_count": 31,
     "metadata": {},
     "output_type": "execute_result"
    }
   ],
   "source": [
    "#checking the value counts of Old/New column\n",
    "df_final['Old/New'].value_counts()"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 32,
   "id": "7e337811",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "text/plain": [
       "F    171343\n",
       "L     49683\n",
       "Name: Duration, dtype: int64"
      ]
     },
     "execution_count": 32,
     "metadata": {},
     "output_type": "execute_result"
    }
   ],
   "source": [
    "#checking the value counts of Duration column\n",
    "df_final['Duration'].value_counts()"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 33,
   "id": "cf79b957",
   "metadata": {},
   "outputs": [
    {
     "name": "stdout",
     "output_type": "stream",
     "text": [
      "number of unique values : 1141\n"
     ]
    },
    {
     "data": {
      "text/plain": [
       "LONDON                14427\n",
       "MANCHESTER             3493\n",
       "BIRMINGHAM             3316\n",
       "BRISTOL                3156\n",
       "NOTTINGHAM             3151\n",
       "                      ...  \n",
       "WESTBURY-ON-SEVERN        1\n",
       "ARTHOG                    1\n",
       "LYDBURY NORTH             1\n",
       "NEWCASTLETON              1\n",
       "CONISTON                  1\n",
       "Name: Town/City, Length: 1141, dtype: int64"
      ]
     },
     "execution_count": 33,
     "metadata": {},
     "output_type": "execute_result"
    }
   ],
   "source": [
    "#checking the count of Town/City columns\n",
    "print(\"number of unique values :\",df_final['Town/City'].nunique())\n",
    "df_final['Town/City'].value_counts()"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 34,
   "id": "c6cd9f39",
   "metadata": {},
   "outputs": [
    {
     "name": "stdout",
     "output_type": "stream",
     "text": [
      "number of unique values : 331\n"
     ]
    },
    {
     "data": {
      "text/plain": [
       "BIRMINGHAM           3273\n",
       "LEEDS                3014\n",
       "CORNWALL             2355\n",
       "COUNTY DURHAM        2276\n",
       "BRADFORD             2089\n",
       "                     ... \n",
       "OADBY AND WIGSTON     189\n",
       "MELTON                171\n",
       "RUTLAND               138\n",
       "CITY OF LONDON         46\n",
       "ISLES OF SCILLY         5\n",
       "Name: District, Length: 331, dtype: int64"
      ]
     },
     "execution_count": 34,
     "metadata": {},
     "output_type": "execute_result"
    }
   ],
   "source": [
    "#checking the count of District columns\n",
    "print(\"number of unique values :\",df_final['District'].nunique())\n",
    "df_final['District'].value_counts()"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 35,
   "id": "9915ec28",
   "metadata": {},
   "outputs": [
    {
     "name": "stdout",
     "output_type": "stream",
     "text": [
      "number of unique values : 112\n"
     ]
    },
    {
     "data": {
      "text/plain": [
       "GREATER LONDON        24835\n",
       "GREATER MANCHESTER    10054\n",
       "WEST MIDLANDS          9113\n",
       "WEST YORKSHIRE         8926\n",
       "KENT                   6286\n",
       "                      ...  \n",
       "CEREDIGION              303\n",
       "BLAENAU GWENT           291\n",
       "MERTHYR TYDFIL          263\n",
       "RUTLAND                 138\n",
       "ISLES OF SCILLY           5\n",
       "Name: County, Length: 112, dtype: int64"
      ]
     },
     "execution_count": 35,
     "metadata": {},
     "output_type": "execute_result"
    }
   ],
   "source": [
    "#checking the count of County columns\n",
    "print(\"number of unique values :\",df_final['County'].nunique())\n",
    "df_final['County'].value_counts()"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 36,
   "id": "e96487cb",
   "metadata": {},
   "outputs": [
    {
     "name": "stdout",
     "output_type": "stream",
     "text": [
      "number of unique values : 2\n"
     ]
    },
    {
     "data": {
      "text/plain": [
       "A    201171\n",
       "B     19855\n",
       "Name: PPD Category Type, dtype: int64"
      ]
     },
     "execution_count": 36,
     "metadata": {},
     "output_type": "execute_result"
    }
   ],
   "source": [
    "#checking the count of PPD Category Type columns\n",
    "print(\"number of unique values :\",df_final['PPD\\xa0Category Type'].nunique())\n",
    "df_final['PPD\\xa0Category Type'].value_counts()"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 37,
   "id": "babc0dbc",
   "metadata": {},
   "outputs": [
    {
     "name": "stdout",
     "output_type": "stream",
     "text": [
      "number of unique values : 8\n"
     ]
    },
    {
     "data": {
      "text/plain": [
       "D    81935\n",
       "0    58622\n",
       "C    42142\n",
       "E    28216\n",
       "F     5854\n",
       "B     2502\n",
       "G     1671\n",
       "A       84\n",
       "Name: current_energy_rating, dtype: int64"
      ]
     },
     "execution_count": 37,
     "metadata": {},
     "output_type": "execute_result"
    }
   ],
   "source": [
    "#checking the count of current_energy_rating columns\n",
    "print(\"number of unique values :\",df_final['current_energy_rating'].nunique())\n",
    "df_final['current_energy_rating'].value_counts()"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 38,
   "id": "01adedd7",
   "metadata": {},
   "outputs": [
    {
     "name": "stdout",
     "output_type": "stream",
     "text": [
      "number of unique values : 44\n"
     ]
    },
    {
     "data": {
      "text/plain": [
       "0                                  58622\n",
       "England and Wales: 1950-1966       27642\n",
       "England and Wales: 1900-1929       27417\n",
       "England and Wales: 1930-1949       25643\n",
       "England and Wales: 1967-1975       20057\n",
       "England and Wales: before 1900     15185\n",
       "England and Wales: 1983-1990       11165\n",
       "England and Wales: 1976-1982        9726\n",
       "England and Wales: 1996-2002        8356\n",
       "England and Wales: 1991-1995        6069\n",
       "England and Wales: 2003-2006        5933\n",
       "England and Wales: 2007-2011        1807\n",
       "England and Wales: 2007 onwards     1601\n",
       "Unknown                              710\n",
       "2021                                 207\n",
       "2021                                 129\n",
       "England and Wales: 2012 onwards      122\n",
       "INVALID!                              94\n",
       "2020                                  79\n",
       "2022                                  78\n",
       "2019                                  77\n",
       "2018                                  58\n",
       "2020                                  58\n",
       "2022                                  54\n",
       "2018                                  26\n",
       "2019                                  17\n",
       "2017                                  17\n",
       "2017                                  15\n",
       "2016                                  13\n",
       "2013                                  10\n",
       "2014                                   8\n",
       "2016                                   7\n",
       "2014                                   6\n",
       "2015                                   4\n",
       "2010                                   3\n",
       "2012                                   2\n",
       "2008                                   2\n",
       "1950                                   1\n",
       "2013                                   1\n",
       "1930                                   1\n",
       "1900                                   1\n",
       "2015                                   1\n",
       "2009                                   1\n",
       "2010                                   1\n",
       "Name: construction_age_band, dtype: int64"
      ]
     },
     "execution_count": 38,
     "metadata": {},
     "output_type": "execute_result"
    }
   ],
   "source": [
    "#checking the count of construction_age_band columns\n",
    "print(\"number of unique values :\",df_final['construction_age_band'].nunique())\n",
    "df_final['construction_age_band'].value_counts()"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 39,
   "id": "b659eb37",
   "metadata": {},
   "outputs": [],
   "source": [
    "#mapping the no data to unknown in construction_age_band columns\n",
    "df_final.loc[df_final[\"construction_age_band\"] == \"INVALID!\", \"construction_age_band\"] = 'Unknown'\n",
    "df_final.loc[df_final[\"construction_age_band\"] == 0, \"construction_age_band\"] = 'Unknown'"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 40,
   "id": "ecb9ebc3",
   "metadata": {},
   "outputs": [
    {
     "name": "stdout",
     "output_type": "stream",
     "text": [
      "number of unique values : 42\n"
     ]
    },
    {
     "data": {
      "text/plain": [
       "Unknown                            59426\n",
       "England and Wales: 1950-1966       27642\n",
       "England and Wales: 1900-1929       27417\n",
       "England and Wales: 1930-1949       25643\n",
       "England and Wales: 1967-1975       20057\n",
       "England and Wales: before 1900     15185\n",
       "England and Wales: 1983-1990       11165\n",
       "England and Wales: 1976-1982        9726\n",
       "England and Wales: 1996-2002        8356\n",
       "England and Wales: 1991-1995        6069\n",
       "England and Wales: 2003-2006        5933\n",
       "England and Wales: 2007-2011        1807\n",
       "England and Wales: 2007 onwards     1601\n",
       "2021                                 207\n",
       "2021                                 129\n",
       "England and Wales: 2012 onwards      122\n",
       "2020                                  79\n",
       "2022                                  78\n",
       "2019                                  77\n",
       "2018                                  58\n",
       "2020                                  58\n",
       "2022                                  54\n",
       "2018                                  26\n",
       "2019                                  17\n",
       "2017                                  17\n",
       "2017                                  15\n",
       "2016                                  13\n",
       "2013                                  10\n",
       "2014                                   8\n",
       "2016                                   7\n",
       "2014                                   6\n",
       "2015                                   4\n",
       "2010                                   3\n",
       "2012                                   2\n",
       "2008                                   2\n",
       "1950                                   1\n",
       "2013                                   1\n",
       "1930                                   1\n",
       "1900                                   1\n",
       "2015                                   1\n",
       "2009                                   1\n",
       "2010                                   1\n",
       "Name: construction_age_band, dtype: int64"
      ]
     },
     "execution_count": 40,
     "metadata": {},
     "output_type": "execute_result"
    }
   ],
   "source": [
    "#checking the count of construction_age_band columns\n",
    "print(\"number of unique values :\",df_final['construction_age_band'].nunique())\n",
    "df_final['construction_age_band'].value_counts()"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 41,
   "id": "d9b46418",
   "metadata": {},
   "outputs": [
    {
     "name": "stdout",
     "output_type": "stream",
     "text": [
      "number of unique values : 10098\n"
     ]
    },
    {
     "data": {
      "text/plain": [
       "0.00      58630\n",
       "83.00      2645\n",
       "84.00      2617\n",
       "78.00      2610\n",
       "86.00      2573\n",
       "          ...  \n",
       "129.50        1\n",
       "86.97         1\n",
       "207.81        1\n",
       "56.01         1\n",
       "123.77        1\n",
       "Name: total_floor_area, Length: 10098, dtype: int64"
      ]
     },
     "execution_count": 41,
     "metadata": {},
     "output_type": "execute_result"
    }
   ],
   "source": [
    "#checking the count of total_floor_area columns\n",
    "print(\"number of unique values :\",df_final['total_floor_area'].nunique())\n",
    "df_final['total_floor_area'].value_counts()"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 42,
   "id": "e4dd6bcf",
   "metadata": {},
   "outputs": [
    {
     "name": "stdout",
     "output_type": "stream",
     "text": [
      "number of unique values : 9\n"
     ]
    },
    {
     "data": {
      "text/plain": [
       "Unknown             146318\n",
       "Single               61784\n",
       "dual                  8606\n",
       "off-peak 7 hour       2642\n",
       "standard tariff       1084\n",
       "off-peak 10 hour       533\n",
       "dual (24 hour)          46\n",
       "off-peak 18 hour         7\n",
       "24 hour                  6\n",
       "Name: energy_tariff, dtype: int64"
      ]
     },
     "execution_count": 42,
     "metadata": {},
     "output_type": "execute_result"
    }
   ],
   "source": [
    "#checking the count of energy_tariff columns\n",
    "print(\"number of unique values :\",df_final['energy_tariff'].nunique())\n",
    "df_final['energy_tariff'].value_counts()"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 43,
   "id": "b1e87fe3",
   "metadata": {},
   "outputs": [
    {
     "name": "stdout",
     "output_type": "stream",
     "text": [
      "number of unique values : 2265\n"
     ]
    },
    {
     "data": {
      "text/plain": [
       "CR0     489\n",
       "BN3     430\n",
       "BN1     387\n",
       "LE2     385\n",
       "NG5     383\n",
       "       ... \n",
       "WC2N      1\n",
       "MK1       1\n",
       "B4        1\n",
       "EC3R      1\n",
       "LA21      1\n",
       "Name: areacode, Length: 2265, dtype: int64"
      ]
     },
     "execution_count": 43,
     "metadata": {},
     "output_type": "execute_result"
    }
   ],
   "source": [
    "#checking the count of areacode columns\n",
    "print(\"number of unique values :\",df_final['areacode'].nunique())\n",
    "df_final['areacode'].value_counts()"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 44,
   "id": "6276aa9f",
   "metadata": {},
   "outputs": [],
   "source": [
    "df_final[['name','construction_age_band']]=df_final.construction_age_band.str.split(':',expand=True)"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 45,
   "id": "272e0382",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "text/plain": [
       " 1950-1966       27642\n",
       " 1900-1929       27417\n",
       " 1930-1949       25643\n",
       " 1967-1975       20057\n",
       " before 1900     15185\n",
       " 1983-1990       11165\n",
       " 1976-1982        9726\n",
       " 1996-2002        8356\n",
       " 1991-1995        6069\n",
       " 2003-2006        5933\n",
       " 2007-2011        1807\n",
       " 2007 onwards     1601\n",
       " 2012 onwards      122\n",
       "Name: construction_age_band, dtype: int64"
      ]
     },
     "execution_count": 45,
     "metadata": {},
     "output_type": "execute_result"
    }
   ],
   "source": [
    "df_final['construction_age_band'].value_counts()"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 46,
   "id": "73d005a8",
   "metadata": {},
   "outputs": [
    {
     "name": "stdout",
     "output_type": "stream",
     "text": [
      "Dropped column\n"
     ]
    }
   ],
   "source": [
    "#dropping name column\n",
    "df_final.drop('name',axis=1,inplace=True)\n",
    "print(\"Dropped column\")"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 47,
   "id": "ad1608a6",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "text/plain": [
       "Price                             int64\n",
       "Date of Transfer         datetime64[ns]\n",
       "Property Type                    object\n",
       "Old/New                          object\n",
       "Duration                         object\n",
       "Town/City                        object\n",
       "District                         object\n",
       "County                           object\n",
       "PPD Category Type                object\n",
       "Country                          object\n",
       "current_energy_rating            object\n",
       "construction_age_band            object\n",
       "total_floor_area                float64\n",
       "energy_tariff                    object\n",
       "areacode                         object\n",
       "dtype: object"
      ]
     },
     "execution_count": 47,
     "metadata": {},
     "output_type": "execute_result"
    }
   ],
   "source": [
    "# checking the datatypes of dataset\n",
    "df_final.dtypes"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 48,
   "id": "31aa3704",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "text/plain": [
       "Text(0.5, 1.0, 'Price')"
      ]
     },
     "execution_count": 48,
     "metadata": {},
     "output_type": "execute_result"
    },
    {
     "data": {
      "image/png": "\n",
      "text/plain": [
       "<Figure size 864x576 with 1 Axes>"
      ]
     },
     "metadata": {
      "needs_background": "light"
     },
     "output_type": "display_data"
    }
   ],
   "source": [
    "#plotting a boxplot for price \n",
    "plt.figure(figsize=(12,8))\n",
    "sns.boxplot(x = df_final['Price'])\n",
    "plt.title('Price')"
   ]
  },
  {
   "cell_type": "markdown",
   "id": "6e1bbff6",
   "metadata": {},
   "source": [
    "We can see there are outliers, thus dropping the outliers\n"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 49,
   "id": "f6c7b40d",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "text/plain": [
       "(153450000, 100, 260000.0)"
      ]
     },
     "execution_count": 49,
     "metadata": {},
     "output_type": "execute_result"
    }
   ],
   "source": [
    "#checking the max, min and median prices\n",
    "df_final.Price.max(), df_final.Price.min(), df_final.Price.median()"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 50,
   "id": "54915cc0",
   "metadata": {},
   "outputs": [
    {
     "name": "stdout",
     "output_type": "stream",
     "text": [
      "Length of dataset before dropping outliers 221026\n",
      "Length of dataset after dropping outliers 213440\n"
     ]
    },
    {
     "data": {
      "text/plain": [
       "Text(0.5, 1.0, 'Price')"
      ]
     },
     "execution_count": 50,
     "metadata": {},
     "output_type": "execute_result"
    },
    {
     "data": {
      "image/png": "\n",
      "text/plain": [
       "<Figure size 432x288 with 1 Axes>"
      ]
     },
     "metadata": {
      "needs_background": "light"
     },
     "output_type": "display_data"
    }
   ],
   "source": [
    "print(\"Length of dataset before dropping outliers\" ,len(df_final))\n",
    "df_final = df_final.loc[(df_final['Price'] < 1000000) & (df_final['Price'] > 10000)]\n",
    "print(\"Length of dataset after dropping outliers\" ,len(df_final))\n",
    "sns.boxplot(y = df_final['Price'])\n",
    "plt.title('Price')"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 51,
   "id": "9f7bf094",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "image/png": "\n",
      "text/plain": [
       "<Figure size 864x576 with 1 Axes>"
      ]
     },
     "metadata": {},
     "output_type": "display_data"
    }
   ],
   "source": [
    "#plotting the histogram for house prices\n",
    "sns.set_theme(style=\"darkgrid\")\n",
    "plt.figure(figsize=(12,8))\n",
    "df_final['Price'].hist()\n",
    "plt.title(\"Histogram for House Prices \",fontdict={'fontsize':20})\n",
    "plt.ylabel('Price')\n",
    "plt.show()"
   ]
  },
  {
   "cell_type": "markdown",
   "id": "c7b28a81",
   "metadata": {},
   "source": [
    "We can see that the prices postive skewed( right-skewed distribution) "
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 52,
   "id": "c4743547",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "image/png": "\n",
      "text/plain": [
       "<Figure size 864x576 with 1 Axes>"
      ]
     },
     "metadata": {},
     "output_type": "display_data"
    }
   ],
   "source": [
    "#plotting the prices with type of property\n",
    "\n",
    "sns.set_theme(style=\"darkgrid\")\n",
    "plt.figure(figsize=(12,8))\n",
    "sns.boxplot(data=df_final ,y ='Price',x='Property Type')\n",
    "plt.title(\"House Prices vs Property Type \",fontdict={'fontsize':20})\n",
    "plt.show()"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 53,
   "id": "f68ca71b",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "image/png": "\n",
      "text/plain": [
       "<Figure size 864x576 with 1 Axes>"
      ]
     },
     "metadata": {},
     "output_type": "display_data"
    }
   ],
   "source": [
    "#plotting the prices with Duration \n",
    "sns.set_theme(style=\"darkgrid\")\n",
    "plt.figure(figsize=(12,8))\n",
    "sns.boxplot(data=df_final ,y ='Price',x='Duration')\n",
    "plt.title(\"House Prices vs Duration \",fontdict={'fontsize':20})\n",
    "plt.show()"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 54,
   "id": "64e084df",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "image/png": "\n",
      "text/plain": [
       "<Figure size 864x576 with 1 Axes>"
      ]
     },
     "metadata": {},
     "output_type": "display_data"
    }
   ],
   "source": [
    "#plotting the prices with Duration \n",
    "sns.set_theme(style=\"darkgrid\")\n",
    "plt.figure(figsize=(12,8))\n",
    "sns.boxplot(data=df_final ,y ='Price',x='Old/New')\n",
    "plt.title(\"House Prices vs Duration \",fontdict={'fontsize':20})\n",
    "plt.show()"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 55,
   "id": "863b31b3",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "image/png": "\n",
      "text/plain": [
       "<Figure size 864x576 with 1 Axes>"
      ]
     },
     "metadata": {},
     "output_type": "display_data"
    }
   ],
   "source": [
    "#creating a distplot for price\n",
    "\n",
    "sns.set_theme(style=\"darkgrid\")\n",
    "plt.figure(figsize=(12,8))\n",
    "sns.distplot(df_final['Price'])\n",
    "plt.title(\"Distplot for House Prices \",fontdict={'fontsize':20})\n",
    "plt.ylabel('Price')\n",
    "plt.show()"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 56,
   "id": "34b6bb00",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "text/plain": [
       "<seaborn.axisgrid.JointGrid at 0x2995ee4cca0>"
      ]
     },
     "execution_count": 56,
     "metadata": {},
     "output_type": "execute_result"
    },
    {
     "data": {
      "image/png": "\n",
      "text/plain": [
       "<Figure size 432x432 with 3 Axes>"
      ]
     },
     "metadata": {},
     "output_type": "display_data"
    }
   ],
   "source": [
    "#jointplot allows to study relationship between 2 features - price and square footage\n",
    "\n",
    "sns.jointplot(x='Price',y='total_floor_area',data=df_final,kind='reg')"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 57,
   "id": "1122f659",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "image/png": "\n",
      "text/plain": [
       "<Figure size 864x576 with 1 Axes>"
      ]
     },
     "metadata": {},
     "output_type": "display_data"
    }
   ],
   "source": [
    "#use data based on some categorical feature use 'hue' parameter\n",
    "\n",
    "sns.set_theme(style=\"darkgrid\")\n",
    "plt.figure(figsize=(12,8))\n",
    "sns.boxplot(x='Price',y='Property Type',hue='Old/New',data=df_final)\n",
    "plt.title(\"BoxPlot  for House Prices with respect to Property Type\",fontdict={'fontsize':20})\n",
    "plt.ylabel('Price')\n",
    "plt.legend()\n",
    "plt.show()"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 58,
   "id": "010dddb8",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "text/plain": [
       "GREATER LONDON        21355\n",
       "GREATER MANCHESTER     9959\n",
       "WEST MIDLANDS          9062\n",
       "WEST YORKSHIRE         8873\n",
       "KENT                   6093\n",
       "                      ...  \n",
       "CEREDIGION              300\n",
       "BLAENAU GWENT           291\n",
       "MERTHYR TYDFIL          263\n",
       "RUTLAND                 137\n",
       "ISLES OF SCILLY           5\n",
       "Name: County, Length: 112, dtype: int64"
      ]
     },
     "execution_count": 58,
     "metadata": {},
     "output_type": "execute_result"
    }
   ],
   "source": [
    "#checking the different counties data\n",
    "df_final['County'].value_counts()"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 59,
   "id": "81d463df",
   "metadata": {},
   "outputs": [],
   "source": [
    "#creating a temp dataframe with top 4 records city\n",
    "temp1=df_final[df_final['County']=='GREATER LONDON']\n",
    "temp2=df_final[df_final['County']=='GREATER MANCHESTER']\n",
    "temp3=df_final[df_final['County']=='WEST YORKSHIRE']\n",
    "temp4=df_final[df_final['County']=='WEST MIDLANDS']\n",
    "temp = pd.concat([temp1,temp2,temp3,temp4])"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 60,
   "id": "a75823d2",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "image/png": "\n",
      "text/plain": [
       "<Figure size 864x576 with 1 Axes>"
      ]
     },
     "metadata": {},
     "output_type": "display_data"
    }
   ],
   "source": [
    "#comparing top 4 records cities\n",
    "\n",
    "sns.set_theme(style=\"darkgrid\")\n",
    "plt.figure(figsize=(12,8))\n",
    "sns.boxplot(y='Price',x='County',data=temp)\n",
    "plt.title(\"BoxPlot  for House Prices for top 4 cities\",fontdict={'fontsize':20})\n",
    "plt.ylabel('Price')\n",
    "plt.show()"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 61,
   "id": "944bd0ac",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "image/png": "\n",
      "text/plain": [
       "<Figure size 864x576 with 1 Axes>"
      ]
     },
     "metadata": {},
     "output_type": "display_data"
    }
   ],
   "source": [
    "#creating a crosstab for cities with property type\n",
    "sns.set_theme(style=\"darkgrid\")\n",
    "temp1 = pd.crosstab(temp['County'], temp['Property Type'])\n",
    "temp1.plot(kind = 'bar', stacked = True, grid = False,figsize=(12,8))\n",
    "plt.title(\"Crosstab  for Number of Records with property types for top 4 cities\",fontdict={'fontsize':20})\n",
    "plt.ylabel('Number of records')\n",
    "plt.legend()\n",
    "plt.show()"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 62,
   "id": "81af8c91",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "text/html": [
       "<div>\n",
       "<style scoped>\n",
       "    .dataframe tbody tr th:only-of-type {\n",
       "        vertical-align: middle;\n",
       "    }\n",
       "\n",
       "    .dataframe tbody tr th {\n",
       "        vertical-align: top;\n",
       "    }\n",
       "\n",
       "    .dataframe thead th {\n",
       "        text-align: right;\n",
       "    }\n",
       "</style>\n",
       "<table border=\"1\" class=\"dataframe\">\n",
       "  <thead>\n",
       "    <tr style=\"text-align: right;\">\n",
       "      <th>Property Type</th>\n",
       "      <th>D</th>\n",
       "      <th>F</th>\n",
       "      <th>O</th>\n",
       "      <th>S</th>\n",
       "      <th>T</th>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>County</th>\n",
       "      <th></th>\n",
       "      <th></th>\n",
       "      <th></th>\n",
       "      <th></th>\n",
       "      <th></th>\n",
       "    </tr>\n",
       "  </thead>\n",
       "  <tbody>\n",
       "    <tr>\n",
       "      <th>GREATER LONDON</th>\n",
       "      <td>687</td>\n",
       "      <td>10598</td>\n",
       "      <td>437</td>\n",
       "      <td>3373</td>\n",
       "      <td>6260</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>GREATER MANCHESTER</th>\n",
       "      <td>1128</td>\n",
       "      <td>1263</td>\n",
       "      <td>223</td>\n",
       "      <td>3416</td>\n",
       "      <td>3929</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>WEST MIDLANDS</th>\n",
       "      <td>1141</td>\n",
       "      <td>1223</td>\n",
       "      <td>144</td>\n",
       "      <td>3230</td>\n",
       "      <td>3324</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>WEST YORKSHIRE</th>\n",
       "      <td>1299</td>\n",
       "      <td>790</td>\n",
       "      <td>163</td>\n",
       "      <td>3009</td>\n",
       "      <td>3612</td>\n",
       "    </tr>\n",
       "  </tbody>\n",
       "</table>\n",
       "</div>"
      ],
      "text/plain": [
       "Property Type          D      F    O     S     T\n",
       "County                                          \n",
       "GREATER LONDON       687  10598  437  3373  6260\n",
       "GREATER MANCHESTER  1128   1263  223  3416  3929\n",
       "WEST MIDLANDS       1141   1223  144  3230  3324\n",
       "WEST YORKSHIRE      1299    790  163  3009  3612"
      ]
     },
     "execution_count": 62,
     "metadata": {},
     "output_type": "execute_result"
    }
   ],
   "source": [
    "#crosstab for property type with county for top 4 cities\n",
    "temp1"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 63,
   "id": "0561fcc0",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "image/png": "\n",
      "text/plain": [
       "<Figure size 864x576 with 1 Axes>"
      ]
     },
     "metadata": {},
     "output_type": "display_data"
    }
   ],
   "source": [
    "#creating a crosstab for cities with property type\n",
    "sns.set_theme(style=\"darkgrid\")\n",
    "temp1 = pd.crosstab(temp['County'], temp['Duration'])\n",
    "temp1.plot(kind = 'bar', stacked = True, grid = False,figsize=(12,8))\n",
    "plt.title(\"Crosstab  for Number of Records with Duration for top 4 cities\",fontdict={'fontsize':20})\n",
    "plt.ylabel('Number of records')\n",
    "plt.legend()\n",
    "plt.show()"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 64,
   "id": "1a4d0419",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "text/html": [
       "<div>\n",
       "<style scoped>\n",
       "    .dataframe tbody tr th:only-of-type {\n",
       "        vertical-align: middle;\n",
       "    }\n",
       "\n",
       "    .dataframe tbody tr th {\n",
       "        vertical-align: top;\n",
       "    }\n",
       "\n",
       "    .dataframe thead th {\n",
       "        text-align: right;\n",
       "    }\n",
       "</style>\n",
       "<table border=\"1\" class=\"dataframe\">\n",
       "  <thead>\n",
       "    <tr style=\"text-align: right;\">\n",
       "      <th>Duration</th>\n",
       "      <th>F</th>\n",
       "      <th>L</th>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>County</th>\n",
       "      <th></th>\n",
       "      <th></th>\n",
       "    </tr>\n",
       "  </thead>\n",
       "  <tbody>\n",
       "    <tr>\n",
       "      <th>GREATER LONDON</th>\n",
       "      <td>10297</td>\n",
       "      <td>11058</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>GREATER MANCHESTER</th>\n",
       "      <td>4927</td>\n",
       "      <td>5032</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>WEST MIDLANDS</th>\n",
       "      <td>7530</td>\n",
       "      <td>1532</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>WEST YORKSHIRE</th>\n",
       "      <td>7770</td>\n",
       "      <td>1103</td>\n",
       "    </tr>\n",
       "  </tbody>\n",
       "</table>\n",
       "</div>"
      ],
      "text/plain": [
       "Duration                F      L\n",
       "County                          \n",
       "GREATER LONDON      10297  11058\n",
       "GREATER MANCHESTER   4927   5032\n",
       "WEST MIDLANDS        7530   1532\n",
       "WEST YORKSHIRE       7770   1103"
      ]
     },
     "execution_count": 64,
     "metadata": {},
     "output_type": "execute_result"
    }
   ],
   "source": [
    "#crosstab for property type with county for top 4 cities\n",
    "temp1"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 65,
   "id": "f128d4b6",
   "metadata": {
    "scrolled": false
   },
   "outputs": [
    {
     "data": {
      "image/png": "\n",
      "text/plain": [
       "<Figure size 864x576 with 1 Axes>"
      ]
     },
     "metadata": {},
     "output_type": "display_data"
    }
   ],
   "source": [
    "#creating a crosstab for cities with property type\n",
    "sns.set_theme(style=\"darkgrid\")\n",
    "temp1 = pd.crosstab(temp['County'], temp['Old/New'])\n",
    "temp1.plot(kind = 'bar', stacked = True, grid = False,figsize=(12,8))\n",
    "plt.title(\"Crosstab  for Number of Records with Old/New for top 4 cities\",fontdict={'fontsize':20})\n",
    "plt.ylabel('Number of records')\n",
    "plt.legend()\n",
    "plt.show()"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 66,
   "id": "fa82c6f3",
   "metadata": {},
   "outputs": [],
   "source": [
    "#spliting the date \n",
    "df_final['day'] = df_final['Date of Transfer'].dt.day\n",
    "df_final['month'] = df_final['Date of Transfer'].dt.month\n",
    "df_final['year'] = df_final['Date of Transfer'].dt.year\n"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 67,
   "id": "3feccc43",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "image/png": "\n",
      "text/plain": [
       "<Figure size 864x576 with 1 Axes>"
      ]
     },
     "metadata": {},
     "output_type": "display_data"
    }
   ],
   "source": [
    "#grouping the prices by month\n",
    "temp_month=df_final.groupby(['month'])['Price'].mean().reset_index()\n",
    "temp_month.set_index('month', inplace=True)\n",
    "temp_month.plot(figsize=(12,8))\n",
    "plt.title(\"Mean Prices by Month \")\n",
    "plt.show()"
   ]
  },
  {
   "cell_type": "markdown",
   "id": "4eba466d",
   "metadata": {},
   "source": [
    "We can see from the above plot that June month has the Highest prices , while Feb has the lowest prices."
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 68,
   "id": "954395a1",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "image/png": "\n",
      "text/plain": [
       "<Figure size 864x576 with 1 Axes>"
      ]
     },
     "metadata": {},
     "output_type": "display_data"
    }
   ],
   "source": [
    "#grouping the prices by day\n",
    "temp_month=df_final.groupby(['day'])['Price'].mean().reset_index()\n",
    "temp_month.set_index('day', inplace=True)\n",
    "temp_month.plot(figsize=(12,8))\n",
    "plt.title(\"Mean Prices by days \")\n",
    "plt.show()"
   ]
  },
  {
   "cell_type": "markdown",
   "id": "dbbcc7a4",
   "metadata": {},
   "source": [
    "We can see from the above chart that the mid days of the months are the highest Prices."
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 69,
   "id": "ef75bbe9",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "text/plain": [
       "LONDON           11580\n",
       "MANCHESTER        3470\n",
       "BIRMINGHAM        3296\n",
       "NOTTINGHAM        3131\n",
       "BRISTOL           3069\n",
       "                 ...  \n",
       "BAMBURGH             1\n",
       "ARTHOG               1\n",
       "LYDBURY NORTH        1\n",
       "NEWCASTLETON         1\n",
       "CONISTON             1\n",
       "Name: Town/City, Length: 1141, dtype: int64"
      ]
     },
     "execution_count": 69,
     "metadata": {},
     "output_type": "execute_result"
    }
   ],
   "source": [
    "#checking the values for town/city column\n",
    "df_final['Town/City'].value_counts()"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 70,
   "id": "de96043b",
   "metadata": {},
   "outputs": [],
   "source": [
    "#creating a list of cities\n",
    "citieslist =list(df_final['County'].unique())"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 71,
   "id": "7ba88bd3",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "text/html": [
       "<div>\n",
       "<style scoped>\n",
       "    .dataframe tbody tr th:only-of-type {\n",
       "        vertical-align: middle;\n",
       "    }\n",
       "\n",
       "    .dataframe tbody tr th {\n",
       "        vertical-align: top;\n",
       "    }\n",
       "\n",
       "    .dataframe thead th {\n",
       "        text-align: right;\n",
       "    }\n",
       "</style>\n",
       "<table border=\"1\" class=\"dataframe\">\n",
       "  <thead>\n",
       "    <tr style=\"text-align: right;\">\n",
       "      <th></th>\n",
       "      <th>Rank</th>\n",
       "      <th>city</th>\n",
       "      <th>population</th>\n",
       "    </tr>\n",
       "  </thead>\n",
       "  <tbody>\n",
       "    <tr>\n",
       "      <th>0</th>\n",
       "      <td>113</td>\n",
       "      <td>GREATER LONDON</td>\n",
       "      <td>8799800</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>1</th>\n",
       "      <td>112</td>\n",
       "      <td>WEST MIDLANDS</td>\n",
       "      <td>5950800</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>2</th>\n",
       "      <td>111</td>\n",
       "      <td>GREATER MANCHESTER</td>\n",
       "      <td>2867800</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>3</th>\n",
       "      <td>110</td>\n",
       "      <td>WEST YORKSHIRE</td>\n",
       "      <td>2351600</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>4</th>\n",
       "      <td>109</td>\n",
       "      <td>KENT</td>\n",
       "      <td>1576100</td>\n",
       "    </tr>\n",
       "  </tbody>\n",
       "</table>\n",
       "</div>"
      ],
      "text/plain": [
       "   Rank                city  population\n",
       "0   113      GREATER LONDON     8799800\n",
       "1   112       WEST MIDLANDS     5950800\n",
       "2   111  GREATER MANCHESTER     2867800\n",
       "3   110      WEST YORKSHIRE     2351600\n",
       "4   109                KENT     1576100"
      ]
     },
     "execution_count": 71,
     "metadata": {},
     "output_type": "execute_result"
    }
   ],
   "source": [
    "#uploading the dataset of population and converting the county into rank as per population\n",
    "pop = pd.read_csv(r'city.csv',index_col=False)\n",
    "pop.head()"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 72,
   "id": "83b7b625",
   "metadata": {},
   "outputs": [],
   "source": [
    "#ranking has been given as reverse , as it would give more weightage to the cities with higher population\n",
    "map_dict =dict(zip(pop.city,pop.Rank))\n",
    "df_final['county_rank'] = df_final['County'].map(map_dict) "
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 73,
   "id": "a0cdba27",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "text/html": [
       "<div>\n",
       "<style scoped>\n",
       "    .dataframe tbody tr th:only-of-type {\n",
       "        vertical-align: middle;\n",
       "    }\n",
       "\n",
       "    .dataframe tbody tr th {\n",
       "        vertical-align: top;\n",
       "    }\n",
       "\n",
       "    .dataframe thead th {\n",
       "        text-align: right;\n",
       "    }\n",
       "</style>\n",
       "<table border=\"1\" class=\"dataframe\">\n",
       "  <thead>\n",
       "    <tr style=\"text-align: right;\">\n",
       "      <th></th>\n",
       "      <th>Price</th>\n",
       "      <th>Date of Transfer</th>\n",
       "      <th>Property Type</th>\n",
       "      <th>Old/New</th>\n",
       "      <th>Duration</th>\n",
       "      <th>Town/City</th>\n",
       "      <th>District</th>\n",
       "      <th>County</th>\n",
       "      <th>PPD Category Type</th>\n",
       "      <th>Country</th>\n",
       "      <th>current_energy_rating</th>\n",
       "      <th>construction_age_band</th>\n",
       "      <th>total_floor_area</th>\n",
       "      <th>energy_tariff</th>\n",
       "      <th>areacode</th>\n",
       "      <th>day</th>\n",
       "      <th>month</th>\n",
       "      <th>year</th>\n",
       "      <th>county_rank</th>\n",
       "    </tr>\n",
       "  </thead>\n",
       "  <tbody>\n",
       "    <tr>\n",
       "      <th>1</th>\n",
       "      <td>90000</td>\n",
       "      <td>2022-02-22</td>\n",
       "      <td>T</td>\n",
       "      <td>N</td>\n",
       "      <td>F</td>\n",
       "      <td>NOTTINGHAM</td>\n",
       "      <td>CITY OF NOTTINGHAM</td>\n",
       "      <td>CITY OF NOTTINGHAM</td>\n",
       "      <td>A</td>\n",
       "      <td>England</td>\n",
       "      <td>E</td>\n",
       "      <td>1900-1929</td>\n",
       "      <td>79.0</td>\n",
       "      <td>dual</td>\n",
       "      <td>NG6</td>\n",
       "      <td>22</td>\n",
       "      <td>2</td>\n",
       "      <td>2022</td>\n",
       "      <td>67</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>2</th>\n",
       "      <td>250000</td>\n",
       "      <td>2022-02-04</td>\n",
       "      <td>T</td>\n",
       "      <td>N</td>\n",
       "      <td>F</td>\n",
       "      <td>NEWARK</td>\n",
       "      <td>NEWARK AND SHERWOOD</td>\n",
       "      <td>NOTTINGHAMSHIRE</td>\n",
       "      <td>A</td>\n",
       "      <td>England</td>\n",
       "      <td>0</td>\n",
       "      <td>None</td>\n",
       "      <td>0.0</td>\n",
       "      <td>Unknown</td>\n",
       "      <td>NG24</td>\n",
       "      <td>4</td>\n",
       "      <td>2</td>\n",
       "      <td>2022</td>\n",
       "      <td>97</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>3</th>\n",
       "      <td>160000</td>\n",
       "      <td>2022-04-25</td>\n",
       "      <td>S</td>\n",
       "      <td>N</td>\n",
       "      <td>F</td>\n",
       "      <td>SUTTON-IN-ASHFIELD</td>\n",
       "      <td>ASHFIELD</td>\n",
       "      <td>NOTTINGHAMSHIRE</td>\n",
       "      <td>A</td>\n",
       "      <td>England</td>\n",
       "      <td>0</td>\n",
       "      <td>None</td>\n",
       "      <td>0.0</td>\n",
       "      <td>Unknown</td>\n",
       "      <td>NG17</td>\n",
       "      <td>25</td>\n",
       "      <td>4</td>\n",
       "      <td>2022</td>\n",
       "      <td>97</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>4</th>\n",
       "      <td>315000</td>\n",
       "      <td>2022-02-28</td>\n",
       "      <td>S</td>\n",
       "      <td>N</td>\n",
       "      <td>F</td>\n",
       "      <td>NOTTINGHAM</td>\n",
       "      <td>BROXTOWE</td>\n",
       "      <td>NOTTINGHAMSHIRE</td>\n",
       "      <td>A</td>\n",
       "      <td>England</td>\n",
       "      <td>D</td>\n",
       "      <td>1950-1966</td>\n",
       "      <td>75.0</td>\n",
       "      <td>Single</td>\n",
       "      <td>NG9</td>\n",
       "      <td>28</td>\n",
       "      <td>2</td>\n",
       "      <td>2022</td>\n",
       "      <td>97</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>6</th>\n",
       "      <td>115000</td>\n",
       "      <td>2022-04-29</td>\n",
       "      <td>T</td>\n",
       "      <td>N</td>\n",
       "      <td>F</td>\n",
       "      <td>RETFORD</td>\n",
       "      <td>BASSETLAW</td>\n",
       "      <td>NOTTINGHAMSHIRE</td>\n",
       "      <td>A</td>\n",
       "      <td>England</td>\n",
       "      <td>G</td>\n",
       "      <td>1900-1929</td>\n",
       "      <td>80.0</td>\n",
       "      <td>Single</td>\n",
       "      <td>DN22</td>\n",
       "      <td>29</td>\n",
       "      <td>4</td>\n",
       "      <td>2022</td>\n",
       "      <td>97</td>\n",
       "    </tr>\n",
       "  </tbody>\n",
       "</table>\n",
       "</div>"
      ],
      "text/plain": [
       "    Price Date of Transfer Property Type Old/New Duration           Town/City  \\\n",
       "1   90000       2022-02-22             T       N        F          NOTTINGHAM   \n",
       "2  250000       2022-02-04             T       N        F              NEWARK   \n",
       "3  160000       2022-04-25             S       N        F  SUTTON-IN-ASHFIELD   \n",
       "4  315000       2022-02-28             S       N        F          NOTTINGHAM   \n",
       "6  115000       2022-04-29             T       N        F             RETFORD   \n",
       "\n",
       "              District              County PPD Category Type  Country  \\\n",
       "1   CITY OF NOTTINGHAM  CITY OF NOTTINGHAM                 A  England   \n",
       "2  NEWARK AND SHERWOOD     NOTTINGHAMSHIRE                 A  England   \n",
       "3             ASHFIELD     NOTTINGHAMSHIRE                 A  England   \n",
       "4             BROXTOWE     NOTTINGHAMSHIRE                 A  England   \n",
       "6            BASSETLAW     NOTTINGHAMSHIRE                 A  England   \n",
       "\n",
       "  current_energy_rating construction_age_band  total_floor_area energy_tariff  \\\n",
       "1                     E             1900-1929              79.0          dual   \n",
       "2                     0                  None               0.0       Unknown   \n",
       "3                     0                  None               0.0       Unknown   \n",
       "4                     D             1950-1966              75.0        Single   \n",
       "6                     G             1900-1929              80.0        Single   \n",
       "\n",
       "  areacode  day  month  year  county_rank  \n",
       "1      NG6   22      2  2022           67  \n",
       "2     NG24    4      2  2022           97  \n",
       "3     NG17   25      4  2022           97  \n",
       "4      NG9   28      2  2022           97  \n",
       "6     DN22   29      4  2022           97  "
      ]
     },
     "execution_count": 73,
     "metadata": {},
     "output_type": "execute_result"
    }
   ],
   "source": [
    "df_final.head()"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 74,
   "id": "621c5c1d",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "text/plain": [
       "<AxesSubplot:>"
      ]
     },
     "execution_count": 74,
     "metadata": {},
     "output_type": "execute_result"
    },
    {
     "data": {
      "image/png": "\n",
      "text/plain": [
       "<Figure size 432x288 with 2 Axes>"
      ]
     },
     "metadata": {},
     "output_type": "display_data"
    }
   ],
   "source": [
    "#find the correlation between numerical variables \n",
    "sns.heatmap(df_final[['Price','total_floor_area','county_rank']].corr(),annot=True)\n"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 75,
   "id": "f63b5d58",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "text/plain": [
       "Price                             int64\n",
       "Date of Transfer         datetime64[ns]\n",
       "Property Type                    object\n",
       "Old/New                          object\n",
       "Duration                         object\n",
       "Town/City                        object\n",
       "District                         object\n",
       "County                           object\n",
       "PPD Category Type                object\n",
       "Country                          object\n",
       "current_energy_rating            object\n",
       "construction_age_band            object\n",
       "total_floor_area                float64\n",
       "energy_tariff                    object\n",
       "areacode                         object\n",
       "day                               int64\n",
       "month                             int64\n",
       "year                              int64\n",
       "county_rank                       int64\n",
       "dtype: object"
      ]
     },
     "execution_count": 75,
     "metadata": {},
     "output_type": "execute_result"
    }
   ],
   "source": [
    "df_final.dtypes"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 76,
   "id": "d035409f",
   "metadata": {},
   "outputs": [],
   "source": [
    "lbl_cols = ['Duration','Old/New','PPD\\xa0Category Type']\n",
    "df_final[lbl_cols] = df_final[lbl_cols].apply(LabelEncoder().fit_transform)"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 77,
   "id": "953d6a17",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "text/plain": [
       "PointbiserialrResult(correlation=-0.15758437984589602, pvalue=0.0)"
      ]
     },
     "execution_count": 77,
     "metadata": {},
     "output_type": "execute_result"
    }
   ],
   "source": [
    "#calculating the pount biserial relationship between price and duration\n",
    "stats.pointbiserialr(df_final['Duration'], df_final['Price'])"
   ]
  },
  {
   "cell_type": "markdown",
   "id": "7667c239",
   "metadata": {},
   "source": [
    "Since the correlation coefficient is negative, this indicates that when the variable Duration takes on the value “1” that the variable y tends to take on lower values compared to when the variable Duration takes on the value “0.” <br/>\n",
    "##### Since the p-value of this correlation is  less than .05, this correlation is statistically significant. "
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 78,
   "id": "69464029",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "text/plain": [
       "PointbiserialrResult(correlation=0.03814508614481268, pvalue=1.4709251984730342e-69)"
      ]
     },
     "execution_count": 78,
     "metadata": {},
     "output_type": "execute_result"
    }
   ],
   "source": [
    "#calculating the pount biserial relationship between price and Old/New\n",
    "stats.pointbiserialr(df_final['Old/New'], df_final['Price'])"
   ]
  },
  {
   "cell_type": "markdown",
   "id": "da6dccdb",
   "metadata": {},
   "source": [
    "Since the correlation coefficient is positive, this indicates that when the variable old/new takes on the value “1” that the variable y tends to take on higher values compared to when the variable Duration takes on the value “0.”\n",
    "\n",
    "##### Since the p-value of this correlation is less than .05, this correlation is statistically significant."
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 79,
   "id": "c0f93002",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "text/plain": [
       "PointbiserialrResult(correlation=-0.09294680132913051, pvalue=0.0)"
      ]
     },
     "execution_count": 79,
     "metadata": {},
     "output_type": "execute_result"
    }
   ],
   "source": [
    "#calculating the pount biserial relationship between price and PPD category type\n",
    "stats.pointbiserialr(df_final['PPD\\xa0Category Type'], df_final['Price'])"
   ]
  },
  {
   "cell_type": "markdown",
   "id": "e95463f6",
   "metadata": {},
   "source": [
    "Since the correlation coefficient is negative, this indicates that when the variable PPD category type takes on the value “1” that the variable y tends to take on lower values compared to when the variable Duration takes on the value “0.” <br/>\n",
    "##### Since the p-value of this correlation is  less than .05, this correlation is statistically significant. "
   ]
  },
  {
   "cell_type": "markdown",
   "id": "d58472d3",
   "metadata": {},
   "source": [
    "#### Using ANOVA tests\n",
    "\n",
    "Null hypothesis(H0): The variables are not correlated with each other <br/>\n",
    "Alternate hypothesis (HA) : The variables are correlated withe ach other <br/><br/>\n",
    "P-value: The probability of Null hypothesis being true<br/>\n",
    "Accept Null hypothesis if P-value>0.05. Means variables are NOT correlated<br/>\n",
    "Reject Null hypothesis if P-value<0.05. Means variables are correlated"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 80,
   "id": "2566176a",
   "metadata": {},
   "outputs": [],
   "source": [
    "#finding the correlation between categorical variables and continous variable using ANOVA tests\n",
    "# creating a category list for property type\n",
    "cat_group=df_final.groupby('Property Type')['Price'].apply(list)"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 81,
   "id": "5e1c9603",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "text/plain": [
       "Property Type\n",
       "D    [95000, 430000, 342500, 399950, 299950, 340000...\n",
       "F    [42500, 80000, 260000, 202500, 272500, 98500, ...\n",
       "O    [940000, 425000, 155000, 435000, 315000, 47112...\n",
       "S    [160000, 315000, 142000, 180000, 147500, 11500...\n",
       "T    [90000, 250000, 115000, 145000, 255000, 120000...\n",
       "Name: Price, dtype: object"
      ]
     },
     "execution_count": 81,
     "metadata": {},
     "output_type": "execute_result"
    }
   ],
   "source": [
    "cat_group"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 82,
   "id": "35826387",
   "metadata": {},
   "outputs": [
    {
     "name": "stdout",
     "output_type": "stream",
     "text": [
      "P-Value for Anova is:  0.0\n"
     ]
    }
   ],
   "source": [
    "AnovaResults = f_oneway(*cat_group)\n",
    "print('P-Value for Anova is: ', AnovaResults[1])"
   ]
  },
  {
   "cell_type": "markdown",
   "id": "675fdad8",
   "metadata": {},
   "source": [
    "P-value is zero, hence, we reject H0.Thus, Property type are correlated with Price"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 83,
   "id": "722e638e",
   "metadata": {},
   "outputs": [],
   "source": [
    "#finding the correlation between categorical variables and continous variable using ANOVA tests\n",
    "# creating a category list for current_energy_rating \n",
    "cat_group_1=df_final.groupby('current_energy_rating')['Price'].apply(list)"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 84,
   "id": "bbc6057d",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "text/plain": [
       "current_energy_rating\n",
       "0    [250000, 160000, 95000, 42500, 312000, 228000,...\n",
       "A    [398000, 315000, 326000, 545000, 314000, 49000...\n",
       "B    [235000, 340000, 163500, 200000, 362500, 29500...\n",
       "C    [142000, 180000, 145000, 160000, 185000, 16000...\n",
       "D    [315000, 255000, 147500, 115000, 430000, 26200...\n",
       "E    [90000, 120000, 410000, 278000, 260000, 220000...\n",
       "F    [163000, 305000, 120000, 428000, 285000, 18495...\n",
       "G    [115000, 185000, 170000, 235000, 430000, 13750...\n",
       "Name: Price, dtype: object"
      ]
     },
     "execution_count": 84,
     "metadata": {},
     "output_type": "execute_result"
    }
   ],
   "source": [
    "cat_group_1"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 85,
   "id": "52dd5609",
   "metadata": {},
   "outputs": [
    {
     "name": "stdout",
     "output_type": "stream",
     "text": [
      "P-Value for Anova is:  1.2195400678904125e-233\n"
     ]
    }
   ],
   "source": [
    "AnovaResults = f_oneway(*cat_group_1)\n",
    "print('P-Value for Anova is: ', AnovaResults[1])"
   ]
  },
  {
   "cell_type": "markdown",
   "id": "04483d07",
   "metadata": {},
   "source": [
    "P-value is zero, hence, we reject H0.Thus, Energy Rating are correlated with Price"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 86,
   "id": "489c3c91",
   "metadata": {},
   "outputs": [],
   "source": [
    "#finding the correlation between categorical variables and continous variable using ANOVA tests\n",
    "# creating a category list for construction_age_band \n",
    "cat_group_2=df_final.groupby('construction_age_band')['Price'].apply(list)"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 87,
   "id": "9292ff11",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "text/plain": [
       "construction_age_band\n",
       " 1900-1929       [90000, 115000, 255000, 120000, 262000, 245000...\n",
       " 1930-1949       [160000, 175000, 128000, 365000, 220000, 17350...\n",
       " 1950-1966       [315000, 115000, 430000, 133000, 170000, 41500...\n",
       " 1967-1975       [180000, 160000, 227000, 220000, 287500, 26500...\n",
       " 1976-1982       [147500, 333000, 425000, 165000, 260000, 24000...\n",
       " 1983-1990       [98500, 220000, 158000, 415000, 218000, 280000...\n",
       " 1991-1995       [145000, 541000, 195000, 228000, 235000, 70000...\n",
       " 1996-2002       [340000, 360000, 270000, 380000, 445000, 55000...\n",
       " 2003-2006       [295000, 350000, 250000, 220000, 335000, 13100...\n",
       " 2007 onwards    [114000, 285000, 380000, 405001, 285000, 31500...\n",
       " 2007-2011       [142000, 272000, 360000, 240000, 499999, 33000...\n",
       " 2012 onwards    [185000, 515000, 425000, 219950, 225000, 14000...\n",
       " before 1900     [410000, 427500, 260000, 295000, 202500, 40000...\n",
       "Name: Price, dtype: object"
      ]
     },
     "execution_count": 87,
     "metadata": {},
     "output_type": "execute_result"
    }
   ],
   "source": [
    "cat_group_2"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 88,
   "id": "e49c2e67",
   "metadata": {},
   "outputs": [
    {
     "name": "stdout",
     "output_type": "stream",
     "text": [
      "P-Value for Anova is:  0.0\n"
     ]
    }
   ],
   "source": [
    "AnovaResults = f_oneway(*cat_group_2)\n",
    "print('P-Value for Anova is: ', AnovaResults[1])"
   ]
  },
  {
   "cell_type": "markdown",
   "id": "a6365d23",
   "metadata": {},
   "source": [
    "P-value is zero, hence, we reject H0.Thus, construction_age_band  are correlated with Price"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 89,
   "id": "224a3946",
   "metadata": {},
   "outputs": [],
   "source": [
    "#finding the correlation between categorical variables and continous variable using ANOVA tests\n",
    "# creating a category list for current_energy_rating \n",
    "cat_group_3=df_final.groupby('energy_tariff')['Price'].apply(list)"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 90,
   "id": "46fb63e1",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "text/plain": [
       "energy_tariff\n",
       "24 hour                [165000, 232000, 640000, 720000, 83000, 84000]\n",
       "Single              [315000, 115000, 142000, 180000, 145000, 25500...\n",
       "Unknown             [250000, 160000, 95000, 430000, 42500, 312000,...\n",
       "dual                [90000, 287500, 295000, 245000, 98500, 220000,...\n",
       "dual (24 hour)      [330000, 246000, 265000, 265000, 117000, 10000...\n",
       "off-peak 10 hour    [427500, 460000, 225000, 600000, 300000, 69500...\n",
       "off-peak 18 hour    [775000, 337500, 170000, 495000, 215000, 48500...\n",
       "off-peak 7 hour     [170000, 484999, 285000, 425000, 375000, 18400...\n",
       "standard tariff     [158000, 218000, 235000, 725000, 340000, 16000...\n",
       "Name: Price, dtype: object"
      ]
     },
     "execution_count": 90,
     "metadata": {},
     "output_type": "execute_result"
    }
   ],
   "source": [
    "cat_group_3"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 91,
   "id": "99aa7161",
   "metadata": {},
   "outputs": [
    {
     "name": "stdout",
     "output_type": "stream",
     "text": [
      "P-Value for Anova is:  3.2217334594631206e-143\n"
     ]
    }
   ],
   "source": [
    "AnovaResults = f_oneway(*cat_group_3)\n",
    "print('P-Value for Anova is: ', AnovaResults[1])"
   ]
  },
  {
   "cell_type": "markdown",
   "id": "590cbd8f",
   "metadata": {},
   "source": [
    "P-value is zero, hence, we reject H0.Thus,energy_tariff  are correlated with Price"
   ]
  },
  {
   "cell_type": "markdown",
   "id": "3136ec8f",
   "metadata": {},
   "source": [
    "### Applying different machine learning models"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 93,
   "id": "2ce32ad7",
   "metadata": {},
   "outputs": [],
   "source": [
    "#dropping the country column\n",
    "df_final.drop(\"Country\",axis=1,inplace=True)"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 94,
   "id": "a37573a3",
   "metadata": {},
   "outputs": [],
   "source": [
    "#one hot encoding\n",
    "dummy_df = pd.get_dummies(df_final, prefix={'Property Type':'Property_Type',\n",
    "                                      'District':'District',\n",
    "                                            'Town/City':'Town/City',\n",
    "                                      'County':'County',\n",
    "                                      'current_energy_rating':'current_energy_rating',\n",
    "                                      'construction_age_band':'construction_age_band',\n",
    "                                      'construction_age_band':'construction_age_band',\n",
    "                                     'energy_tariff':'energy_tariff',\n",
    "                                     'areacode':'areacode'})"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 95,
   "id": "e9866860",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "text/html": [
       "<div>\n",
       "<style scoped>\n",
       "    .dataframe tbody tr th:only-of-type {\n",
       "        vertical-align: middle;\n",
       "    }\n",
       "\n",
       "    .dataframe tbody tr th {\n",
       "        vertical-align: top;\n",
       "    }\n",
       "\n",
       "    .dataframe thead th {\n",
       "        text-align: right;\n",
       "    }\n",
       "</style>\n",
       "<table border=\"1\" class=\"dataframe\">\n",
       "  <thead>\n",
       "    <tr style=\"text-align: right;\">\n",
       "      <th></th>\n",
       "      <th>Price</th>\n",
       "      <th>Date of Transfer</th>\n",
       "      <th>Old/New</th>\n",
       "      <th>Duration</th>\n",
       "      <th>PPD Category Type</th>\n",
       "      <th>total_floor_area</th>\n",
       "      <th>day</th>\n",
       "      <th>month</th>\n",
       "      <th>year</th>\n",
       "      <th>county_rank</th>\n",
       "      <th>...</th>\n",
       "      <th>areacode_YO32</th>\n",
       "      <th>areacode_YO41</th>\n",
       "      <th>areacode_YO42</th>\n",
       "      <th>areacode_YO43</th>\n",
       "      <th>areacode_YO51</th>\n",
       "      <th>areacode_YO60</th>\n",
       "      <th>areacode_YO61</th>\n",
       "      <th>areacode_YO62</th>\n",
       "      <th>areacode_YO7</th>\n",
       "      <th>areacode_YO8</th>\n",
       "    </tr>\n",
       "  </thead>\n",
       "  <tbody>\n",
       "    <tr>\n",
       "      <th>1</th>\n",
       "      <td>90000</td>\n",
       "      <td>2022-02-22</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>79.0</td>\n",
       "      <td>22</td>\n",
       "      <td>2</td>\n",
       "      <td>2022</td>\n",
       "      <td>67</td>\n",
       "      <td>...</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>2</th>\n",
       "      <td>250000</td>\n",
       "      <td>2022-02-04</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0.0</td>\n",
       "      <td>4</td>\n",
       "      <td>2</td>\n",
       "      <td>2022</td>\n",
       "      <td>97</td>\n",
       "      <td>...</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>3</th>\n",
       "      <td>160000</td>\n",
       "      <td>2022-04-25</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0.0</td>\n",
       "      <td>25</td>\n",
       "      <td>4</td>\n",
       "      <td>2022</td>\n",
       "      <td>97</td>\n",
       "      <td>...</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>4</th>\n",
       "      <td>315000</td>\n",
       "      <td>2022-02-28</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>75.0</td>\n",
       "      <td>28</td>\n",
       "      <td>2</td>\n",
       "      <td>2022</td>\n",
       "      <td>97</td>\n",
       "      <td>...</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>6</th>\n",
       "      <td>115000</td>\n",
       "      <td>2022-04-29</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>80.0</td>\n",
       "      <td>29</td>\n",
       "      <td>4</td>\n",
       "      <td>2022</td>\n",
       "      <td>97</td>\n",
       "      <td>...</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "    </tr>\n",
       "  </tbody>\n",
       "</table>\n",
       "<p>5 rows × 3889 columns</p>\n",
       "</div>"
      ],
      "text/plain": [
       "    Price Date of Transfer  Old/New  Duration  PPD Category Type  \\\n",
       "1   90000       2022-02-22        0         0                  0   \n",
       "2  250000       2022-02-04        0         0                  0   \n",
       "3  160000       2022-04-25        0         0                  0   \n",
       "4  315000       2022-02-28        0         0                  0   \n",
       "6  115000       2022-04-29        0         0                  0   \n",
       "\n",
       "   total_floor_area  day  month  year  county_rank  ...  areacode_YO32  \\\n",
       "1              79.0   22      2  2022           67  ...              0   \n",
       "2               0.0    4      2  2022           97  ...              0   \n",
       "3               0.0   25      4  2022           97  ...              0   \n",
       "4              75.0   28      2  2022           97  ...              0   \n",
       "6              80.0   29      4  2022           97  ...              0   \n",
       "\n",
       "   areacode_YO41  areacode_YO42  areacode_YO43  areacode_YO51  areacode_YO60  \\\n",
       "1              0              0              0              0              0   \n",
       "2              0              0              0              0              0   \n",
       "3              0              0              0              0              0   \n",
       "4              0              0              0              0              0   \n",
       "6              0              0              0              0              0   \n",
       "\n",
       "   areacode_YO61  areacode_YO62  areacode_YO7  areacode_YO8  \n",
       "1              0              0             0             0  \n",
       "2              0              0             0             0  \n",
       "3              0              0             0             0  \n",
       "4              0              0             0             0  \n",
       "6              0              0             0             0  \n",
       "\n",
       "[5 rows x 3889 columns]"
      ]
     },
     "execution_count": 95,
     "metadata": {},
     "output_type": "execute_result"
    }
   ],
   "source": [
    "#checking the top 5 rows\n",
    "dummy_df.head()"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 96,
   "id": "163c41ea",
   "metadata": {},
   "outputs": [],
   "source": [
    "#splitting the data into dependent and independent data\n",
    "X = dummy_df.drop(['Price','Date of Transfer','day','month','year'],axis=1)\n",
    "y =dummy_df['Price']"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 97,
   "id": "12bfd2c0",
   "metadata": {},
   "outputs": [
    {
     "name": "stdout",
     "output_type": "stream",
     "text": [
      "Shape of X : (213440, 3884)\n",
      "Shape of y : (213440,)\n"
     ]
    }
   ],
   "source": [
    "#printing the shape\n",
    "print(\"Shape of X :\",X.shape)\n",
    "print(\"Shape of y :\",y.shape)"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 98,
   "id": "03f74d3a",
   "metadata": {},
   "outputs": [],
   "source": [
    "#scaling the dataset\n",
    "sc_X = MinMaxScaler()\n",
    "sc_y = MinMaxScaler()\n",
    "X_scaled = sc_X.fit_transform(X)\n",
    "y_scaled = sc_y.fit_transform(df_final[['Price']])"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 99,
   "id": "ca42d1d7",
   "metadata": {},
   "outputs": [],
   "source": [
    "#splitting into train and test split\n",
    "X_train,X_test,y_train,y_test = train_test_split(X_scaled,y_scaled,test_size=0.2)"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 100,
   "id": "177ff32f",
   "metadata": {},
   "outputs": [
    {
     "name": "stdout",
     "output_type": "stream",
     "text": [
      "Length of X train : 170752\n",
      "Length of X test : 42688\n",
      "Length of y train : 170752\n",
      "Length of y test : 42688\n"
     ]
    }
   ],
   "source": [
    "#checking the shape\n",
    "print(\"Length of X train :\",len(X_train))\n",
    "print(\"Length of X test :\",len(X_test))\n",
    "print(\"Length of y train :\",len(y_train))\n",
    "print(\"Length of y test :\",len(y_test))"
   ]
  },
  {
   "cell_type": "markdown",
   "id": "13e04e74",
   "metadata": {},
   "source": [
    "#### Random Forest Regressor"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 101,
   "id": "ada8edff",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "text/html": [
       "<style>#sk-container-id-1 {color: black;background-color: white;}#sk-container-id-1 pre{padding: 0;}#sk-container-id-1 div.sk-toggleable {background-color: white;}#sk-container-id-1 label.sk-toggleable__label {cursor: pointer;display: block;width: 100%;margin-bottom: 0;padding: 0.3em;box-sizing: border-box;text-align: center;}#sk-container-id-1 label.sk-toggleable__label-arrow:before {content: \"▸\";float: left;margin-right: 0.25em;color: #696969;}#sk-container-id-1 label.sk-toggleable__label-arrow:hover:before {color: black;}#sk-container-id-1 div.sk-estimator:hover label.sk-toggleable__label-arrow:before {color: black;}#sk-container-id-1 div.sk-toggleable__content {max-height: 0;max-width: 0;overflow: hidden;text-align: left;background-color: #f0f8ff;}#sk-container-id-1 div.sk-toggleable__content pre {margin: 0.2em;color: black;border-radius: 0.25em;background-color: #f0f8ff;}#sk-container-id-1 input.sk-toggleable__control:checked~div.sk-toggleable__content {max-height: 200px;max-width: 100%;overflow: auto;}#sk-container-id-1 input.sk-toggleable__control:checked~label.sk-toggleable__label-arrow:before {content: \"▾\";}#sk-container-id-1 div.sk-estimator input.sk-toggleable__control:checked~label.sk-toggleable__label {background-color: #d4ebff;}#sk-container-id-1 div.sk-label input.sk-toggleable__control:checked~label.sk-toggleable__label {background-color: #d4ebff;}#sk-container-id-1 input.sk-hidden--visually {border: 0;clip: rect(1px 1px 1px 1px);clip: rect(1px, 1px, 1px, 1px);height: 1px;margin: -1px;overflow: hidden;padding: 0;position: absolute;width: 1px;}#sk-container-id-1 div.sk-estimator {font-family: monospace;background-color: #f0f8ff;border: 1px dotted black;border-radius: 0.25em;box-sizing: border-box;margin-bottom: 0.5em;}#sk-container-id-1 div.sk-estimator:hover {background-color: #d4ebff;}#sk-container-id-1 div.sk-parallel-item::after {content: \"\";width: 100%;border-bottom: 1px solid gray;flex-grow: 1;}#sk-container-id-1 div.sk-label:hover label.sk-toggleable__label {background-color: #d4ebff;}#sk-container-id-1 div.sk-serial::before {content: \"\";position: absolute;border-left: 1px solid gray;box-sizing: border-box;top: 0;bottom: 0;left: 50%;z-index: 0;}#sk-container-id-1 div.sk-serial {display: flex;flex-direction: column;align-items: center;background-color: white;padding-right: 0.2em;padding-left: 0.2em;position: relative;}#sk-container-id-1 div.sk-item {position: relative;z-index: 1;}#sk-container-id-1 div.sk-parallel {display: flex;align-items: stretch;justify-content: center;background-color: white;position: relative;}#sk-container-id-1 div.sk-item::before, #sk-container-id-1 div.sk-parallel-item::before {content: \"\";position: absolute;border-left: 1px solid gray;box-sizing: border-box;top: 0;bottom: 0;left: 50%;z-index: -1;}#sk-container-id-1 div.sk-parallel-item {display: flex;flex-direction: column;z-index: 1;position: relative;background-color: white;}#sk-container-id-1 div.sk-parallel-item:first-child::after {align-self: flex-end;width: 50%;}#sk-container-id-1 div.sk-parallel-item:last-child::after {align-self: flex-start;width: 50%;}#sk-container-id-1 div.sk-parallel-item:only-child::after {width: 0;}#sk-container-id-1 div.sk-dashed-wrapped {border: 1px dashed gray;margin: 0 0.4em 0.5em 0.4em;box-sizing: border-box;padding-bottom: 0.4em;background-color: white;}#sk-container-id-1 div.sk-label label {font-family: monospace;font-weight: bold;display: inline-block;line-height: 1.2em;}#sk-container-id-1 div.sk-label-container {text-align: center;}#sk-container-id-1 div.sk-container {/* jupyter's `normalize.less` sets `[hidden] { display: none; }` but bootstrap.min.css set `[hidden] { display: none !important; }` so we also need the `!important` here to be able to override the default hidden behavior on the sphinx rendered scikit-learn.org. See: https://github.com/scikit-learn/scikit-learn/issues/21755 */display: inline-block !important;position: relative;}#sk-container-id-1 div.sk-text-repr-fallback {display: none;}</style><div id=\"sk-container-id-1\" class=\"sk-top-container\"><div class=\"sk-text-repr-fallback\"><pre>RandomForestRegressor()</pre><b>In a Jupyter environment, please rerun this cell to show the HTML representation or trust the notebook. <br />On GitHub, the HTML representation is unable to render, please try loading this page with nbviewer.org.</b></div><div class=\"sk-container\" hidden><div class=\"sk-item\"><div class=\"sk-estimator sk-toggleable\"><input class=\"sk-toggleable__control sk-hidden--visually\" id=\"sk-estimator-id-1\" type=\"checkbox\" checked><label for=\"sk-estimator-id-1\" class=\"sk-toggleable__label sk-toggleable__label-arrow\">RandomForestRegressor</label><div class=\"sk-toggleable__content\"><pre>RandomForestRegressor()</pre></div></div></div></div></div>"
      ],
      "text/plain": [
       "RandomForestRegressor()"
      ]
     },
     "execution_count": 101,
     "metadata": {},
     "output_type": "execute_result"
    }
   ],
   "source": [
    "#applying random forest regressor\n",
    "randomfr = RandomForestRegressor()\n",
    "randomfr.fit(X_train, y_train)"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 102,
   "id": "24599095",
   "metadata": {},
   "outputs": [],
   "source": [
    "#predicting the test data\n",
    "y_pred = randomfr.predict(X_test)"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 103,
   "id": "6d9492c1",
   "metadata": {},
   "outputs": [
    {
     "name": "stdout",
     "output_type": "stream",
     "text": [
      "Mean Absolute Error: 0.06218586146351945\n",
      "Mean Squared Error: 0.009524752364211374\n",
      "Root Mean Squared Error: 0.09759483779489248\n",
      "Accuracy Score : 0.7299776677246597\n"
     ]
    }
   ],
   "source": [
    "#checking the accuracy\n",
    "MAE_RF =metrics.mean_absolute_error(y_test, y_pred)\n",
    "print('Mean Absolute Error:', MAE_RF)\n",
    "MSE_RF =metrics.mean_squared_error(y_test, y_pred)\n",
    "print('Mean Squared Error:', MSE_RF)\n",
    "RMSE_RF=np.sqrt(metrics.mean_squared_error(y_test, y_pred))\n",
    "print('Root Mean Squared Error:', RMSE_RF)\n",
    "ACC_RF =metrics.r2_score(y_test,y_pred)\n",
    "print('Accuracy Score :',ACC_RF)"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 104,
   "id": "2e208d4e",
   "metadata": {},
   "outputs": [],
   "source": [
    "# Create the parameter grid based on the results of random search \n",
    "param_grid = {\n",
    "    'bootstrap': [True],\n",
    "    'max_depth': [80, 90, 100, 110],\n",
    "    'max_features': [2, 3],\n",
    "    'min_samples_leaf': [3, 4, 5],\n",
    "    'min_samples_split': [8, 10, 12],\n",
    "    'n_estimators': [100, 200, 300, 1000]\n",
    "}\n",
    "# Create a based model\n",
    "rf = RandomForestRegressor()\n",
    "# Instantiate the grid search model\n",
    "random_search = HalvingRandomSearchCV(rf,param_grid, n_jobs=-1, factor=3)"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 105,
   "id": "52ffedee",
   "metadata": {
    "scrolled": true
   },
   "outputs": [
    {
     "data": {
      "text/html": [
       "<style>#sk-container-id-2 {color: black;background-color: white;}#sk-container-id-2 pre{padding: 0;}#sk-container-id-2 div.sk-toggleable {background-color: white;}#sk-container-id-2 label.sk-toggleable__label {cursor: pointer;display: block;width: 100%;margin-bottom: 0;padding: 0.3em;box-sizing: border-box;text-align: center;}#sk-container-id-2 label.sk-toggleable__label-arrow:before {content: \"▸\";float: left;margin-right: 0.25em;color: #696969;}#sk-container-id-2 label.sk-toggleable__label-arrow:hover:before {color: black;}#sk-container-id-2 div.sk-estimator:hover label.sk-toggleable__label-arrow:before {color: black;}#sk-container-id-2 div.sk-toggleable__content {max-height: 0;max-width: 0;overflow: hidden;text-align: left;background-color: #f0f8ff;}#sk-container-id-2 div.sk-toggleable__content pre {margin: 0.2em;color: black;border-radius: 0.25em;background-color: #f0f8ff;}#sk-container-id-2 input.sk-toggleable__control:checked~div.sk-toggleable__content {max-height: 200px;max-width: 100%;overflow: auto;}#sk-container-id-2 input.sk-toggleable__control:checked~label.sk-toggleable__label-arrow:before {content: \"▾\";}#sk-container-id-2 div.sk-estimator input.sk-toggleable__control:checked~label.sk-toggleable__label {background-color: #d4ebff;}#sk-container-id-2 div.sk-label input.sk-toggleable__control:checked~label.sk-toggleable__label {background-color: #d4ebff;}#sk-container-id-2 input.sk-hidden--visually {border: 0;clip: rect(1px 1px 1px 1px);clip: rect(1px, 1px, 1px, 1px);height: 1px;margin: -1px;overflow: hidden;padding: 0;position: absolute;width: 1px;}#sk-container-id-2 div.sk-estimator {font-family: monospace;background-color: #f0f8ff;border: 1px dotted black;border-radius: 0.25em;box-sizing: border-box;margin-bottom: 0.5em;}#sk-container-id-2 div.sk-estimator:hover {background-color: #d4ebff;}#sk-container-id-2 div.sk-parallel-item::after {content: \"\";width: 100%;border-bottom: 1px solid gray;flex-grow: 1;}#sk-container-id-2 div.sk-label:hover label.sk-toggleable__label {background-color: #d4ebff;}#sk-container-id-2 div.sk-serial::before {content: \"\";position: absolute;border-left: 1px solid gray;box-sizing: border-box;top: 0;bottom: 0;left: 50%;z-index: 0;}#sk-container-id-2 div.sk-serial {display: flex;flex-direction: column;align-items: center;background-color: white;padding-right: 0.2em;padding-left: 0.2em;position: relative;}#sk-container-id-2 div.sk-item {position: relative;z-index: 1;}#sk-container-id-2 div.sk-parallel {display: flex;align-items: stretch;justify-content: center;background-color: white;position: relative;}#sk-container-id-2 div.sk-item::before, #sk-container-id-2 div.sk-parallel-item::before {content: \"\";position: absolute;border-left: 1px solid gray;box-sizing: border-box;top: 0;bottom: 0;left: 50%;z-index: -1;}#sk-container-id-2 div.sk-parallel-item {display: flex;flex-direction: column;z-index: 1;position: relative;background-color: white;}#sk-container-id-2 div.sk-parallel-item:first-child::after {align-self: flex-end;width: 50%;}#sk-container-id-2 div.sk-parallel-item:last-child::after {align-self: flex-start;width: 50%;}#sk-container-id-2 div.sk-parallel-item:only-child::after {width: 0;}#sk-container-id-2 div.sk-dashed-wrapped {border: 1px dashed gray;margin: 0 0.4em 0.5em 0.4em;box-sizing: border-box;padding-bottom: 0.4em;background-color: white;}#sk-container-id-2 div.sk-label label {font-family: monospace;font-weight: bold;display: inline-block;line-height: 1.2em;}#sk-container-id-2 div.sk-label-container {text-align: center;}#sk-container-id-2 div.sk-container {/* jupyter's `normalize.less` sets `[hidden] { display: none; }` but bootstrap.min.css set `[hidden] { display: none !important; }` so we also need the `!important` here to be able to override the default hidden behavior on the sphinx rendered scikit-learn.org. See: https://github.com/scikit-learn/scikit-learn/issues/21755 */display: inline-block !important;position: relative;}#sk-container-id-2 div.sk-text-repr-fallback {display: none;}</style><div id=\"sk-container-id-2\" class=\"sk-top-container\"><div class=\"sk-text-repr-fallback\"><pre>HalvingRandomSearchCV(estimator=RandomForestRegressor(), n_jobs=-1,\n",
       "                      param_distributions={&#x27;bootstrap&#x27;: [True],\n",
       "                                           &#x27;max_depth&#x27;: [80, 90, 100, 110],\n",
       "                                           &#x27;max_features&#x27;: [2, 3],\n",
       "                                           &#x27;min_samples_leaf&#x27;: [3, 4, 5],\n",
       "                                           &#x27;min_samples_split&#x27;: [8, 10, 12],\n",
       "                                           &#x27;n_estimators&#x27;: [100, 200, 300,\n",
       "                                                            1000]},\n",
       "                      scoring=&#x27;roc_auc&#x27;)</pre><b>In a Jupyter environment, please rerun this cell to show the HTML representation or trust the notebook. <br />On GitHub, the HTML representation is unable to render, please try loading this page with nbviewer.org.</b></div><div class=\"sk-container\" hidden><div class=\"sk-item sk-dashed-wrapped\"><div class=\"sk-label-container\"><div class=\"sk-label sk-toggleable\"><input class=\"sk-toggleable__control sk-hidden--visually\" id=\"sk-estimator-id-2\" type=\"checkbox\" ><label for=\"sk-estimator-id-2\" class=\"sk-toggleable__label sk-toggleable__label-arrow\">HalvingRandomSearchCV</label><div class=\"sk-toggleable__content\"><pre>HalvingRandomSearchCV(estimator=RandomForestRegressor(), n_jobs=-1,\n",
       "                      param_distributions={&#x27;bootstrap&#x27;: [True],\n",
       "                                           &#x27;max_depth&#x27;: [80, 90, 100, 110],\n",
       "                                           &#x27;max_features&#x27;: [2, 3],\n",
       "                                           &#x27;min_samples_leaf&#x27;: [3, 4, 5],\n",
       "                                           &#x27;min_samples_split&#x27;: [8, 10, 12],\n",
       "                                           &#x27;n_estimators&#x27;: [100, 200, 300,\n",
       "                                                            1000]},\n",
       "                      scoring=&#x27;roc_auc&#x27;)</pre></div></div></div><div class=\"sk-parallel\"><div class=\"sk-parallel-item\"><div class=\"sk-item\"><div class=\"sk-label-container\"><div class=\"sk-label sk-toggleable\"><input class=\"sk-toggleable__control sk-hidden--visually\" id=\"sk-estimator-id-3\" type=\"checkbox\" ><label for=\"sk-estimator-id-3\" class=\"sk-toggleable__label sk-toggleable__label-arrow\">estimator: RandomForestRegressor</label><div class=\"sk-toggleable__content\"><pre>RandomForestRegressor()</pre></div></div></div><div class=\"sk-serial\"><div class=\"sk-item\"><div class=\"sk-estimator sk-toggleable\"><input class=\"sk-toggleable__control sk-hidden--visually\" id=\"sk-estimator-id-4\" type=\"checkbox\" ><label for=\"sk-estimator-id-4\" class=\"sk-toggleable__label sk-toggleable__label-arrow\">RandomForestRegressor</label><div class=\"sk-toggleable__content\"><pre>RandomForestRegressor()</pre></div></div></div></div></div></div></div></div></div></div>"
      ],
      "text/plain": [
       "HalvingRandomSearchCV(estimator=RandomForestRegressor(), n_jobs=-1,\n",
       "                      param_distributions={'bootstrap': [True],\n",
       "                                           'max_depth': [80, 90, 100, 110],\n",
       "                                           'max_features': [2, 3],\n",
       "                                           'min_samples_leaf': [3, 4, 5],\n",
       "                                           'min_samples_split': [8, 10, 12],\n",
       "                                           'n_estimators': [100, 200, 300,\n",
       "                                                            1000]},\n",
       "                      scoring='roc_auc')"
      ]
     },
     "execution_count": 105,
     "metadata": {},
     "output_type": "execute_result"
    }
   ],
   "source": [
    "# Fit the grid search to the data\n",
    "random_search.fit(X_train, y_train)"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 106,
   "id": "0698c369",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "text/plain": [
       "{'n_estimators': 300,\n",
       " 'min_samples_split': 12,\n",
       " 'min_samples_leaf': 5,\n",
       " 'max_features': 3,\n",
       " 'max_depth': 110,\n",
       " 'bootstrap': True}"
      ]
     },
     "execution_count": 106,
     "metadata": {},
     "output_type": "execute_result"
    }
   ],
   "source": [
    "#finding the best parameters\n",
    "random_search.best_params_"
   ]
  },
  {
   "cell_type": "markdown",
   "id": "9c03df01",
   "metadata": {},
   "source": [
    "Best Parameters :{'n_estimators': 300,\n",
    " 'min_samples_split': 12,\n",
    " 'min_samples_leaf': 5,\n",
    " 'max_features': 3,\n",
    " 'max_depth': 110,\n",
    " 'bootstrap': True}"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 107,
   "id": "7c31d98b",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "text/html": [
       "<style>#sk-container-id-3 {color: black;background-color: white;}#sk-container-id-3 pre{padding: 0;}#sk-container-id-3 div.sk-toggleable {background-color: white;}#sk-container-id-3 label.sk-toggleable__label {cursor: pointer;display: block;width: 100%;margin-bottom: 0;padding: 0.3em;box-sizing: border-box;text-align: center;}#sk-container-id-3 label.sk-toggleable__label-arrow:before {content: \"▸\";float: left;margin-right: 0.25em;color: #696969;}#sk-container-id-3 label.sk-toggleable__label-arrow:hover:before {color: black;}#sk-container-id-3 div.sk-estimator:hover label.sk-toggleable__label-arrow:before {color: black;}#sk-container-id-3 div.sk-toggleable__content {max-height: 0;max-width: 0;overflow: hidden;text-align: left;background-color: #f0f8ff;}#sk-container-id-3 div.sk-toggleable__content pre {margin: 0.2em;color: black;border-radius: 0.25em;background-color: #f0f8ff;}#sk-container-id-3 input.sk-toggleable__control:checked~div.sk-toggleable__content {max-height: 200px;max-width: 100%;overflow: auto;}#sk-container-id-3 input.sk-toggleable__control:checked~label.sk-toggleable__label-arrow:before {content: \"▾\";}#sk-container-id-3 div.sk-estimator input.sk-toggleable__control:checked~label.sk-toggleable__label {background-color: #d4ebff;}#sk-container-id-3 div.sk-label input.sk-toggleable__control:checked~label.sk-toggleable__label {background-color: #d4ebff;}#sk-container-id-3 input.sk-hidden--visually {border: 0;clip: rect(1px 1px 1px 1px);clip: rect(1px, 1px, 1px, 1px);height: 1px;margin: -1px;overflow: hidden;padding: 0;position: absolute;width: 1px;}#sk-container-id-3 div.sk-estimator {font-family: monospace;background-color: #f0f8ff;border: 1px dotted black;border-radius: 0.25em;box-sizing: border-box;margin-bottom: 0.5em;}#sk-container-id-3 div.sk-estimator:hover {background-color: #d4ebff;}#sk-container-id-3 div.sk-parallel-item::after {content: \"\";width: 100%;border-bottom: 1px solid gray;flex-grow: 1;}#sk-container-id-3 div.sk-label:hover label.sk-toggleable__label {background-color: #d4ebff;}#sk-container-id-3 div.sk-serial::before {content: \"\";position: absolute;border-left: 1px solid gray;box-sizing: border-box;top: 0;bottom: 0;left: 50%;z-index: 0;}#sk-container-id-3 div.sk-serial {display: flex;flex-direction: column;align-items: center;background-color: white;padding-right: 0.2em;padding-left: 0.2em;position: relative;}#sk-container-id-3 div.sk-item {position: relative;z-index: 1;}#sk-container-id-3 div.sk-parallel {display: flex;align-items: stretch;justify-content: center;background-color: white;position: relative;}#sk-container-id-3 div.sk-item::before, #sk-container-id-3 div.sk-parallel-item::before {content: \"\";position: absolute;border-left: 1px solid gray;box-sizing: border-box;top: 0;bottom: 0;left: 50%;z-index: -1;}#sk-container-id-3 div.sk-parallel-item {display: flex;flex-direction: column;z-index: 1;position: relative;background-color: white;}#sk-container-id-3 div.sk-parallel-item:first-child::after {align-self: flex-end;width: 50%;}#sk-container-id-3 div.sk-parallel-item:last-child::after {align-self: flex-start;width: 50%;}#sk-container-id-3 div.sk-parallel-item:only-child::after {width: 0;}#sk-container-id-3 div.sk-dashed-wrapped {border: 1px dashed gray;margin: 0 0.4em 0.5em 0.4em;box-sizing: border-box;padding-bottom: 0.4em;background-color: white;}#sk-container-id-3 div.sk-label label {font-family: monospace;font-weight: bold;display: inline-block;line-height: 1.2em;}#sk-container-id-3 div.sk-label-container {text-align: center;}#sk-container-id-3 div.sk-container {/* jupyter's `normalize.less` sets `[hidden] { display: none; }` but bootstrap.min.css set `[hidden] { display: none !important; }` so we also need the `!important` here to be able to override the default hidden behavior on the sphinx rendered scikit-learn.org. See: https://github.com/scikit-learn/scikit-learn/issues/21755 */display: inline-block !important;position: relative;}#sk-container-id-3 div.sk-text-repr-fallback {display: none;}</style><div id=\"sk-container-id-3\" class=\"sk-top-container\"><div class=\"sk-text-repr-fallback\"><pre>RandomForestRegressor(max_depth=110, max_features=3, min_samples_leaf=5,\n",
       "                      min_samples_split=12, n_estimators=300)</pre><b>In a Jupyter environment, please rerun this cell to show the HTML representation or trust the notebook. <br />On GitHub, the HTML representation is unable to render, please try loading this page with nbviewer.org.</b></div><div class=\"sk-container\" hidden><div class=\"sk-item\"><div class=\"sk-estimator sk-toggleable\"><input class=\"sk-toggleable__control sk-hidden--visually\" id=\"sk-estimator-id-5\" type=\"checkbox\" checked><label for=\"sk-estimator-id-5\" class=\"sk-toggleable__label sk-toggleable__label-arrow\">RandomForestRegressor</label><div class=\"sk-toggleable__content\"><pre>RandomForestRegressor(max_depth=110, max_features=3, min_samples_leaf=5,\n",
       "                      min_samples_split=12, n_estimators=300)</pre></div></div></div></div></div>"
      ],
      "text/plain": [
       "RandomForestRegressor(max_depth=110, max_features=3, min_samples_leaf=5,\n",
       "                      min_samples_split=12, n_estimators=300)"
      ]
     },
     "execution_count": 107,
     "metadata": {},
     "output_type": "execute_result"
    }
   ],
   "source": [
    "#using random forest with best parameters\n",
    "randomfr1 = RandomForestRegressor(bootstrap= True, max_depth= 110, max_features= 3,min_samples_leaf= 5,min_samples_split= 12,n_estimators= 300)\n",
    "randomfr1.fit(X_train, y_train)"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 108,
   "id": "db35d0f9",
   "metadata": {},
   "outputs": [],
   "source": [
    "#predicting the test data\n",
    "y_pred1 = randomfr1.predict(X_test)"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 109,
   "id": "55287a43",
   "metadata": {},
   "outputs": [
    {
     "name": "stdout",
     "output_type": "stream",
     "text": [
      "Mean Absolute Error: 0.12657476102724735\n",
      "Mean Squared Error: 0.027794655718243414\n",
      "Root Mean Squared Error: 0.16671729279904773\n",
      "Accuracy Score : 0.2120343422228571\n"
     ]
    }
   ],
   "source": [
    "#checking the accuracy\n",
    "MAE_RF1 =metrics.mean_absolute_error(y_test, y_pred1)\n",
    "print('Mean Absolute Error:', MAE_RF1)\n",
    "MSE_RF1 =metrics.mean_squared_error(y_test, y_pred1)\n",
    "print('Mean Squared Error:', MSE_RF1)\n",
    "RMSE_RF1=np.sqrt(metrics.mean_squared_error(y_test, y_pred1))\n",
    "print('Root Mean Squared Error:', RMSE_RF1)\n",
    "ACC_RF1 =metrics.r2_score(y_test,y_pred1)\n",
    "print('Accuracy Score :',ACC_RF1)"
   ]
  },
  {
   "cell_type": "markdown",
   "id": "477674a8",
   "metadata": {},
   "source": [
    "#### XGBoost"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 110,
   "id": "45b0e98d",
   "metadata": {},
   "outputs": [],
   "source": [
    "#applying xgboost model\n",
    "XG_model = XGBRegressor()"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 111,
   "id": "0618c4c2",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "text/html": [
       "<style>#sk-container-id-4 {color: black;background-color: white;}#sk-container-id-4 pre{padding: 0;}#sk-container-id-4 div.sk-toggleable {background-color: white;}#sk-container-id-4 label.sk-toggleable__label {cursor: pointer;display: block;width: 100%;margin-bottom: 0;padding: 0.3em;box-sizing: border-box;text-align: center;}#sk-container-id-4 label.sk-toggleable__label-arrow:before {content: \"▸\";float: left;margin-right: 0.25em;color: #696969;}#sk-container-id-4 label.sk-toggleable__label-arrow:hover:before {color: black;}#sk-container-id-4 div.sk-estimator:hover label.sk-toggleable__label-arrow:before {color: black;}#sk-container-id-4 div.sk-toggleable__content {max-height: 0;max-width: 0;overflow: hidden;text-align: left;background-color: #f0f8ff;}#sk-container-id-4 div.sk-toggleable__content pre {margin: 0.2em;color: black;border-radius: 0.25em;background-color: #f0f8ff;}#sk-container-id-4 input.sk-toggleable__control:checked~div.sk-toggleable__content {max-height: 200px;max-width: 100%;overflow: auto;}#sk-container-id-4 input.sk-toggleable__control:checked~label.sk-toggleable__label-arrow:before {content: \"▾\";}#sk-container-id-4 div.sk-estimator input.sk-toggleable__control:checked~label.sk-toggleable__label {background-color: #d4ebff;}#sk-container-id-4 div.sk-label input.sk-toggleable__control:checked~label.sk-toggleable__label {background-color: #d4ebff;}#sk-container-id-4 input.sk-hidden--visually {border: 0;clip: rect(1px 1px 1px 1px);clip: rect(1px, 1px, 1px, 1px);height: 1px;margin: -1px;overflow: hidden;padding: 0;position: absolute;width: 1px;}#sk-container-id-4 div.sk-estimator {font-family: monospace;background-color: #f0f8ff;border: 1px dotted black;border-radius: 0.25em;box-sizing: border-box;margin-bottom: 0.5em;}#sk-container-id-4 div.sk-estimator:hover {background-color: #d4ebff;}#sk-container-id-4 div.sk-parallel-item::after {content: \"\";width: 100%;border-bottom: 1px solid gray;flex-grow: 1;}#sk-container-id-4 div.sk-label:hover label.sk-toggleable__label {background-color: #d4ebff;}#sk-container-id-4 div.sk-serial::before {content: \"\";position: absolute;border-left: 1px solid gray;box-sizing: border-box;top: 0;bottom: 0;left: 50%;z-index: 0;}#sk-container-id-4 div.sk-serial {display: flex;flex-direction: column;align-items: center;background-color: white;padding-right: 0.2em;padding-left: 0.2em;position: relative;}#sk-container-id-4 div.sk-item {position: relative;z-index: 1;}#sk-container-id-4 div.sk-parallel {display: flex;align-items: stretch;justify-content: center;background-color: white;position: relative;}#sk-container-id-4 div.sk-item::before, #sk-container-id-4 div.sk-parallel-item::before {content: \"\";position: absolute;border-left: 1px solid gray;box-sizing: border-box;top: 0;bottom: 0;left: 50%;z-index: -1;}#sk-container-id-4 div.sk-parallel-item {display: flex;flex-direction: column;z-index: 1;position: relative;background-color: white;}#sk-container-id-4 div.sk-parallel-item:first-child::after {align-self: flex-end;width: 50%;}#sk-container-id-4 div.sk-parallel-item:last-child::after {align-self: flex-start;width: 50%;}#sk-container-id-4 div.sk-parallel-item:only-child::after {width: 0;}#sk-container-id-4 div.sk-dashed-wrapped {border: 1px dashed gray;margin: 0 0.4em 0.5em 0.4em;box-sizing: border-box;padding-bottom: 0.4em;background-color: white;}#sk-container-id-4 div.sk-label label {font-family: monospace;font-weight: bold;display: inline-block;line-height: 1.2em;}#sk-container-id-4 div.sk-label-container {text-align: center;}#sk-container-id-4 div.sk-container {/* jupyter's `normalize.less` sets `[hidden] { display: none; }` but bootstrap.min.css set `[hidden] { display: none !important; }` so we also need the `!important` here to be able to override the default hidden behavior on the sphinx rendered scikit-learn.org. See: https://github.com/scikit-learn/scikit-learn/issues/21755 */display: inline-block !important;position: relative;}#sk-container-id-4 div.sk-text-repr-fallback {display: none;}</style><div id=\"sk-container-id-4\" class=\"sk-top-container\"><div class=\"sk-text-repr-fallback\"><pre>XGBRegressor(base_score=0.5, booster=&#x27;gbtree&#x27;, colsample_bylevel=1,\n",
       "             colsample_bynode=1, colsample_bytree=1, enable_categorical=False,\n",
       "             gamma=0, gpu_id=-1, importance_type=None,\n",
       "             interaction_constraints=&#x27;&#x27;, learning_rate=0.300000012,\n",
       "             max_delta_step=0, max_depth=6, min_child_weight=1, missing=nan,\n",
       "             monotone_constraints=&#x27;()&#x27;, n_estimators=100, n_jobs=8,\n",
       "             num_parallel_tree=1, predictor=&#x27;auto&#x27;, random_state=0, reg_alpha=0,\n",
       "             reg_lambda=1, scale_pos_weight=1, subsample=1, tree_method=&#x27;exact&#x27;,\n",
       "             validate_parameters=1, verbosity=None)</pre><b>In a Jupyter environment, please rerun this cell to show the HTML representation or trust the notebook. <br />On GitHub, the HTML representation is unable to render, please try loading this page with nbviewer.org.</b></div><div class=\"sk-container\" hidden><div class=\"sk-item\"><div class=\"sk-estimator sk-toggleable\"><input class=\"sk-toggleable__control sk-hidden--visually\" id=\"sk-estimator-id-6\" type=\"checkbox\" checked><label for=\"sk-estimator-id-6\" class=\"sk-toggleable__label sk-toggleable__label-arrow\">XGBRegressor</label><div class=\"sk-toggleable__content\"><pre>XGBRegressor(base_score=0.5, booster=&#x27;gbtree&#x27;, colsample_bylevel=1,\n",
       "             colsample_bynode=1, colsample_bytree=1, enable_categorical=False,\n",
       "             gamma=0, gpu_id=-1, importance_type=None,\n",
       "             interaction_constraints=&#x27;&#x27;, learning_rate=0.300000012,\n",
       "             max_delta_step=0, max_depth=6, min_child_weight=1, missing=nan,\n",
       "             monotone_constraints=&#x27;()&#x27;, n_estimators=100, n_jobs=8,\n",
       "             num_parallel_tree=1, predictor=&#x27;auto&#x27;, random_state=0, reg_alpha=0,\n",
       "             reg_lambda=1, scale_pos_weight=1, subsample=1, tree_method=&#x27;exact&#x27;,\n",
       "             validate_parameters=1, verbosity=None)</pre></div></div></div></div></div>"
      ],
      "text/plain": [
       "XGBRegressor(base_score=0.5, booster='gbtree', colsample_bylevel=1,\n",
       "             colsample_bynode=1, colsample_bytree=1, enable_categorical=False,\n",
       "             gamma=0, gpu_id=-1, importance_type=None,\n",
       "             interaction_constraints='', learning_rate=0.300000012,\n",
       "             max_delta_step=0, max_depth=6, min_child_weight=1, missing=nan,\n",
       "             monotone_constraints='()', n_estimators=100, n_jobs=8,\n",
       "             num_parallel_tree=1, predictor='auto', random_state=0, reg_alpha=0,\n",
       "             reg_lambda=1, scale_pos_weight=1, subsample=1, tree_method='exact',\n",
       "             validate_parameters=1, verbosity=None)"
      ]
     },
     "execution_count": 111,
     "metadata": {},
     "output_type": "execute_result"
    }
   ],
   "source": [
    "#fitting the dataset\n",
    "XG_model.fit(X_train, y_train)"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 112,
   "id": "4f0128b4",
   "metadata": {},
   "outputs": [],
   "source": [
    "#predicting the x test\n",
    "y_pred2 = XG_model.predict(X_test)"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 113,
   "id": "7aae53af",
   "metadata": {},
   "outputs": [
    {
     "name": "stdout",
     "output_type": "stream",
     "text": [
      "Mean Absolute Error: 0.0647268204437298\n",
      "Mean Squared Error: 0.00938955641592986\n",
      "Root Mean Squared Error: 0.09689972350801554\n",
      "Accuracy Score : 0.7338104104431284\n"
     ]
    }
   ],
   "source": [
    "#checking the accuracy\n",
    "MAE_SVR =metrics.mean_absolute_error(y_test, y_pred2)\n",
    "print('Mean Absolute Error:', MAE_SVR)\n",
    "MSE_SVR =metrics.mean_squared_error(y_test, y_pred2)\n",
    "print('Mean Squared Error:', MSE_SVR)\n",
    "RMSE_SVR=np.sqrt(metrics.mean_squared_error(y_test, y_pred2))\n",
    "print('Root Mean Squared Error:', RMSE_SVR)\n",
    "ACC_SVR =metrics.r2_score(y_test,y_pred2)\n",
    "print('Accuracy Score :',ACC_SVR)"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 114,
   "id": "c1a0b0e9",
   "metadata": {},
   "outputs": [],
   "source": [
    "#hyper parameters\n",
    "hyperparameter_grid = {\n",
    "    'n_estimators': [100, 500, 900, 1100, 1500],\n",
    "    'max_depth': [2, 3, 5, 10, 15],\n",
    "    'learning_rate': [0.05, 0.1, 0.15, 0.20],\n",
    "    'min_child_weight': [1, 2, 3, 4]\n",
    "    }"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 115,
   "id": "d0f9ef02",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "text/html": [
       "<style>#sk-container-id-5 {color: black;background-color: white;}#sk-container-id-5 pre{padding: 0;}#sk-container-id-5 div.sk-toggleable {background-color: white;}#sk-container-id-5 label.sk-toggleable__label {cursor: pointer;display: block;width: 100%;margin-bottom: 0;padding: 0.3em;box-sizing: border-box;text-align: center;}#sk-container-id-5 label.sk-toggleable__label-arrow:before {content: \"▸\";float: left;margin-right: 0.25em;color: #696969;}#sk-container-id-5 label.sk-toggleable__label-arrow:hover:before {color: black;}#sk-container-id-5 div.sk-estimator:hover label.sk-toggleable__label-arrow:before {color: black;}#sk-container-id-5 div.sk-toggleable__content {max-height: 0;max-width: 0;overflow: hidden;text-align: left;background-color: #f0f8ff;}#sk-container-id-5 div.sk-toggleable__content pre {margin: 0.2em;color: black;border-radius: 0.25em;background-color: #f0f8ff;}#sk-container-id-5 input.sk-toggleable__control:checked~div.sk-toggleable__content {max-height: 200px;max-width: 100%;overflow: auto;}#sk-container-id-5 input.sk-toggleable__control:checked~label.sk-toggleable__label-arrow:before {content: \"▾\";}#sk-container-id-5 div.sk-estimator input.sk-toggleable__control:checked~label.sk-toggleable__label {background-color: #d4ebff;}#sk-container-id-5 div.sk-label input.sk-toggleable__control:checked~label.sk-toggleable__label {background-color: #d4ebff;}#sk-container-id-5 input.sk-hidden--visually {border: 0;clip: rect(1px 1px 1px 1px);clip: rect(1px, 1px, 1px, 1px);height: 1px;margin: -1px;overflow: hidden;padding: 0;position: absolute;width: 1px;}#sk-container-id-5 div.sk-estimator {font-family: monospace;background-color: #f0f8ff;border: 1px dotted black;border-radius: 0.25em;box-sizing: border-box;margin-bottom: 0.5em;}#sk-container-id-5 div.sk-estimator:hover {background-color: #d4ebff;}#sk-container-id-5 div.sk-parallel-item::after {content: \"\";width: 100%;border-bottom: 1px solid gray;flex-grow: 1;}#sk-container-id-5 div.sk-label:hover label.sk-toggleable__label {background-color: #d4ebff;}#sk-container-id-5 div.sk-serial::before {content: \"\";position: absolute;border-left: 1px solid gray;box-sizing: border-box;top: 0;bottom: 0;left: 50%;z-index: 0;}#sk-container-id-5 div.sk-serial {display: flex;flex-direction: column;align-items: center;background-color: white;padding-right: 0.2em;padding-left: 0.2em;position: relative;}#sk-container-id-5 div.sk-item {position: relative;z-index: 1;}#sk-container-id-5 div.sk-parallel {display: flex;align-items: stretch;justify-content: center;background-color: white;position: relative;}#sk-container-id-5 div.sk-item::before, #sk-container-id-5 div.sk-parallel-item::before {content: \"\";position: absolute;border-left: 1px solid gray;box-sizing: border-box;top: 0;bottom: 0;left: 50%;z-index: -1;}#sk-container-id-5 div.sk-parallel-item {display: flex;flex-direction: column;z-index: 1;position: relative;background-color: white;}#sk-container-id-5 div.sk-parallel-item:first-child::after {align-self: flex-end;width: 50%;}#sk-container-id-5 div.sk-parallel-item:last-child::after {align-self: flex-start;width: 50%;}#sk-container-id-5 div.sk-parallel-item:only-child::after {width: 0;}#sk-container-id-5 div.sk-dashed-wrapped {border: 1px dashed gray;margin: 0 0.4em 0.5em 0.4em;box-sizing: border-box;padding-bottom: 0.4em;background-color: white;}#sk-container-id-5 div.sk-label label {font-family: monospace;font-weight: bold;display: inline-block;line-height: 1.2em;}#sk-container-id-5 div.sk-label-container {text-align: center;}#sk-container-id-5 div.sk-container {/* jupyter's `normalize.less` sets `[hidden] { display: none; }` but bootstrap.min.css set `[hidden] { display: none !important; }` so we also need the `!important` here to be able to override the default hidden behavior on the sphinx rendered scikit-learn.org. See: https://github.com/scikit-learn/scikit-learn/issues/21755 */display: inline-block !important;position: relative;}#sk-container-id-5 div.sk-text-repr-fallback {display: none;}</style><div id=\"sk-container-id-5\" class=\"sk-top-container\"><div class=\"sk-text-repr-fallback\"><pre>HalvingRandomSearchCV(estimator=XGBRegressor(base_score=0.5, booster=&#x27;gbtree&#x27;,\n",
       "                                             colsample_bylevel=1,\n",
       "                                             colsample_bynode=1,\n",
       "                                             colsample_bytree=1,\n",
       "                                             enable_categorical=False, gamma=0,\n",
       "                                             gpu_id=-1, importance_type=None,\n",
       "                                             interaction_constraints=&#x27;&#x27;,\n",
       "                                             learning_rate=0.300000012,\n",
       "                                             max_delta_step=0, max_depth=6,\n",
       "                                             min_child_weight=1, missing=nan,\n",
       "                                             monotone_constraints=&#x27;()&#x27;,\n",
       "                                             n_estimators...s=8,\n",
       "                                             num_parallel_tree=1,\n",
       "                                             predictor=&#x27;auto&#x27;, random_state=0,\n",
       "                                             reg_alpha=0, reg_lambda=1,\n",
       "                                             scale_pos_weight=1, subsample=1,\n",
       "                                             tree_method=&#x27;exact&#x27;,\n",
       "                                             validate_parameters=1,\n",
       "                                             verbosity=None),\n",
       "                      n_jobs=-1,\n",
       "                      param_distributions={&#x27;learning_rate&#x27;: [0.05, 0.1, 0.15,\n",
       "                                                             0.2],\n",
       "                                           &#x27;max_depth&#x27;: [2, 3, 5, 10, 15],\n",
       "                                           &#x27;min_child_weight&#x27;: [1, 2, 3, 4],\n",
       "                                           &#x27;n_estimators&#x27;: [100, 500, 900, 1100,\n",
       "                                                            1500]},\n",
       "                      scoring=&#x27;roc_auc&#x27;)</pre><b>In a Jupyter environment, please rerun this cell to show the HTML representation or trust the notebook. <br />On GitHub, the HTML representation is unable to render, please try loading this page with nbviewer.org.</b></div><div class=\"sk-container\" hidden><div class=\"sk-item sk-dashed-wrapped\"><div class=\"sk-label-container\"><div class=\"sk-label sk-toggleable\"><input class=\"sk-toggleable__control sk-hidden--visually\" id=\"sk-estimator-id-7\" type=\"checkbox\" ><label for=\"sk-estimator-id-7\" class=\"sk-toggleable__label sk-toggleable__label-arrow\">HalvingRandomSearchCV</label><div class=\"sk-toggleable__content\"><pre>HalvingRandomSearchCV(estimator=XGBRegressor(base_score=0.5, booster=&#x27;gbtree&#x27;,\n",
       "                                             colsample_bylevel=1,\n",
       "                                             colsample_bynode=1,\n",
       "                                             colsample_bytree=1,\n",
       "                                             enable_categorical=False, gamma=0,\n",
       "                                             gpu_id=-1, importance_type=None,\n",
       "                                             interaction_constraints=&#x27;&#x27;,\n",
       "                                             learning_rate=0.300000012,\n",
       "                                             max_delta_step=0, max_depth=6,\n",
       "                                             min_child_weight=1, missing=nan,\n",
       "                                             monotone_constraints=&#x27;()&#x27;,\n",
       "                                             n_estimators...s=8,\n",
       "                                             num_parallel_tree=1,\n",
       "                                             predictor=&#x27;auto&#x27;, random_state=0,\n",
       "                                             reg_alpha=0, reg_lambda=1,\n",
       "                                             scale_pos_weight=1, subsample=1,\n",
       "                                             tree_method=&#x27;exact&#x27;,\n",
       "                                             validate_parameters=1,\n",
       "                                             verbosity=None),\n",
       "                      n_jobs=-1,\n",
       "                      param_distributions={&#x27;learning_rate&#x27;: [0.05, 0.1, 0.15,\n",
       "                                                             0.2],\n",
       "                                           &#x27;max_depth&#x27;: [2, 3, 5, 10, 15],\n",
       "                                           &#x27;min_child_weight&#x27;: [1, 2, 3, 4],\n",
       "                                           &#x27;n_estimators&#x27;: [100, 500, 900, 1100,\n",
       "                                                            1500]},\n",
       "                      scoring=&#x27;roc_auc&#x27;)</pre></div></div></div><div class=\"sk-parallel\"><div class=\"sk-parallel-item\"><div class=\"sk-item\"><div class=\"sk-label-container\"><div class=\"sk-label sk-toggleable\"><input class=\"sk-toggleable__control sk-hidden--visually\" id=\"sk-estimator-id-8\" type=\"checkbox\" ><label for=\"sk-estimator-id-8\" class=\"sk-toggleable__label sk-toggleable__label-arrow\">estimator: XGBRegressor</label><div class=\"sk-toggleable__content\"><pre>XGBRegressor(base_score=0.5, booster=&#x27;gbtree&#x27;, colsample_bylevel=1,\n",
       "             colsample_bynode=1, colsample_bytree=1, enable_categorical=False,\n",
       "             gamma=0, gpu_id=-1, importance_type=None,\n",
       "             interaction_constraints=&#x27;&#x27;, learning_rate=0.300000012,\n",
       "             max_delta_step=0, max_depth=6, min_child_weight=1, missing=nan,\n",
       "             monotone_constraints=&#x27;()&#x27;, n_estimators=100, n_jobs=8,\n",
       "             num_parallel_tree=1, predictor=&#x27;auto&#x27;, random_state=0, reg_alpha=0,\n",
       "             reg_lambda=1, scale_pos_weight=1, subsample=1, tree_method=&#x27;exact&#x27;,\n",
       "             validate_parameters=1, verbosity=None)</pre></div></div></div><div class=\"sk-serial\"><div class=\"sk-item\"><div class=\"sk-estimator sk-toggleable\"><input class=\"sk-toggleable__control sk-hidden--visually\" id=\"sk-estimator-id-9\" type=\"checkbox\" ><label for=\"sk-estimator-id-9\" class=\"sk-toggleable__label sk-toggleable__label-arrow\">XGBRegressor</label><div class=\"sk-toggleable__content\"><pre>XGBRegressor(base_score=0.5, booster=&#x27;gbtree&#x27;, colsample_bylevel=1,\n",
       "             colsample_bynode=1, colsample_bytree=1, enable_categorical=False,\n",
       "             gamma=0, gpu_id=-1, importance_type=None,\n",
       "             interaction_constraints=&#x27;&#x27;, learning_rate=0.300000012,\n",
       "             max_delta_step=0, max_depth=6, min_child_weight=1, missing=nan,\n",
       "             monotone_constraints=&#x27;()&#x27;, n_estimators=100, n_jobs=8,\n",
       "             num_parallel_tree=1, predictor=&#x27;auto&#x27;, random_state=0, reg_alpha=0,\n",
       "             reg_lambda=1, scale_pos_weight=1, subsample=1, tree_method=&#x27;exact&#x27;,\n",
       "             validate_parameters=1, verbosity=None)</pre></div></div></div></div></div></div></div></div></div></div>"
      ],
      "text/plain": [
       "HalvingRandomSearchCV(estimator=XGBRegressor(base_score=0.5, booster='gbtree',\n",
       "                                             colsample_bylevel=1,\n",
       "                                             colsample_bynode=1,\n",
       "                                             colsample_bytree=1,\n",
       "                                             enable_categorical=False, gamma=0,\n",
       "                                             gpu_id=-1, importance_type=None,\n",
       "                                             interaction_constraints='',\n",
       "                                             learning_rate=0.300000012,\n",
       "                                             max_delta_step=0, max_depth=6,\n",
       "                                             min_child_weight=1, missing=nan,\n",
       "                                             monotone_constraints='()',\n",
       "                                             n_estimators...s=8,\n",
       "                                             num_parallel_tree=1,\n",
       "                                             predictor='auto', random_state=0,\n",
       "                                             reg_alpha=0, reg_lambda=1,\n",
       "                                             scale_pos_weight=1, subsample=1,\n",
       "                                             tree_method='exact',\n",
       "                                             validate_parameters=1,\n",
       "                                             verbosity=None),\n",
       "                      n_jobs=-1,\n",
       "                      param_distributions={'learning_rate': [0.05, 0.1, 0.15,\n",
       "                                                             0.2],\n",
       "                                           'max_depth': [2, 3, 5, 10, 15],\n",
       "                                           'min_child_weight': [1, 2, 3, 4],\n",
       "                                           'n_estimators': [100, 500, 900, 1100,\n",
       "                                                            1500]},\n",
       "                      scoring='roc_auc')"
      ]
     },
     "execution_count": 115,
     "metadata": {},
     "output_type": "execute_result"
    }
   ],
   "source": [
    "#using hyper parameter tunning\n",
    "random_search1 = HalvingRandomSearchCV(XG_model, hyperparameter_grid, n_jobs=-1, factor=3)\n",
    "random_search1.fit(X_train, y_train)"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 116,
   "id": "14f0494f",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "text/plain": [
       "{'n_estimators': 1100,\n",
       " 'min_child_weight': 3,\n",
       " 'max_depth': 10,\n",
       " 'learning_rate': 0.1}"
      ]
     },
     "execution_count": 116,
     "metadata": {},
     "output_type": "execute_result"
    }
   ],
   "source": [
    "#printing the best parameters\n",
    "random_search1.best_params_"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 126,
   "id": "7f71a814",
   "metadata": {},
   "outputs": [],
   "source": [
    "#using best parameters on XGBoost\n",
    "XG_model1 = XGBRegressor(n_estimators= 1100,min_child_weight= 3,max_depth=10,learning_rate=0.1)"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 127,
   "id": "9fc60eba",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "text/html": [
       "<style>#sk-container-id-7 {color: black;background-color: white;}#sk-container-id-7 pre{padding: 0;}#sk-container-id-7 div.sk-toggleable {background-color: white;}#sk-container-id-7 label.sk-toggleable__label {cursor: pointer;display: block;width: 100%;margin-bottom: 0;padding: 0.3em;box-sizing: border-box;text-align: center;}#sk-container-id-7 label.sk-toggleable__label-arrow:before {content: \"▸\";float: left;margin-right: 0.25em;color: #696969;}#sk-container-id-7 label.sk-toggleable__label-arrow:hover:before {color: black;}#sk-container-id-7 div.sk-estimator:hover label.sk-toggleable__label-arrow:before {color: black;}#sk-container-id-7 div.sk-toggleable__content {max-height: 0;max-width: 0;overflow: hidden;text-align: left;background-color: #f0f8ff;}#sk-container-id-7 div.sk-toggleable__content pre {margin: 0.2em;color: black;border-radius: 0.25em;background-color: #f0f8ff;}#sk-container-id-7 input.sk-toggleable__control:checked~div.sk-toggleable__content {max-height: 200px;max-width: 100%;overflow: auto;}#sk-container-id-7 input.sk-toggleable__control:checked~label.sk-toggleable__label-arrow:before {content: \"▾\";}#sk-container-id-7 div.sk-estimator input.sk-toggleable__control:checked~label.sk-toggleable__label {background-color: #d4ebff;}#sk-container-id-7 div.sk-label input.sk-toggleable__control:checked~label.sk-toggleable__label {background-color: #d4ebff;}#sk-container-id-7 input.sk-hidden--visually {border: 0;clip: rect(1px 1px 1px 1px);clip: rect(1px, 1px, 1px, 1px);height: 1px;margin: -1px;overflow: hidden;padding: 0;position: absolute;width: 1px;}#sk-container-id-7 div.sk-estimator {font-family: monospace;background-color: #f0f8ff;border: 1px dotted black;border-radius: 0.25em;box-sizing: border-box;margin-bottom: 0.5em;}#sk-container-id-7 div.sk-estimator:hover {background-color: #d4ebff;}#sk-container-id-7 div.sk-parallel-item::after {content: \"\";width: 100%;border-bottom: 1px solid gray;flex-grow: 1;}#sk-container-id-7 div.sk-label:hover label.sk-toggleable__label {background-color: #d4ebff;}#sk-container-id-7 div.sk-serial::before {content: \"\";position: absolute;border-left: 1px solid gray;box-sizing: border-box;top: 0;bottom: 0;left: 50%;z-index: 0;}#sk-container-id-7 div.sk-serial {display: flex;flex-direction: column;align-items: center;background-color: white;padding-right: 0.2em;padding-left: 0.2em;position: relative;}#sk-container-id-7 div.sk-item {position: relative;z-index: 1;}#sk-container-id-7 div.sk-parallel {display: flex;align-items: stretch;justify-content: center;background-color: white;position: relative;}#sk-container-id-7 div.sk-item::before, #sk-container-id-7 div.sk-parallel-item::before {content: \"\";position: absolute;border-left: 1px solid gray;box-sizing: border-box;top: 0;bottom: 0;left: 50%;z-index: -1;}#sk-container-id-7 div.sk-parallel-item {display: flex;flex-direction: column;z-index: 1;position: relative;background-color: white;}#sk-container-id-7 div.sk-parallel-item:first-child::after {align-self: flex-end;width: 50%;}#sk-container-id-7 div.sk-parallel-item:last-child::after {align-self: flex-start;width: 50%;}#sk-container-id-7 div.sk-parallel-item:only-child::after {width: 0;}#sk-container-id-7 div.sk-dashed-wrapped {border: 1px dashed gray;margin: 0 0.4em 0.5em 0.4em;box-sizing: border-box;padding-bottom: 0.4em;background-color: white;}#sk-container-id-7 div.sk-label label {font-family: monospace;font-weight: bold;display: inline-block;line-height: 1.2em;}#sk-container-id-7 div.sk-label-container {text-align: center;}#sk-container-id-7 div.sk-container {/* jupyter's `normalize.less` sets `[hidden] { display: none; }` but bootstrap.min.css set `[hidden] { display: none !important; }` so we also need the `!important` here to be able to override the default hidden behavior on the sphinx rendered scikit-learn.org. See: https://github.com/scikit-learn/scikit-learn/issues/21755 */display: inline-block !important;position: relative;}#sk-container-id-7 div.sk-text-repr-fallback {display: none;}</style><div id=\"sk-container-id-7\" class=\"sk-top-container\"><div class=\"sk-text-repr-fallback\"><pre>XGBRegressor(base_score=0.5, booster=&#x27;gbtree&#x27;, colsample_bylevel=1,\n",
       "             colsample_bynode=1, colsample_bytree=1, enable_categorical=False,\n",
       "             gamma=0, gpu_id=-1, importance_type=None,\n",
       "             interaction_constraints=&#x27;&#x27;, learning_rate=0.1, max_delta_step=0,\n",
       "             max_depth=10, min_child_weight=3, missing=nan,\n",
       "             monotone_constraints=&#x27;()&#x27;, n_estimators=1100, n_jobs=8,\n",
       "             num_parallel_tree=1, predictor=&#x27;auto&#x27;, random_state=0, reg_alpha=0,\n",
       "             reg_lambda=1, scale_pos_weight=1, subsample=1, tree_method=&#x27;exact&#x27;,\n",
       "             validate_parameters=1, verbosity=None)</pre><b>In a Jupyter environment, please rerun this cell to show the HTML representation or trust the notebook. <br />On GitHub, the HTML representation is unable to render, please try loading this page with nbviewer.org.</b></div><div class=\"sk-container\" hidden><div class=\"sk-item\"><div class=\"sk-estimator sk-toggleable\"><input class=\"sk-toggleable__control sk-hidden--visually\" id=\"sk-estimator-id-11\" type=\"checkbox\" checked><label for=\"sk-estimator-id-11\" class=\"sk-toggleable__label sk-toggleable__label-arrow\">XGBRegressor</label><div class=\"sk-toggleable__content\"><pre>XGBRegressor(base_score=0.5, booster=&#x27;gbtree&#x27;, colsample_bylevel=1,\n",
       "             colsample_bynode=1, colsample_bytree=1, enable_categorical=False,\n",
       "             gamma=0, gpu_id=-1, importance_type=None,\n",
       "             interaction_constraints=&#x27;&#x27;, learning_rate=0.1, max_delta_step=0,\n",
       "             max_depth=10, min_child_weight=3, missing=nan,\n",
       "             monotone_constraints=&#x27;()&#x27;, n_estimators=1100, n_jobs=8,\n",
       "             num_parallel_tree=1, predictor=&#x27;auto&#x27;, random_state=0, reg_alpha=0,\n",
       "             reg_lambda=1, scale_pos_weight=1, subsample=1, tree_method=&#x27;exact&#x27;,\n",
       "             validate_parameters=1, verbosity=None)</pre></div></div></div></div></div>"
      ],
      "text/plain": [
       "XGBRegressor(base_score=0.5, booster='gbtree', colsample_bylevel=1,\n",
       "             colsample_bynode=1, colsample_bytree=1, enable_categorical=False,\n",
       "             gamma=0, gpu_id=-1, importance_type=None,\n",
       "             interaction_constraints='', learning_rate=0.1, max_delta_step=0,\n",
       "             max_depth=10, min_child_weight=3, missing=nan,\n",
       "             monotone_constraints='()', n_estimators=1100, n_jobs=8,\n",
       "             num_parallel_tree=1, predictor='auto', random_state=0, reg_alpha=0,\n",
       "             reg_lambda=1, scale_pos_weight=1, subsample=1, tree_method='exact',\n",
       "             validate_parameters=1, verbosity=None)"
      ]
     },
     "execution_count": 127,
     "metadata": {},
     "output_type": "execute_result"
    }
   ],
   "source": [
    "#model fitting\n",
    "XG_model1.fit(X_train, y_train)"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 128,
   "id": "77b9391c",
   "metadata": {},
   "outputs": [],
   "source": [
    "#predicting the x test\n",
    "y_pred3 = XG_model1.predict(X_test)"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 129,
   "id": "0d96b27f",
   "metadata": {},
   "outputs": [
    {
     "name": "stdout",
     "output_type": "stream",
     "text": [
      "Mean Absolute Error: 0.05886637033859404\n",
      "Mean Squared Error: 0.008250705609878145\n",
      "Root Mean Squared Error: 0.09083339479441548\n",
      "Accuracy Score : 0.7660963050265094\n"
     ]
    }
   ],
   "source": [
    "#checking the accuracy\n",
    "MAE_XG1 =metrics.mean_absolute_error(y_test, y_pred3)\n",
    "print('Mean Absolute Error:', MAE_XG1)\n",
    "MSE_XG1 =metrics.mean_squared_error(y_test, y_pred3)\n",
    "print('Mean Squared Error:', MSE_XG1)\n",
    "RMSE_XG1=np.sqrt(metrics.mean_squared_error(y_test, y_pred3))\n",
    "print('Root Mean Squared Error:', RMSE_XG1)\n",
    "ACC_XG1 =metrics.r2_score(y_test,y_pred3)\n",
    "print('Accuracy Score :',ACC_XG1)"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 121,
   "id": "e33f4263",
   "metadata": {},
   "outputs": [],
   "source": [
    "#saving the dataset\n",
    "df_final.to_excel(r'final_data.xlsx')"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 125,
   "id": "87c6992f",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "text/plain": [
       "['xgboost_model.sav']"
      ]
     },
     "execution_count": 125,
     "metadata": {},
     "output_type": "execute_result"
    }
   ],
   "source": [
    "#saving XGBoost model\n",
    "filename = 'xgboost_model.sav'\n",
    "joblib.dump(XG_model1, filename)"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": null,
   "id": "d91af307",
   "metadata": {},
   "outputs": [],
   "source": []
  },
  {
   "cell_type": "code",
   "execution_count": 131,
   "id": "d79389e0",
   "metadata": {},
   "outputs": [],
   "source": [
    "#copying the original data\n",
    "newdf = df_final.copy()"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 133,
   "id": "e2e1d300",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "text/html": [
       "<div>\n",
       "<style scoped>\n",
       "    .dataframe tbody tr th:only-of-type {\n",
       "        vertical-align: middle;\n",
       "    }\n",
       "\n",
       "    .dataframe tbody tr th {\n",
       "        vertical-align: top;\n",
       "    }\n",
       "\n",
       "    .dataframe thead th {\n",
       "        text-align: right;\n",
       "    }\n",
       "</style>\n",
       "<table border=\"1\" class=\"dataframe\">\n",
       "  <thead>\n",
       "    <tr style=\"text-align: right;\">\n",
       "      <th></th>\n",
       "      <th>Price</th>\n",
       "      <th>Property Type</th>\n",
       "      <th>Old/New</th>\n",
       "      <th>Duration</th>\n",
       "      <th>PPD Category Type</th>\n",
       "      <th>current_energy_rating</th>\n",
       "      <th>construction_age_band</th>\n",
       "      <th>total_floor_area</th>\n",
       "      <th>energy_tariff</th>\n",
       "      <th>areacode</th>\n",
       "      <th>county_rank</th>\n",
       "    </tr>\n",
       "  </thead>\n",
       "  <tbody>\n",
       "    <tr>\n",
       "      <th>1</th>\n",
       "      <td>90000</td>\n",
       "      <td>T</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>E</td>\n",
       "      <td>1900-1929</td>\n",
       "      <td>79.0</td>\n",
       "      <td>dual</td>\n",
       "      <td>NG6</td>\n",
       "      <td>67</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>2</th>\n",
       "      <td>250000</td>\n",
       "      <td>T</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>None</td>\n",
       "      <td>0.0</td>\n",
       "      <td>Unknown</td>\n",
       "      <td>NG24</td>\n",
       "      <td>97</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>3</th>\n",
       "      <td>160000</td>\n",
       "      <td>S</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>None</td>\n",
       "      <td>0.0</td>\n",
       "      <td>Unknown</td>\n",
       "      <td>NG17</td>\n",
       "      <td>97</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>4</th>\n",
       "      <td>315000</td>\n",
       "      <td>S</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>D</td>\n",
       "      <td>1950-1966</td>\n",
       "      <td>75.0</td>\n",
       "      <td>Single</td>\n",
       "      <td>NG9</td>\n",
       "      <td>97</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>6</th>\n",
       "      <td>115000</td>\n",
       "      <td>T</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>G</td>\n",
       "      <td>1900-1929</td>\n",
       "      <td>80.0</td>\n",
       "      <td>Single</td>\n",
       "      <td>DN22</td>\n",
       "      <td>97</td>\n",
       "    </tr>\n",
       "  </tbody>\n",
       "</table>\n",
       "</div>"
      ],
      "text/plain": [
       "    Price Property Type  Old/New  Duration  PPD Category Type  \\\n",
       "1   90000             T        0         0                  0   \n",
       "2  250000             T        0         0                  0   \n",
       "3  160000             S        0         0                  0   \n",
       "4  315000             S        0         0                  0   \n",
       "6  115000             T        0         0                  0   \n",
       "\n",
       "  current_energy_rating construction_age_band  total_floor_area energy_tariff  \\\n",
       "1                     E             1900-1929              79.0          dual   \n",
       "2                     0                  None               0.0       Unknown   \n",
       "3                     0                  None               0.0       Unknown   \n",
       "4                     D             1950-1966              75.0        Single   \n",
       "6                     G             1900-1929              80.0        Single   \n",
       "\n",
       "  areacode  county_rank  \n",
       "1      NG6           67  \n",
       "2     NG24           97  \n",
       "3     NG17           97  \n",
       "4      NG9           97  \n",
       "6     DN22           97  "
      ]
     },
     "execution_count": 133,
     "metadata": {},
     "output_type": "execute_result"
    }
   ],
   "source": [
    "#dropping non required fields such as district , county because we have area code in the columns which would represent location\n",
    "newdf.drop(['Date of Transfer','District','County','day','Town/City','month','year'],axis=1,inplace=True)\n",
    "newdf.head()"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 138,
   "id": "67b326f4",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "text/plain": [
       "213440"
      ]
     },
     "execution_count": 138,
     "metadata": {},
     "output_type": "execute_result"
    }
   ],
   "source": [
    "#checking the length\n",
    "len(newdf)"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 139,
   "id": "85b118e7",
   "metadata": {},
   "outputs": [],
   "source": [
    "#dropping null values\n",
    "newdf.dropna(inplace=True)"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 141,
   "id": "1a5b4d9e",
   "metadata": {},
   "outputs": [],
   "source": [
    "#one hot encoding\n",
    "dummy_df1 = pd.get_dummies(newdf, prefix={'Property Type':'Property_Type',\n",
    "                                      'current_energy_rating':'current_energy_rating',\n",
    "                                      'construction_age_band':'construction_age_band',\n",
    "                                      'construction_age_band':'construction_age_band',\n",
    "                                     'energy_tariff':'energy_tariff',\n",
    "                                     'areacode':'areacode'})"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 143,
   "id": "8e86ffb7",
   "metadata": {},
   "outputs": [],
   "source": [
    "#splitting into X and Y\n",
    "X1 = dummy_df1.drop(['Price'],axis=1)\n",
    "y1 =dummy_df1['Price']"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 144,
   "id": "9b5cc212",
   "metadata": {},
   "outputs": [],
   "source": [
    "#splitting into train and test split\n",
    "new_X_train,new_X_test1,new_y_train,new_y_test = train_test_split(X1,y1,test_size=0.2)"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 145,
   "id": "f344ecf2",
   "metadata": {},
   "outputs": [],
   "source": [
    "#applying XG boost model\n",
    "new_XG_model = XGBRegressor()"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 146,
   "id": "d3f16b56",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "text/html": [
       "<style>#sk-container-id-8 {color: black;background-color: white;}#sk-container-id-8 pre{padding: 0;}#sk-container-id-8 div.sk-toggleable {background-color: white;}#sk-container-id-8 label.sk-toggleable__label {cursor: pointer;display: block;width: 100%;margin-bottom: 0;padding: 0.3em;box-sizing: border-box;text-align: center;}#sk-container-id-8 label.sk-toggleable__label-arrow:before {content: \"▸\";float: left;margin-right: 0.25em;color: #696969;}#sk-container-id-8 label.sk-toggleable__label-arrow:hover:before {color: black;}#sk-container-id-8 div.sk-estimator:hover label.sk-toggleable__label-arrow:before {color: black;}#sk-container-id-8 div.sk-toggleable__content {max-height: 0;max-width: 0;overflow: hidden;text-align: left;background-color: #f0f8ff;}#sk-container-id-8 div.sk-toggleable__content pre {margin: 0.2em;color: black;border-radius: 0.25em;background-color: #f0f8ff;}#sk-container-id-8 input.sk-toggleable__control:checked~div.sk-toggleable__content {max-height: 200px;max-width: 100%;overflow: auto;}#sk-container-id-8 input.sk-toggleable__control:checked~label.sk-toggleable__label-arrow:before {content: \"▾\";}#sk-container-id-8 div.sk-estimator input.sk-toggleable__control:checked~label.sk-toggleable__label {background-color: #d4ebff;}#sk-container-id-8 div.sk-label input.sk-toggleable__control:checked~label.sk-toggleable__label {background-color: #d4ebff;}#sk-container-id-8 input.sk-hidden--visually {border: 0;clip: rect(1px 1px 1px 1px);clip: rect(1px, 1px, 1px, 1px);height: 1px;margin: -1px;overflow: hidden;padding: 0;position: absolute;width: 1px;}#sk-container-id-8 div.sk-estimator {font-family: monospace;background-color: #f0f8ff;border: 1px dotted black;border-radius: 0.25em;box-sizing: border-box;margin-bottom: 0.5em;}#sk-container-id-8 div.sk-estimator:hover {background-color: #d4ebff;}#sk-container-id-8 div.sk-parallel-item::after {content: \"\";width: 100%;border-bottom: 1px solid gray;flex-grow: 1;}#sk-container-id-8 div.sk-label:hover label.sk-toggleable__label {background-color: #d4ebff;}#sk-container-id-8 div.sk-serial::before {content: \"\";position: absolute;border-left: 1px solid gray;box-sizing: border-box;top: 0;bottom: 0;left: 50%;z-index: 0;}#sk-container-id-8 div.sk-serial {display: flex;flex-direction: column;align-items: center;background-color: white;padding-right: 0.2em;padding-left: 0.2em;position: relative;}#sk-container-id-8 div.sk-item {position: relative;z-index: 1;}#sk-container-id-8 div.sk-parallel {display: flex;align-items: stretch;justify-content: center;background-color: white;position: relative;}#sk-container-id-8 div.sk-item::before, #sk-container-id-8 div.sk-parallel-item::before {content: \"\";position: absolute;border-left: 1px solid gray;box-sizing: border-box;top: 0;bottom: 0;left: 50%;z-index: -1;}#sk-container-id-8 div.sk-parallel-item {display: flex;flex-direction: column;z-index: 1;position: relative;background-color: white;}#sk-container-id-8 div.sk-parallel-item:first-child::after {align-self: flex-end;width: 50%;}#sk-container-id-8 div.sk-parallel-item:last-child::after {align-self: flex-start;width: 50%;}#sk-container-id-8 div.sk-parallel-item:only-child::after {width: 0;}#sk-container-id-8 div.sk-dashed-wrapped {border: 1px dashed gray;margin: 0 0.4em 0.5em 0.4em;box-sizing: border-box;padding-bottom: 0.4em;background-color: white;}#sk-container-id-8 div.sk-label label {font-family: monospace;font-weight: bold;display: inline-block;line-height: 1.2em;}#sk-container-id-8 div.sk-label-container {text-align: center;}#sk-container-id-8 div.sk-container {/* jupyter's `normalize.less` sets `[hidden] { display: none; }` but bootstrap.min.css set `[hidden] { display: none !important; }` so we also need the `!important` here to be able to override the default hidden behavior on the sphinx rendered scikit-learn.org. See: https://github.com/scikit-learn/scikit-learn/issues/21755 */display: inline-block !important;position: relative;}#sk-container-id-8 div.sk-text-repr-fallback {display: none;}</style><div id=\"sk-container-id-8\" class=\"sk-top-container\"><div class=\"sk-text-repr-fallback\"><pre>XGBRegressor(base_score=0.5, booster=&#x27;gbtree&#x27;, colsample_bylevel=1,\n",
       "             colsample_bynode=1, colsample_bytree=1, enable_categorical=False,\n",
       "             gamma=0, gpu_id=-1, importance_type=None,\n",
       "             interaction_constraints=&#x27;&#x27;, learning_rate=0.300000012,\n",
       "             max_delta_step=0, max_depth=6, min_child_weight=1, missing=nan,\n",
       "             monotone_constraints=&#x27;()&#x27;, n_estimators=100, n_jobs=8,\n",
       "             num_parallel_tree=1, predictor=&#x27;auto&#x27;, random_state=0, reg_alpha=0,\n",
       "             reg_lambda=1, scale_pos_weight=1, subsample=1, tree_method=&#x27;exact&#x27;,\n",
       "             validate_parameters=1, verbosity=None)</pre><b>In a Jupyter environment, please rerun this cell to show the HTML representation or trust the notebook. <br />On GitHub, the HTML representation is unable to render, please try loading this page with nbviewer.org.</b></div><div class=\"sk-container\" hidden><div class=\"sk-item\"><div class=\"sk-estimator sk-toggleable\"><input class=\"sk-toggleable__control sk-hidden--visually\" id=\"sk-estimator-id-12\" type=\"checkbox\" checked><label for=\"sk-estimator-id-12\" class=\"sk-toggleable__label sk-toggleable__label-arrow\">XGBRegressor</label><div class=\"sk-toggleable__content\"><pre>XGBRegressor(base_score=0.5, booster=&#x27;gbtree&#x27;, colsample_bylevel=1,\n",
       "             colsample_bynode=1, colsample_bytree=1, enable_categorical=False,\n",
       "             gamma=0, gpu_id=-1, importance_type=None,\n",
       "             interaction_constraints=&#x27;&#x27;, learning_rate=0.300000012,\n",
       "             max_delta_step=0, max_depth=6, min_child_weight=1, missing=nan,\n",
       "             monotone_constraints=&#x27;()&#x27;, n_estimators=100, n_jobs=8,\n",
       "             num_parallel_tree=1, predictor=&#x27;auto&#x27;, random_state=0, reg_alpha=0,\n",
       "             reg_lambda=1, scale_pos_weight=1, subsample=1, tree_method=&#x27;exact&#x27;,\n",
       "             validate_parameters=1, verbosity=None)</pre></div></div></div></div></div>"
      ],
      "text/plain": [
       "XGBRegressor(base_score=0.5, booster='gbtree', colsample_bylevel=1,\n",
       "             colsample_bynode=1, colsample_bytree=1, enable_categorical=False,\n",
       "             gamma=0, gpu_id=-1, importance_type=None,\n",
       "             interaction_constraints='', learning_rate=0.300000012,\n",
       "             max_delta_step=0, max_depth=6, min_child_weight=1, missing=nan,\n",
       "             monotone_constraints='()', n_estimators=100, n_jobs=8,\n",
       "             num_parallel_tree=1, predictor='auto', random_state=0, reg_alpha=0,\n",
       "             reg_lambda=1, scale_pos_weight=1, subsample=1, tree_method='exact',\n",
       "             validate_parameters=1, verbosity=None)"
      ]
     },
     "execution_count": 146,
     "metadata": {},
     "output_type": "execute_result"
    }
   ],
   "source": [
    "#fitting the model\n",
    "new_XG_model.fit(new_X_train, new_y_train)"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 148,
   "id": "b35207b0",
   "metadata": {},
   "outputs": [],
   "source": [
    "#predicting the X test\n",
    "new_y_pred = new_XG_model.predict(new_X_test1)"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 149,
   "id": "be52ab78",
   "metadata": {},
   "outputs": [
    {
     "name": "stdout",
     "output_type": "stream",
     "text": [
      "Mean Absolute Error: 58347.17076307548\n",
      "Mean Squared Error: 6915789336.875405\n",
      "Root Mean Squared Error: 83161.22496016641\n",
      "Accuracy Score : 0.7825763983704952\n"
     ]
    }
   ],
   "source": [
    "#checking the accuracy\n",
    "new_MAE_XG =metrics.mean_absolute_error(new_y_test, new_y_pred)\n",
    "print('Mean Absolute Error:', new_MAE_XG)\n",
    "new_MSE_XG =metrics.mean_squared_error(new_y_test, new_y_pred)\n",
    "print('Mean Squared Error:', new_MSE_XG)\n",
    "new_RMSE_XG=np.sqrt(metrics.mean_squared_error(new_y_test, new_y_pred))\n",
    "print('Root Mean Squared Error:', new_RMSE_XG)\n",
    "new_ACC_XG =metrics.r2_score(new_y_test,new_y_pred)\n",
    "print('Accuracy Score :',new_ACC_XG)"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 150,
   "id": "3aa48746",
   "metadata": {},
   "outputs": [],
   "source": [
    "#hyper parameters\n",
    "hyperparameter_grid = {\n",
    "    'n_estimators': [100, 500, 900, 1100, 1500],\n",
    "    'max_depth': [2, 3, 5, 10, 15],\n",
    "    'learning_rate': [0.05, 0.1, 0.15, 0.20],\n",
    "    'min_child_weight': [1, 2, 3, 4]\n",
    "    }"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 151,
   "id": "2b968752",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "text/html": [
       "<style>#sk-container-id-9 {color: black;background-color: white;}#sk-container-id-9 pre{padding: 0;}#sk-container-id-9 div.sk-toggleable {background-color: white;}#sk-container-id-9 label.sk-toggleable__label {cursor: pointer;display: block;width: 100%;margin-bottom: 0;padding: 0.3em;box-sizing: border-box;text-align: center;}#sk-container-id-9 label.sk-toggleable__label-arrow:before {content: \"▸\";float: left;margin-right: 0.25em;color: #696969;}#sk-container-id-9 label.sk-toggleable__label-arrow:hover:before {color: black;}#sk-container-id-9 div.sk-estimator:hover label.sk-toggleable__label-arrow:before {color: black;}#sk-container-id-9 div.sk-toggleable__content {max-height: 0;max-width: 0;overflow: hidden;text-align: left;background-color: #f0f8ff;}#sk-container-id-9 div.sk-toggleable__content pre {margin: 0.2em;color: black;border-radius: 0.25em;background-color: #f0f8ff;}#sk-container-id-9 input.sk-toggleable__control:checked~div.sk-toggleable__content {max-height: 200px;max-width: 100%;overflow: auto;}#sk-container-id-9 input.sk-toggleable__control:checked~label.sk-toggleable__label-arrow:before {content: \"▾\";}#sk-container-id-9 div.sk-estimator input.sk-toggleable__control:checked~label.sk-toggleable__label {background-color: #d4ebff;}#sk-container-id-9 div.sk-label input.sk-toggleable__control:checked~label.sk-toggleable__label {background-color: #d4ebff;}#sk-container-id-9 input.sk-hidden--visually {border: 0;clip: rect(1px 1px 1px 1px);clip: rect(1px, 1px, 1px, 1px);height: 1px;margin: -1px;overflow: hidden;padding: 0;position: absolute;width: 1px;}#sk-container-id-9 div.sk-estimator {font-family: monospace;background-color: #f0f8ff;border: 1px dotted black;border-radius: 0.25em;box-sizing: border-box;margin-bottom: 0.5em;}#sk-container-id-9 div.sk-estimator:hover {background-color: #d4ebff;}#sk-container-id-9 div.sk-parallel-item::after {content: \"\";width: 100%;border-bottom: 1px solid gray;flex-grow: 1;}#sk-container-id-9 div.sk-label:hover label.sk-toggleable__label {background-color: #d4ebff;}#sk-container-id-9 div.sk-serial::before {content: \"\";position: absolute;border-left: 1px solid gray;box-sizing: border-box;top: 0;bottom: 0;left: 50%;z-index: 0;}#sk-container-id-9 div.sk-serial {display: flex;flex-direction: column;align-items: center;background-color: white;padding-right: 0.2em;padding-left: 0.2em;position: relative;}#sk-container-id-9 div.sk-item {position: relative;z-index: 1;}#sk-container-id-9 div.sk-parallel {display: flex;align-items: stretch;justify-content: center;background-color: white;position: relative;}#sk-container-id-9 div.sk-item::before, #sk-container-id-9 div.sk-parallel-item::before {content: \"\";position: absolute;border-left: 1px solid gray;box-sizing: border-box;top: 0;bottom: 0;left: 50%;z-index: -1;}#sk-container-id-9 div.sk-parallel-item {display: flex;flex-direction: column;z-index: 1;position: relative;background-color: white;}#sk-container-id-9 div.sk-parallel-item:first-child::after {align-self: flex-end;width: 50%;}#sk-container-id-9 div.sk-parallel-item:last-child::after {align-self: flex-start;width: 50%;}#sk-container-id-9 div.sk-parallel-item:only-child::after {width: 0;}#sk-container-id-9 div.sk-dashed-wrapped {border: 1px dashed gray;margin: 0 0.4em 0.5em 0.4em;box-sizing: border-box;padding-bottom: 0.4em;background-color: white;}#sk-container-id-9 div.sk-label label {font-family: monospace;font-weight: bold;display: inline-block;line-height: 1.2em;}#sk-container-id-9 div.sk-label-container {text-align: center;}#sk-container-id-9 div.sk-container {/* jupyter's `normalize.less` sets `[hidden] { display: none; }` but bootstrap.min.css set `[hidden] { display: none !important; }` so we also need the `!important` here to be able to override the default hidden behavior on the sphinx rendered scikit-learn.org. See: https://github.com/scikit-learn/scikit-learn/issues/21755 */display: inline-block !important;position: relative;}#sk-container-id-9 div.sk-text-repr-fallback {display: none;}</style><div id=\"sk-container-id-9\" class=\"sk-top-container\"><div class=\"sk-text-repr-fallback\"><pre>HalvingRandomSearchCV(estimator=XGBRegressor(base_score=0.5, booster=&#x27;gbtree&#x27;,\n",
       "                                             colsample_bylevel=1,\n",
       "                                             colsample_bynode=1,\n",
       "                                             colsample_bytree=1,\n",
       "                                             enable_categorical=False, gamma=0,\n",
       "                                             gpu_id=-1, importance_type=None,\n",
       "                                             interaction_constraints=&#x27;&#x27;,\n",
       "                                             learning_rate=0.300000012,\n",
       "                                             max_delta_step=0, max_depth=6,\n",
       "                                             min_child_weight=1, missing=nan,\n",
       "                                             monotone_constraints=&#x27;()&#x27;,\n",
       "                                             n_estimators=100, n_jobs=8,\n",
       "                                             num_parallel_tree=1,\n",
       "                                             predictor=&#x27;auto&#x27;, random_state=0,\n",
       "                                             reg_alpha=0, reg_lambda=1,\n",
       "                                             scale_pos_weight=1, subsample=1,\n",
       "                                             tree_method=&#x27;exact&#x27;,\n",
       "                                             validate_parameters=1,\n",
       "                                             verbosity=None),\n",
       "                      n_jobs=-1,\n",
       "                      param_distributions={&#x27;learning_rate&#x27;: [0.05, 0.1, 0.15,\n",
       "                                                             0.2],\n",
       "                                           &#x27;max_depth&#x27;: [2, 3, 5, 10, 15],\n",
       "                                           &#x27;min_child_weight&#x27;: [1, 2, 3, 4],\n",
       "                                           &#x27;n_estimators&#x27;: [100, 500, 900, 1100,\n",
       "                                                            1500]})</pre><b>In a Jupyter environment, please rerun this cell to show the HTML representation or trust the notebook. <br />On GitHub, the HTML representation is unable to render, please try loading this page with nbviewer.org.</b></div><div class=\"sk-container\" hidden><div class=\"sk-item sk-dashed-wrapped\"><div class=\"sk-label-container\"><div class=\"sk-label sk-toggleable\"><input class=\"sk-toggleable__control sk-hidden--visually\" id=\"sk-estimator-id-13\" type=\"checkbox\" ><label for=\"sk-estimator-id-13\" class=\"sk-toggleable__label sk-toggleable__label-arrow\">HalvingRandomSearchCV</label><div class=\"sk-toggleable__content\"><pre>HalvingRandomSearchCV(estimator=XGBRegressor(base_score=0.5, booster=&#x27;gbtree&#x27;,\n",
       "                                             colsample_bylevel=1,\n",
       "                                             colsample_bynode=1,\n",
       "                                             colsample_bytree=1,\n",
       "                                             enable_categorical=False, gamma=0,\n",
       "                                             gpu_id=-1, importance_type=None,\n",
       "                                             interaction_constraints=&#x27;&#x27;,\n",
       "                                             learning_rate=0.300000012,\n",
       "                                             max_delta_step=0, max_depth=6,\n",
       "                                             min_child_weight=1, missing=nan,\n",
       "                                             monotone_constraints=&#x27;()&#x27;,\n",
       "                                             n_estimators=100, n_jobs=8,\n",
       "                                             num_parallel_tree=1,\n",
       "                                             predictor=&#x27;auto&#x27;, random_state=0,\n",
       "                                             reg_alpha=0, reg_lambda=1,\n",
       "                                             scale_pos_weight=1, subsample=1,\n",
       "                                             tree_method=&#x27;exact&#x27;,\n",
       "                                             validate_parameters=1,\n",
       "                                             verbosity=None),\n",
       "                      n_jobs=-1,\n",
       "                      param_distributions={&#x27;learning_rate&#x27;: [0.05, 0.1, 0.15,\n",
       "                                                             0.2],\n",
       "                                           &#x27;max_depth&#x27;: [2, 3, 5, 10, 15],\n",
       "                                           &#x27;min_child_weight&#x27;: [1, 2, 3, 4],\n",
       "                                           &#x27;n_estimators&#x27;: [100, 500, 900, 1100,\n",
       "                                                            1500]})</pre></div></div></div><div class=\"sk-parallel\"><div class=\"sk-parallel-item\"><div class=\"sk-item\"><div class=\"sk-label-container\"><div class=\"sk-label sk-toggleable\"><input class=\"sk-toggleable__control sk-hidden--visually\" id=\"sk-estimator-id-14\" type=\"checkbox\" ><label for=\"sk-estimator-id-14\" class=\"sk-toggleable__label sk-toggleable__label-arrow\">estimator: XGBRegressor</label><div class=\"sk-toggleable__content\"><pre>XGBRegressor(base_score=0.5, booster=&#x27;gbtree&#x27;, colsample_bylevel=1,\n",
       "             colsample_bynode=1, colsample_bytree=1, enable_categorical=False,\n",
       "             gamma=0, gpu_id=-1, importance_type=None,\n",
       "             interaction_constraints=&#x27;&#x27;, learning_rate=0.300000012,\n",
       "             max_delta_step=0, max_depth=6, min_child_weight=1, missing=nan,\n",
       "             monotone_constraints=&#x27;()&#x27;, n_estimators=100, n_jobs=8,\n",
       "             num_parallel_tree=1, predictor=&#x27;auto&#x27;, random_state=0, reg_alpha=0,\n",
       "             reg_lambda=1, scale_pos_weight=1, subsample=1, tree_method=&#x27;exact&#x27;,\n",
       "             validate_parameters=1, verbosity=None)</pre></div></div></div><div class=\"sk-serial\"><div class=\"sk-item\"><div class=\"sk-estimator sk-toggleable\"><input class=\"sk-toggleable__control sk-hidden--visually\" id=\"sk-estimator-id-15\" type=\"checkbox\" ><label for=\"sk-estimator-id-15\" class=\"sk-toggleable__label sk-toggleable__label-arrow\">XGBRegressor</label><div class=\"sk-toggleable__content\"><pre>XGBRegressor(base_score=0.5, booster=&#x27;gbtree&#x27;, colsample_bylevel=1,\n",
       "             colsample_bynode=1, colsample_bytree=1, enable_categorical=False,\n",
       "             gamma=0, gpu_id=-1, importance_type=None,\n",
       "             interaction_constraints=&#x27;&#x27;, learning_rate=0.300000012,\n",
       "             max_delta_step=0, max_depth=6, min_child_weight=1, missing=nan,\n",
       "             monotone_constraints=&#x27;()&#x27;, n_estimators=100, n_jobs=8,\n",
       "             num_parallel_tree=1, predictor=&#x27;auto&#x27;, random_state=0, reg_alpha=0,\n",
       "             reg_lambda=1, scale_pos_weight=1, subsample=1, tree_method=&#x27;exact&#x27;,\n",
       "             validate_parameters=1, verbosity=None)</pre></div></div></div></div></div></div></div></div></div></div>"
      ],
      "text/plain": [
       "HalvingRandomSearchCV(estimator=XGBRegressor(base_score=0.5, booster='gbtree',\n",
       "                                             colsample_bylevel=1,\n",
       "                                             colsample_bynode=1,\n",
       "                                             colsample_bytree=1,\n",
       "                                             enable_categorical=False, gamma=0,\n",
       "                                             gpu_id=-1, importance_type=None,\n",
       "                                             interaction_constraints='',\n",
       "                                             learning_rate=0.300000012,\n",
       "                                             max_delta_step=0, max_depth=6,\n",
       "                                             min_child_weight=1, missing=nan,\n",
       "                                             monotone_constraints='()',\n",
       "                                             n_estimators=100, n_jobs=8,\n",
       "                                             num_parallel_tree=1,\n",
       "                                             predictor='auto', random_state=0,\n",
       "                                             reg_alpha=0, reg_lambda=1,\n",
       "                                             scale_pos_weight=1, subsample=1,\n",
       "                                             tree_method='exact',\n",
       "                                             validate_parameters=1,\n",
       "                                             verbosity=None),\n",
       "                      n_jobs=-1,\n",
       "                      param_distributions={'learning_rate': [0.05, 0.1, 0.15,\n",
       "                                                             0.2],\n",
       "                                           'max_depth': [2, 3, 5, 10, 15],\n",
       "                                           'min_child_weight': [1, 2, 3, 4],\n",
       "                                           'n_estimators': [100, 500, 900, 1100,\n",
       "                                                            1500]})"
      ]
     },
     "execution_count": 151,
     "metadata": {},
     "output_type": "execute_result"
    }
   ],
   "source": [
    "#applying hyper parameter tunning\n",
    "new_random_search = HalvingRandomSearchCV(new_XG_model, hyperparameter_grid, n_jobs=-1)\n",
    "new_random_search.fit(new_X_train, new_y_train)"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 152,
   "id": "9e69940c",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "text/plain": [
       "{'n_estimators': 1500,\n",
       " 'min_child_weight': 1,\n",
       " 'max_depth': 2,\n",
       " 'learning_rate': 0.05}"
      ]
     },
     "execution_count": 152,
     "metadata": {},
     "output_type": "execute_result"
    }
   ],
   "source": [
    "#checking best parameters\n",
    "new_random_search.best_params_"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 153,
   "id": "3566f2dd",
   "metadata": {},
   "outputs": [],
   "source": [
    "#applying model with best parameters\n",
    "new_XG_model1 = XGBRegressor(n_estimators=1500,min_child_weight=1,max_depth= 2,learning_rate= 0.05)"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 154,
   "id": "401d8cdb",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "text/html": [
       "<style>#sk-container-id-10 {color: black;background-color: white;}#sk-container-id-10 pre{padding: 0;}#sk-container-id-10 div.sk-toggleable {background-color: white;}#sk-container-id-10 label.sk-toggleable__label {cursor: pointer;display: block;width: 100%;margin-bottom: 0;padding: 0.3em;box-sizing: border-box;text-align: center;}#sk-container-id-10 label.sk-toggleable__label-arrow:before {content: \"▸\";float: left;margin-right: 0.25em;color: #696969;}#sk-container-id-10 label.sk-toggleable__label-arrow:hover:before {color: black;}#sk-container-id-10 div.sk-estimator:hover label.sk-toggleable__label-arrow:before {color: black;}#sk-container-id-10 div.sk-toggleable__content {max-height: 0;max-width: 0;overflow: hidden;text-align: left;background-color: #f0f8ff;}#sk-container-id-10 div.sk-toggleable__content pre {margin: 0.2em;color: black;border-radius: 0.25em;background-color: #f0f8ff;}#sk-container-id-10 input.sk-toggleable__control:checked~div.sk-toggleable__content {max-height: 200px;max-width: 100%;overflow: auto;}#sk-container-id-10 input.sk-toggleable__control:checked~label.sk-toggleable__label-arrow:before {content: \"▾\";}#sk-container-id-10 div.sk-estimator input.sk-toggleable__control:checked~label.sk-toggleable__label {background-color: #d4ebff;}#sk-container-id-10 div.sk-label input.sk-toggleable__control:checked~label.sk-toggleable__label {background-color: #d4ebff;}#sk-container-id-10 input.sk-hidden--visually {border: 0;clip: rect(1px 1px 1px 1px);clip: rect(1px, 1px, 1px, 1px);height: 1px;margin: -1px;overflow: hidden;padding: 0;position: absolute;width: 1px;}#sk-container-id-10 div.sk-estimator {font-family: monospace;background-color: #f0f8ff;border: 1px dotted black;border-radius: 0.25em;box-sizing: border-box;margin-bottom: 0.5em;}#sk-container-id-10 div.sk-estimator:hover {background-color: #d4ebff;}#sk-container-id-10 div.sk-parallel-item::after {content: \"\";width: 100%;border-bottom: 1px solid gray;flex-grow: 1;}#sk-container-id-10 div.sk-label:hover label.sk-toggleable__label {background-color: #d4ebff;}#sk-container-id-10 div.sk-serial::before {content: \"\";position: absolute;border-left: 1px solid gray;box-sizing: border-box;top: 0;bottom: 0;left: 50%;z-index: 0;}#sk-container-id-10 div.sk-serial {display: flex;flex-direction: column;align-items: center;background-color: white;padding-right: 0.2em;padding-left: 0.2em;position: relative;}#sk-container-id-10 div.sk-item {position: relative;z-index: 1;}#sk-container-id-10 div.sk-parallel {display: flex;align-items: stretch;justify-content: center;background-color: white;position: relative;}#sk-container-id-10 div.sk-item::before, #sk-container-id-10 div.sk-parallel-item::before {content: \"\";position: absolute;border-left: 1px solid gray;box-sizing: border-box;top: 0;bottom: 0;left: 50%;z-index: -1;}#sk-container-id-10 div.sk-parallel-item {display: flex;flex-direction: column;z-index: 1;position: relative;background-color: white;}#sk-container-id-10 div.sk-parallel-item:first-child::after {align-self: flex-end;width: 50%;}#sk-container-id-10 div.sk-parallel-item:last-child::after {align-self: flex-start;width: 50%;}#sk-container-id-10 div.sk-parallel-item:only-child::after {width: 0;}#sk-container-id-10 div.sk-dashed-wrapped {border: 1px dashed gray;margin: 0 0.4em 0.5em 0.4em;box-sizing: border-box;padding-bottom: 0.4em;background-color: white;}#sk-container-id-10 div.sk-label label {font-family: monospace;font-weight: bold;display: inline-block;line-height: 1.2em;}#sk-container-id-10 div.sk-label-container {text-align: center;}#sk-container-id-10 div.sk-container {/* jupyter's `normalize.less` sets `[hidden] { display: none; }` but bootstrap.min.css set `[hidden] { display: none !important; }` so we also need the `!important` here to be able to override the default hidden behavior on the sphinx rendered scikit-learn.org. See: https://github.com/scikit-learn/scikit-learn/issues/21755 */display: inline-block !important;position: relative;}#sk-container-id-10 div.sk-text-repr-fallback {display: none;}</style><div id=\"sk-container-id-10\" class=\"sk-top-container\"><div class=\"sk-text-repr-fallback\"><pre>XGBRegressor(base_score=0.5, booster=&#x27;gbtree&#x27;, colsample_bylevel=1,\n",
       "             colsample_bynode=1, colsample_bytree=1, enable_categorical=False,\n",
       "             gamma=0, gpu_id=-1, importance_type=None,\n",
       "             interaction_constraints=&#x27;&#x27;, learning_rate=0.05, max_delta_step=0,\n",
       "             max_depth=2, min_child_weight=1, missing=nan,\n",
       "             monotone_constraints=&#x27;()&#x27;, n_estimators=1500, n_jobs=8,\n",
       "             num_parallel_tree=1, predictor=&#x27;auto&#x27;, random_state=0, reg_alpha=0,\n",
       "             reg_lambda=1, scale_pos_weight=1, subsample=1, tree_method=&#x27;exact&#x27;,\n",
       "             validate_parameters=1, verbosity=None)</pre><b>In a Jupyter environment, please rerun this cell to show the HTML representation or trust the notebook. <br />On GitHub, the HTML representation is unable to render, please try loading this page with nbviewer.org.</b></div><div class=\"sk-container\" hidden><div class=\"sk-item\"><div class=\"sk-estimator sk-toggleable\"><input class=\"sk-toggleable__control sk-hidden--visually\" id=\"sk-estimator-id-16\" type=\"checkbox\" checked><label for=\"sk-estimator-id-16\" class=\"sk-toggleable__label sk-toggleable__label-arrow\">XGBRegressor</label><div class=\"sk-toggleable__content\"><pre>XGBRegressor(base_score=0.5, booster=&#x27;gbtree&#x27;, colsample_bylevel=1,\n",
       "             colsample_bynode=1, colsample_bytree=1, enable_categorical=False,\n",
       "             gamma=0, gpu_id=-1, importance_type=None,\n",
       "             interaction_constraints=&#x27;&#x27;, learning_rate=0.05, max_delta_step=0,\n",
       "             max_depth=2, min_child_weight=1, missing=nan,\n",
       "             monotone_constraints=&#x27;()&#x27;, n_estimators=1500, n_jobs=8,\n",
       "             num_parallel_tree=1, predictor=&#x27;auto&#x27;, random_state=0, reg_alpha=0,\n",
       "             reg_lambda=1, scale_pos_weight=1, subsample=1, tree_method=&#x27;exact&#x27;,\n",
       "             validate_parameters=1, verbosity=None)</pre></div></div></div></div></div>"
      ],
      "text/plain": [
       "XGBRegressor(base_score=0.5, booster='gbtree', colsample_bylevel=1,\n",
       "             colsample_bynode=1, colsample_bytree=1, enable_categorical=False,\n",
       "             gamma=0, gpu_id=-1, importance_type=None,\n",
       "             interaction_constraints='', learning_rate=0.05, max_delta_step=0,\n",
       "             max_depth=2, min_child_weight=1, missing=nan,\n",
       "             monotone_constraints='()', n_estimators=1500, n_jobs=8,\n",
       "             num_parallel_tree=1, predictor='auto', random_state=0, reg_alpha=0,\n",
       "             reg_lambda=1, scale_pos_weight=1, subsample=1, tree_method='exact',\n",
       "             validate_parameters=1, verbosity=None)"
      ]
     },
     "execution_count": 154,
     "metadata": {},
     "output_type": "execute_result"
    }
   ],
   "source": [
    "#fitting the model\n",
    "new_XG_model1.fit(new_X_train, new_y_train)"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 155,
   "id": "19a3df80",
   "metadata": {},
   "outputs": [],
   "source": [
    "#predict the test data\n",
    "new_y_pred1 = new_XG_model1.predict(new_X_test1)"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 156,
   "id": "dd733781",
   "metadata": {},
   "outputs": [
    {
     "name": "stdout",
     "output_type": "stream",
     "text": [
      "Mean Absolute Error: 69493.09799306658\n",
      "Mean Squared Error: 9014938196.038923\n",
      "Root Mean Squared Error: 94947.02836865892\n",
      "Accuracy Score : 0.7165818338914673\n"
     ]
    }
   ],
   "source": [
    "#checking the accuracy\n",
    "new_MAE_XG1 =metrics.mean_absolute_error(new_y_test, new_y_pred1)\n",
    "print('Mean Absolute Error:', new_MAE_XG1)\n",
    "new_MSE_XG1 =metrics.mean_squared_error(new_y_test, new_y_pred1)\n",
    "print('Mean Squared Error:', new_MSE_XG1)\n",
    "new_RMSE_XG1=np.sqrt(metrics.mean_squared_error(new_y_test, new_y_pred1))\n",
    "print('Root Mean Squared Error:', new_RMSE_XG1)\n",
    "new_ACC_XG1 =metrics.r2_score(new_y_test,new_y_pred1)\n",
    "print('Accuracy Score :',new_ACC_XG1)"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 157,
   "id": "b9f9701d",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "text/plain": [
       "['xgboost_model1.sav']"
      ]
     },
     "execution_count": 157,
     "metadata": {},
     "output_type": "execute_result"
    }
   ],
   "source": [
    "#saving XGBoost model\n",
    "filename = 'xgboost_model1.sav'\n",
    "joblib.dump(new_XG_model, filename)"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 158,
   "id": "7fc6c4e1",
   "metadata": {},
   "outputs": [],
   "source": [
    "#saving the dataset\n",
    "dummy_df1.to_csv(r'dummy_csv.csv')"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": null,
   "id": "d496f92d",
   "metadata": {},
   "outputs": [],
   "source": []
  },
  {
   "cell_type": "code",
   "execution_count": null,
   "id": "d6382bbd",
   "metadata": {},
   "outputs": [],
   "source": []
  },
  {
   "cell_type": "code",
   "execution_count": null,
   "id": "99662dd5",
   "metadata": {},
   "outputs": [],
   "source": []
  }
 ],
 "metadata": {
  "kernelspec": {
   "display_name": "Python 3 (ipykernel)",
   "language": "python",
   "name": "python3"
  },
  "language_info": {
   "codemirror_mode": {
    "name": "ipython",
    "version": 3
   },
   "file_extension": ".py",
   "mimetype": "text/x-python",
   "name": "python",
   "nbconvert_exporter": "python",
   "pygments_lexer": "ipython3",
   "version": "3.9.7"
  }
 },
 "nbformat": 4,
 "nbformat_minor": 5
}


{
 "cells": [
  {
   "cell_type": "markdown",
   "id": "9e34373f",
   "metadata": {},
   "source": [
    "# Predicting the House Price Index using Machine Learning Model"
   ]
  },
  {
   "cell_type": "markdown",
   "id": "c23670f8",
   "metadata": {},
   "source": [
    "## Using LSTM Model "
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 1,
   "id": "67c5e88b",
   "metadata": {},
   "outputs": [],
   "source": [
    "#importing various libraries\n",
    "import pandas as pd\n",
    "import numpy as np\n",
    "import seaborn as sns\n",
    "import matplotlib.pyplot as plt\n",
    "from sklearn.preprocessing import MinMaxScaler\n",
    "from tensorflow.keras.models import Sequential\n",
    "from tensorflow.keras.layers import Dense, Dropout\n",
    "from tensorflow.keras.layers import LSTM\n",
    "import math\n",
    "from sklearn.metrics import mean_squared_error"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 2,
   "id": "c99e7d7c",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "text/html": [
       "<div>\n",
       "<style scoped>\n",
       "    .dataframe tbody tr th:only-of-type {\n",
       "        vertical-align: middle;\n",
       "    }\n",
       "\n",
       "    .dataframe tbody tr th {\n",
       "        vertical-align: top;\n",
       "    }\n",
       "\n",
       "    .dataframe thead th {\n",
       "        text-align: right;\n",
       "    }\n",
       "</style>\n",
       "<table border=\"1\" class=\"dataframe\">\n",
       "  <thead>\n",
       "    <tr style=\"text-align: right;\">\n",
       "      <th></th>\n",
       "      <th>Date</th>\n",
       "      <th>Region_Name</th>\n",
       "      <th>Area_Code</th>\n",
       "      <th>Index</th>\n",
       "    </tr>\n",
       "  </thead>\n",
       "  <tbody>\n",
       "    <tr>\n",
       "      <th>0</th>\n",
       "      <td>1968-04-01</td>\n",
       "      <td>England</td>\n",
       "      <td>E92000001</td>\n",
       "      <td>1.680067</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>1</th>\n",
       "      <td>1968-04-01</td>\n",
       "      <td>Scotland</td>\n",
       "      <td>S92000003</td>\n",
       "      <td>2.108087</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>2</th>\n",
       "      <td>1968-04-01</td>\n",
       "      <td>Northern Ireland</td>\n",
       "      <td>N92000001</td>\n",
       "      <td>3.300420</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>3</th>\n",
       "      <td>1968-04-01</td>\n",
       "      <td>Wales</td>\n",
       "      <td>W92000004</td>\n",
       "      <td>2.119327</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>4</th>\n",
       "      <td>1968-04-01</td>\n",
       "      <td>West Midlands Region</td>\n",
       "      <td>E12000005</td>\n",
       "      <td>2.097808</td>\n",
       "    </tr>\n",
       "  </tbody>\n",
       "</table>\n",
       "</div>"
      ],
      "text/plain": [
       "         Date           Region_Name  Area_Code     Index\n",
       "0  1968-04-01               England  E92000001  1.680067\n",
       "1  1968-04-01              Scotland  S92000003  2.108087\n",
       "2  1968-04-01      Northern Ireland  N92000001  3.300420\n",
       "3  1968-04-01                 Wales  W92000004  2.119327\n",
       "4  1968-04-01  West Midlands Region  E12000005  2.097808"
      ]
     },
     "execution_count": 2,
     "metadata": {},
     "output_type": "execute_result"
    }
   ],
   "source": [
    "#importing the dataset\n",
    "df = pd.read_csv(r'indices_dataset/Indices-2022-05_ONS.csv')\n",
    "df.head()"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 3,
   "id": "bf7d36b4",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "text/html": [
       "<div>\n",
       "<style scoped>\n",
       "    .dataframe tbody tr th:only-of-type {\n",
       "        vertical-align: middle;\n",
       "    }\n",
       "\n",
       "    .dataframe tbody tr th {\n",
       "        vertical-align: top;\n",
       "    }\n",
       "\n",
       "    .dataframe thead th {\n",
       "        text-align: right;\n",
       "    }\n",
       "</style>\n",
       "<table border=\"1\" class=\"dataframe\">\n",
       "  <thead>\n",
       "    <tr style=\"text-align: right;\">\n",
       "      <th></th>\n",
       "      <th>Date</th>\n",
       "      <th>Region_Name</th>\n",
       "      <th>Area_Code</th>\n",
       "      <th>Index</th>\n",
       "    </tr>\n",
       "  </thead>\n",
       "  <tbody>\n",
       "    <tr>\n",
       "      <th>9</th>\n",
       "      <td>1968-04-01</td>\n",
       "      <td>United Kingdom</td>\n",
       "      <td>K02000001</td>\n",
       "      <td>1.885299</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>19</th>\n",
       "      <td>1968-05-01</td>\n",
       "      <td>United Kingdom</td>\n",
       "      <td>K02000001</td>\n",
       "      <td>1.885299</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>29</th>\n",
       "      <td>1968-06-01</td>\n",
       "      <td>United Kingdom</td>\n",
       "      <td>K02000001</td>\n",
       "      <td>1.885299</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>39</th>\n",
       "      <td>1968-07-01</td>\n",
       "      <td>United Kingdom</td>\n",
       "      <td>K02000001</td>\n",
       "      <td>1.949207</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>49</th>\n",
       "      <td>1968-08-01</td>\n",
       "      <td>United Kingdom</td>\n",
       "      <td>K02000001</td>\n",
       "      <td>1.949207</td>\n",
       "    </tr>\n",
       "  </tbody>\n",
       "</table>\n",
       "</div>"
      ],
      "text/plain": [
       "          Date     Region_Name  Area_Code     Index\n",
       "9   1968-04-01  United Kingdom  K02000001  1.885299\n",
       "19  1968-05-01  United Kingdom  K02000001  1.885299\n",
       "29  1968-06-01  United Kingdom  K02000001  1.885299\n",
       "39  1968-07-01  United Kingdom  K02000001  1.949207\n",
       "49  1968-08-01  United Kingdom  K02000001  1.949207"
      ]
     },
     "execution_count": 3,
     "metadata": {},
     "output_type": "execute_result"
    }
   ],
   "source": [
    "# Since there are different regions , thus selecting region as UK\n",
    "df = df[df.Region_Name=='United Kingdom']\n",
    "df.head()"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 4,
   "id": "a9ff7f87",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "text/html": [
       "<div>\n",
       "<style scoped>\n",
       "    .dataframe tbody tr th:only-of-type {\n",
       "        vertical-align: middle;\n",
       "    }\n",
       "\n",
       "    .dataframe tbody tr th {\n",
       "        vertical-align: top;\n",
       "    }\n",
       "\n",
       "    .dataframe thead th {\n",
       "        text-align: right;\n",
       "    }\n",
       "</style>\n",
       "<table border=\"1\" class=\"dataframe\">\n",
       "  <thead>\n",
       "    <tr style=\"text-align: right;\">\n",
       "      <th></th>\n",
       "      <th>Date</th>\n",
       "      <th>Index</th>\n",
       "    </tr>\n",
       "  </thead>\n",
       "  <tbody>\n",
       "    <tr>\n",
       "      <th>9</th>\n",
       "      <td>1968-04-01</td>\n",
       "      <td>1.885299</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>19</th>\n",
       "      <td>1968-05-01</td>\n",
       "      <td>1.885299</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>29</th>\n",
       "      <td>1968-06-01</td>\n",
       "      <td>1.885299</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>39</th>\n",
       "      <td>1968-07-01</td>\n",
       "      <td>1.949207</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>49</th>\n",
       "      <td>1968-08-01</td>\n",
       "      <td>1.949207</td>\n",
       "    </tr>\n",
       "  </tbody>\n",
       "</table>\n",
       "</div>"
      ],
      "text/plain": [
       "          Date     Index\n",
       "9   1968-04-01  1.885299\n",
       "19  1968-05-01  1.885299\n",
       "29  1968-06-01  1.885299\n",
       "39  1968-07-01  1.949207\n",
       "49  1968-08-01  1.949207"
      ]
     },
     "execution_count": 4,
     "metadata": {},
     "output_type": "execute_result"
    }
   ],
   "source": [
    "#Dropping the area code column and region name as it is not required\n",
    "df.drop(['Area_Code','Region_Name'],axis=1,inplace=True)\n",
    "df.head()"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 5,
   "id": "e5bff21d",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "text/plain": [
       "Date      object\n",
       "Index    float64\n",
       "dtype: object"
      ]
     },
     "execution_count": 5,
     "metadata": {},
     "output_type": "execute_result"
    }
   ],
   "source": [
    "#checking the datatypes\n",
    "df.dtypes"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 6,
   "id": "184b9107",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "text/plain": [
       "(650, 2)"
      ]
     },
     "execution_count": 6,
     "metadata": {},
     "output_type": "execute_result"
    }
   ],
   "source": [
    "#checking the length of records\n",
    "df.shape"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 7,
   "id": "09636647",
   "metadata": {},
   "outputs": [
    {
     "name": "stdout",
     "output_type": "stream",
     "text": [
      "Starting of the dataset : 1968-04-01\n",
      "Ending of the dataset : 2022-05-01\n"
     ]
    }
   ],
   "source": [
    "#checking the to and from dates :\n",
    "print(\"Starting of the dataset :\",df.Date.min())\n",
    "print(\"Ending of the dataset :\",df.Date.max())"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 8,
   "id": "7cefc580",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "text/plain": [
       "Text(0.5, 1.0, 'HPI Index(1968-2022)')"
      ]
     },
     "execution_count": 8,
     "metadata": {},
     "output_type": "execute_result"
    },
    {
     "data": {
      "image/png": "\n",
      "text/plain": [
       "<Figure size 1152x576 with 1 Axes>"
      ]
     },
     "metadata": {},
     "output_type": "display_data"
    }
   ],
   "source": [
    "#plotting the data series\n",
    "\n",
    "sns.set(rc={'figure.figsize':(16,8)})\n",
    "sns.lineplot(data=df , x='Date',y='Index')\n",
    "plt.title(\"HPI Index(1968-2022)\")"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 9,
   "id": "09663066",
   "metadata": {},
   "outputs": [],
   "source": [
    "#only saving the index values of HPI\n",
    "df =df['Index']"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 10,
   "id": "980238be",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "text/plain": [
       "9           1.885299\n",
       "19          1.885299\n",
       "29          1.885299\n",
       "39          1.949207\n",
       "49          1.949207\n",
       "             ...    \n",
       "135249    143.422582\n",
       "135670    144.646684\n",
       "136091    145.556596\n",
       "136512    146.898652\n",
       "136933    148.688246\n",
       "Name: Index, Length: 650, dtype: float64"
      ]
     },
     "execution_count": 10,
     "metadata": {},
     "output_type": "execute_result"
    }
   ],
   "source": [
    "#viewing the values\n",
    "df"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 11,
   "id": "d4cc2b84",
   "metadata": {},
   "outputs": [],
   "source": [
    "#scaling down the magnitude of index\n",
    "scaler = MinMaxScaler(feature_range=(0,1))\n",
    "df = scaler.fit_transform(np.array(df).reshape(-1,1))"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 12,
   "id": "4318b38d",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "text/plain": [
       "(650, 1)"
      ]
     },
     "execution_count": 12,
     "metadata": {},
     "output_type": "execute_result"
    }
   ],
   "source": [
    "#checking the shape\n",
    "df.shape"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 13,
   "id": "0bedad25",
   "metadata": {},
   "outputs": [],
   "source": [
    "#splitting dataset into train and test split\n",
    "size =int(len(df)*0.65)\n",
    "test_size =len(df)-size\n",
    "train_data,test_data = df[0:size,:],df[size:len(df),:]"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 14,
   "id": "81d93d1e",
   "metadata": {},
   "outputs": [
    {
     "name": "stdout",
     "output_type": "stream",
     "text": [
      "length of training data 422\n",
      "length of test data 228\n"
     ]
    }
   ],
   "source": [
    "#checking length of train and test data\n",
    "print(\"length of training data\", len(train_data))\n",
    "print(\"length of test data\", len(test_data))"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 15,
   "id": "20cebedb",
   "metadata": {},
   "outputs": [],
   "source": [
    "# create a function for dataset matrix\n",
    "def mat_data(data, step=1):\n",
    "    X = []\n",
    "    Y = []\n",
    "    for i in range(len(data)-step-1):\n",
    "        a = data[i:(i+step), 0]    \n",
    "        X.append(a)\n",
    "        Y.append(data[i + step, 0])\n",
    "    return np.array(X), np.array(Y)"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 16,
   "id": "3d40a9b0",
   "metadata": {},
   "outputs": [],
   "source": [
    "#diving the train and test data into time step of 30\n",
    "time_step = 30\n",
    "X_train, y_train = mat_data(train_data, time_step)\n",
    "X_test, y_test = mat_data(test_data, time_step)"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 17,
   "id": "5db6dc36",
   "metadata": {},
   "outputs": [
    {
     "name": "stdout",
     "output_type": "stream",
     "text": [
      "[[0.00000000e+00 0.00000000e+00 0.00000000e+00 ... 2.03156249e-03\n",
      "  2.03156249e-03 2.03156249e-03]\n",
      " [0.00000000e+00 0.00000000e+00 4.35334823e-04 ... 2.03156249e-03\n",
      "  2.03156249e-03 2.03156249e-03]\n",
      " [0.00000000e+00 4.35334823e-04 4.35334823e-04 ... 2.03156249e-03\n",
      "  2.03156249e-03 2.03156249e-03]\n",
      " ...\n",
      " [3.11957442e-01 3.11957442e-01 3.21647174e-01 ... 4.21954311e-01\n",
      "  4.36411391e-01 4.33158548e-01]\n",
      " [3.11957442e-01 3.21647174e-01 3.21647174e-01 ... 4.36411391e-01\n",
      "  4.33158548e-01 4.28459997e-01]\n",
      " [3.21647174e-01 3.21647174e-01 3.21647174e-01 ... 4.33158548e-01\n",
      "  4.28459997e-01 4.37857099e-01]]\n"
     ]
    }
   ],
   "source": [
    "#checking the values of x train\n",
    "print(X_train)"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 18,
   "id": "297dd047",
   "metadata": {},
   "outputs": [
    {
     "name": "stdout",
     "output_type": "stream",
     "text": [
      "[[0.44653135 0.45448274 0.46279556 ... 0.55586832 0.55473012 0.55641929]\n",
      " [0.45448274 0.46279556 0.46134985 ... 0.55473012 0.55641929 0.55953338]\n",
      " [0.46279556 0.46134985 0.46966268 ... 0.55641929 0.55953338 0.5586793 ]\n",
      " ...\n",
      " [0.82090066 0.82150806 0.81930461 ... 0.94848795 0.95370845 0.96413108]\n",
      " [0.82150806 0.81930461 0.81636438 ... 0.95370845 0.96413108 0.97246947]\n",
      " [0.81930461 0.81636438 0.81527782 ... 0.96413108 0.97246947 0.97866766]]\n"
     ]
    }
   ],
   "source": [
    "#checking the values of y train\n",
    "print(X_test)"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 19,
   "id": "183947d9",
   "metadata": {},
   "outputs": [
    {
     "name": "stdout",
     "output_type": "stream",
     "text": [
      "Shape of X train (391, 30)\n",
      "Shape of X test (197, 30)\n",
      "Shape of y train (391,)\n",
      "Shape of y test (197,)\n"
     ]
    }
   ],
   "source": [
    "#checking the shape of train and test data\n",
    "print('Shape of X train',X_train.shape)\n",
    "print('Shape of X test',X_test.shape)\n",
    "print('Shape of y train',y_train.shape)\n",
    "print('Shape of y test',y_test.shape)"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 20,
   "id": "08f57f3f",
   "metadata": {},
   "outputs": [],
   "source": [
    "#reshape the dataset for model building\n",
    "X_train =X_train.reshape(X_train.shape[0],X_train.shape[1] , 1)\n",
    "X_test = X_test.reshape(X_test.shape[0],X_test.shape[1] , 1)"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 22,
   "id": "3701d53b",
   "metadata": {},
   "outputs": [],
   "source": [
    "#LSTM model building\n",
    "model_LSTM=Sequential()\n",
    "model_LSTM.add(LSTM(64,return_sequences=True,input_shape=(30,1)))\n",
    "model_LSTM.add(Dropout(0.2))\n",
    "model_LSTM.add(LSTM(32))\n",
    "model_LSTM.add(Dense(1))\n",
    "model_LSTM.compile(loss='mean_squared_error',optimizer='adam')"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 24,
   "id": "7bf32033",
   "metadata": {},
   "outputs": [
    {
     "name": "stdout",
     "output_type": "stream",
     "text": [
      "Model: \"sequential\"\n",
      "_________________________________________________________________\n",
      " Layer (type)                Output Shape              Param #   \n",
      "=================================================================\n",
      " lstm (LSTM)                 (None, 30, 64)            16896     \n",
      "                                                                 \n",
      " dropout (Dropout)           (None, 30, 64)            0         \n",
      "                                                                 \n",
      " lstm_1 (LSTM)               (None, 32)                12416     \n",
      "                                                                 \n",
      " dense (Dense)               (None, 1)                 33        \n",
      "                                                                 \n",
      "=================================================================\n",
      "Total params: 29,345\n",
      "Trainable params: 29,345\n",
      "Non-trainable params: 0\n",
      "_________________________________________________________________\n"
     ]
    }
   ],
   "source": [
    "#checking the model summary\n",
    "model_LSTM.summary()"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 30,
   "id": "d8718424",
   "metadata": {},
   "outputs": [
    {
     "name": "stdout",
     "output_type": "stream",
     "text": [
      "Epoch 1/100\n",
      "7/7 [==============================] - 1s 96ms/step - loss: 7.4352e-05 - val_loss: 0.0035\n",
      "Epoch 2/100\n",
      "7/7 [==============================] - 0s 62ms/step - loss: 6.3077e-05 - val_loss: 0.0035\n",
      "Epoch 3/100\n",
      "7/7 [==============================] - 0s 67ms/step - loss: 6.0944e-05 - val_loss: 0.0035\n",
      "Epoch 4/100\n",
      "7/7 [==============================] - 0s 63ms/step - loss: 5.4397e-05 - val_loss: 0.0023\n",
      "Epoch 5/100\n",
      "7/7 [==============================] - 1s 84ms/step - loss: 5.1867e-05 - val_loss: 0.0039\n",
      "Epoch 6/100\n",
      "7/7 [==============================] - 1s 85ms/step - loss: 5.5977e-05 - val_loss: 0.0036\n",
      "Epoch 7/100\n",
      "7/7 [==============================] - 1s 87ms/step - loss: 6.1370e-05 - val_loss: 0.0020\n",
      "Epoch 8/100\n",
      "7/7 [==============================] - 0s 71ms/step - loss: 5.4096e-05 - val_loss: 0.0055\n",
      "Epoch 9/100\n",
      "7/7 [==============================] - 1s 99ms/step - loss: 6.1217e-05 - val_loss: 0.0042\n",
      "Epoch 10/100\n",
      "7/7 [==============================] - 0s 65ms/step - loss: 5.7178e-05 - val_loss: 9.5469e-04\n",
      "Epoch 11/100\n",
      "7/7 [==============================] - 0s 65ms/step - loss: 7.6840e-05 - val_loss: 0.0035\n",
      "Epoch 12/100\n",
      "7/7 [==============================] - 0s 68ms/step - loss: 6.9656e-05 - val_loss: 0.0053\n",
      "Epoch 13/100\n",
      "7/7 [==============================] - 1s 73ms/step - loss: 6.1387e-05 - val_loss: 0.0015\n",
      "Epoch 14/100\n",
      "7/7 [==============================] - 1s 87ms/step - loss: 5.8458e-05 - val_loss: 0.0037\n",
      "Epoch 15/100\n",
      "7/7 [==============================] - 1s 77ms/step - loss: 5.8463e-05 - val_loss: 0.0025\n",
      "Epoch 16/100\n",
      "7/7 [==============================] - 0s 69ms/step - loss: 6.0075e-05 - val_loss: 0.0031\n",
      "Epoch 17/100\n",
      "7/7 [==============================] - 1s 67ms/step - loss: 5.2380e-05 - val_loss: 0.0085\n",
      "Epoch 18/100\n",
      "7/7 [==============================] - 0s 66ms/step - loss: 8.3721e-05 - val_loss: 0.0023\n",
      "Epoch 19/100\n",
      "7/7 [==============================] - 1s 73ms/step - loss: 7.6698e-05 - val_loss: 0.0013\n",
      "Epoch 20/100\n",
      "7/7 [==============================] - 0s 69ms/step - loss: 1.2203e-04 - val_loss: 0.0043\n",
      "Epoch 21/100\n",
      "7/7 [==============================] - 0s 66ms/step - loss: 7.0012e-05 - val_loss: 0.0027\n",
      "Epoch 22/100\n",
      "7/7 [==============================] - 0s 68ms/step - loss: 6.0327e-05 - val_loss: 0.0022\n",
      "Epoch 23/100\n",
      "7/7 [==============================] - 1s 72ms/step - loss: 6.0236e-05 - val_loss: 0.0063\n",
      "Epoch 24/100\n",
      "7/7 [==============================] - 0s 72ms/step - loss: 6.6795e-05 - val_loss: 0.0054\n",
      "Epoch 25/100\n",
      "7/7 [==============================] - 0s 65ms/step - loss: 6.4809e-05 - val_loss: 0.0015\n",
      "Epoch 26/100\n",
      "7/7 [==============================] - 1s 78ms/step - loss: 5.7350e-05 - val_loss: 0.0046\n",
      "Epoch 27/100\n",
      "7/7 [==============================] - 0s 65ms/step - loss: 6.1886e-05 - val_loss: 0.0028\n",
      "Epoch 28/100\n",
      "7/7 [==============================] - 1s 85ms/step - loss: 6.8587e-05 - val_loss: 0.0026\n",
      "Epoch 29/100\n",
      "7/7 [==============================] - 0s 67ms/step - loss: 5.7491e-05 - val_loss: 0.0032\n",
      "Epoch 30/100\n",
      "7/7 [==============================] - 0s 70ms/step - loss: 6.2797e-05 - val_loss: 0.0010\n",
      "Epoch 31/100\n",
      "7/7 [==============================] - 1s 73ms/step - loss: 6.2969e-05 - val_loss: 0.0024\n",
      "Epoch 32/100\n",
      "7/7 [==============================] - 0s 69ms/step - loss: 7.3474e-05 - val_loss: 0.0022\n",
      "Epoch 33/100\n",
      "7/7 [==============================] - 0s 68ms/step - loss: 7.3155e-05 - val_loss: 0.0022\n",
      "Epoch 34/100\n",
      "7/7 [==============================] - 0s 71ms/step - loss: 6.1248e-05 - val_loss: 0.0023\n",
      "Epoch 35/100\n",
      "7/7 [==============================] - 0s 71ms/step - loss: 5.1920e-05 - val_loss: 0.0017\n",
      "Epoch 36/100\n",
      "7/7 [==============================] - 1s 89ms/step - loss: 4.4118e-05 - val_loss: 0.0027\n",
      "Epoch 37/100\n",
      "7/7 [==============================] - 0s 55ms/step - loss: 6.8842e-05 - val_loss: 0.0011\n",
      "Epoch 38/100\n",
      "7/7 [==============================] - 0s 60ms/step - loss: 6.9882e-05 - val_loss: 4.2578e-04\n",
      "Epoch 39/100\n",
      "7/7 [==============================] - 0s 56ms/step - loss: 7.9708e-05 - val_loss: 0.0017\n",
      "Epoch 40/100\n",
      "7/7 [==============================] - 0s 54ms/step - loss: 5.9638e-05 - val_loss: 0.0038\n",
      "Epoch 41/100\n",
      "7/7 [==============================] - 0s 55ms/step - loss: 7.6531e-05 - val_loss: 0.0020\n",
      "Epoch 42/100\n",
      "7/7 [==============================] - 0s 67ms/step - loss: 5.5602e-05 - val_loss: 0.0027\n",
      "Epoch 43/100\n",
      "7/7 [==============================] - 0s 64ms/step - loss: 5.9910e-05 - val_loss: 0.0014\n",
      "Epoch 44/100\n",
      "7/7 [==============================] - 0s 69ms/step - loss: 5.3277e-05 - val_loss: 0.0010\n",
      "Epoch 45/100\n",
      "7/7 [==============================] - 0s 66ms/step - loss: 5.1738e-05 - val_loss: 0.0031\n",
      "Epoch 46/100\n",
      "7/7 [==============================] - 0s 62ms/step - loss: 4.8882e-05 - val_loss: 0.0014\n",
      "Epoch 47/100\n",
      "7/7 [==============================] - 0s 65ms/step - loss: 5.1974e-05 - val_loss: 0.0015\n",
      "Epoch 48/100\n",
      "7/7 [==============================] - 0s 67ms/step - loss: 4.7365e-05 - val_loss: 0.0017\n",
      "Epoch 49/100\n",
      "7/7 [==============================] - 0s 66ms/step - loss: 6.5271e-05 - val_loss: 0.0011\n",
      "Epoch 50/100\n",
      "7/7 [==============================] - 1s 116ms/step - loss: 5.4255e-05 - val_loss: 0.0022\n",
      "Epoch 51/100\n",
      "7/7 [==============================] - 1s 89ms/step - loss: 4.4477e-05 - val_loss: 0.0020\n",
      "Epoch 52/100\n",
      "7/7 [==============================] - 0s 65ms/step - loss: 6.2924e-05 - val_loss: 0.0029\n",
      "Epoch 53/100\n",
      "7/7 [==============================] - 0s 65ms/step - loss: 7.5896e-05 - val_loss: 0.0010\n",
      "Epoch 54/100\n",
      "7/7 [==============================] - 0s 71ms/step - loss: 7.0213e-05 - val_loss: 0.0017\n",
      "Epoch 55/100\n",
      "7/7 [==============================] - 0s 69ms/step - loss: 4.3784e-05 - val_loss: 0.0040\n",
      "Epoch 56/100\n",
      "7/7 [==============================] - 0s 70ms/step - loss: 5.5080e-05 - val_loss: 0.0013\n",
      "Epoch 57/100\n",
      "7/7 [==============================] - 1s 115ms/step - loss: 5.6540e-05 - val_loss: 0.0046\n",
      "Epoch 58/100\n",
      "7/7 [==============================] - 1s 89ms/step - loss: 5.5590e-05 - val_loss: 0.0017\n",
      "Epoch 59/100\n",
      "7/7 [==============================] - 0s 63ms/step - loss: 6.1450e-05 - val_loss: 0.0012\n",
      "Epoch 60/100\n",
      "7/7 [==============================] - 0s 54ms/step - loss: 4.8183e-05 - val_loss: 0.0035\n",
      "Epoch 61/100\n",
      "7/7 [==============================] - 0s 68ms/step - loss: 4.5041e-05 - val_loss: 0.0013\n",
      "Epoch 62/100\n",
      "7/7 [==============================] - 0s 55ms/step - loss: 5.4074e-05 - val_loss: 0.0030\n",
      "Epoch 63/100\n",
      "7/7 [==============================] - 0s 65ms/step - loss: 5.3017e-05 - val_loss: 0.0027\n",
      "Epoch 64/100\n",
      "7/7 [==============================] - 0s 67ms/step - loss: 5.4609e-05 - val_loss: 0.0027e\n",
      "Epoch 65/100\n",
      "7/7 [==============================] - 0s 56ms/step - loss: 6.5653e-05 - val_loss: 0.0062\n",
      "Epoch 66/100\n",
      "7/7 [==============================] - 0s 69ms/step - loss: 5.9848e-05 - val_loss: 0.0022\n",
      "Epoch 67/100\n",
      "7/7 [==============================] - 1s 73ms/step - loss: 5.1254e-05 - val_loss: 0.0036\n",
      "Epoch 68/100\n",
      "7/7 [==============================] - 1s 74ms/step - loss: 5.1232e-05 - val_loss: 0.0043\n",
      "Epoch 69/100\n",
      "7/7 [==============================] - 0s 67ms/step - loss: 5.1521e-05 - val_loss: 0.0029\n",
      "Epoch 70/100\n",
      "7/7 [==============================] - 0s 66ms/step - loss: 4.4319e-05 - val_loss: 0.0019\n",
      "Epoch 71/100\n",
      "7/7 [==============================] - 0s 61ms/step - loss: 7.0545e-05 - val_loss: 0.0031\n",
      "Epoch 72/100\n",
      "7/7 [==============================] - 0s 69ms/step - loss: 6.3606e-05 - val_loss: 0.0024\n",
      "Epoch 73/100\n",
      "7/7 [==============================] - 0s 68ms/step - loss: 7.1248e-05 - val_loss: 0.0022\n",
      "Epoch 74/100\n",
      "7/7 [==============================] - 1s 80ms/step - loss: 6.2988e-05 - val_loss: 0.0052\n",
      "Epoch 75/100\n",
      "7/7 [==============================] - 0s 66ms/step - loss: 7.1046e-05 - val_loss: 0.0019\n",
      "Epoch 76/100\n",
      "7/7 [==============================] - 0s 67ms/step - loss: 6.4913e-05 - val_loss: 0.0023\n",
      "Epoch 77/100\n",
      "7/7 [==============================] - 0s 69ms/step - loss: 5.6634e-05 - val_loss: 0.0027\n",
      "Epoch 78/100\n",
      "7/7 [==============================] - 0s 66ms/step - loss: 6.5549e-05 - val_loss: 0.0014\n",
      "Epoch 79/100\n",
      "7/7 [==============================] - 0s 66ms/step - loss: 6.2490e-05 - val_loss: 0.0016e-\n",
      "Epoch 80/100\n",
      "7/7 [==============================] - 0s 55ms/step - loss: 4.2525e-05 - val_loss: 0.0031\n",
      "Epoch 81/100\n",
      "7/7 [==============================] - 0s 57ms/step - loss: 4.5895e-05 - val_loss: 0.0018\n",
      "Epoch 82/100\n",
      "7/7 [==============================] - 0s 60ms/step - loss: 4.9728e-05 - val_loss: 0.0026\n",
      "Epoch 83/100\n",
      "7/7 [==============================] - 0s 57ms/step - loss: 5.1288e-05 - val_loss: 0.0016\n",
      "Epoch 84/100\n",
      "7/7 [==============================] - 0s 63ms/step - loss: 4.8391e-05 - val_loss: 0.0033\n",
      "Epoch 85/100\n",
      "7/7 [==============================] - 0s 66ms/step - loss: 5.1617e-05 - val_loss: 0.0032\n",
      "Epoch 86/100\n",
      "7/7 [==============================] - 0s 67ms/step - loss: 5.5168e-05 - val_loss: 0.0024\n",
      "Epoch 87/100\n",
      "7/7 [==============================] - 0s 63ms/step - loss: 4.1906e-05 - val_loss: 0.0019\n",
      "Epoch 88/100\n",
      "7/7 [==============================] - 0s 72ms/step - loss: 5.4777e-05 - val_loss: 0.0025\n",
      "Epoch 89/100\n",
      "7/7 [==============================] - 0s 67ms/step - loss: 4.8762e-05 - val_loss: 0.0032\n",
      "Epoch 90/100\n",
      "7/7 [==============================] - 0s 72ms/step - loss: 4.4579e-05 - val_loss: 0.0011\n",
      "Epoch 91/100\n",
      "7/7 [==============================] - 0s 67ms/step - loss: 5.4594e-05 - val_loss: 0.0018\n",
      "Epoch 92/100\n",
      "7/7 [==============================] - 0s 69ms/step - loss: 4.8852e-05 - val_loss: 0.0033\n",
      "Epoch 93/100\n",
      "7/7 [==============================] - 0s 65ms/step - loss: 4.4598e-05 - val_loss: 0.0020\n",
      "Epoch 94/100\n",
      "7/7 [==============================] - 0s 69ms/step - loss: 4.3907e-05 - val_loss: 0.0025\n",
      "Epoch 95/100\n",
      "7/7 [==============================] - 1s 98ms/step - loss: 5.5571e-05 - val_loss: 0.0030\n",
      "Epoch 96/100\n",
      "7/7 [==============================] - 0s 55ms/step - loss: 7.0220e-05 - val_loss: 9.7533e-04\n",
      "Epoch 97/100\n",
      "7/7 [==============================] - 0s 57ms/step - loss: 6.8708e-05 - val_loss: 0.0011\n",
      "Epoch 98/100\n",
      "7/7 [==============================] - 0s 65ms/step - loss: 7.7052e-05 - val_loss: 0.0023\n",
      "Epoch 99/100\n",
      "7/7 [==============================] - 0s 67ms/step - loss: 5.1925e-05 - val_loss: 0.0015\n",
      "Epoch 100/100\n",
      "7/7 [==============================] - 0s 68ms/step - loss: 4.9179e-05 - val_loss: 0.0032\n"
     ]
    },
    {
     "data": {
      "text/plain": [
       "<keras.callbacks.History at 0x2441f486df0>"
      ]
     },
     "execution_count": 30,
     "metadata": {},
     "output_type": "execute_result"
    }
   ],
   "source": [
    "#fitting the model\n",
    "model_LSTM.fit(X_train,y_train,validation_data=(X_test,y_test),epochs=100,batch_size=64,verbose=1)"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 31,
   "id": "f8684e1d",
   "metadata": {},
   "outputs": [],
   "source": [
    "#model prediction\n",
    "train_predict=model_LSTM.predict(X_train)\n",
    "test_predict=model_LSTM.predict(X_test)"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 32,
   "id": "56047579",
   "metadata": {},
   "outputs": [],
   "source": [
    "##Transferring the values  to original form\n",
    "train_predict=scaler.inverse_transform(train_predict)\n",
    "test_predict=scaler.inverse_transform(test_predict)"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 33,
   "id": "1f727d28",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "text/plain": [
       "26.935864344145358"
      ]
     },
     "execution_count": 33,
     "metadata": {},
     "output_type": "execute_result"
    }
   ],
   "source": [
    "#calculating the error rate for training data\n",
    "math.sqrt(mean_squared_error(y_train,train_predict))"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 34,
   "id": "131b4d36",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "text/plain": [
       "112.37433070307412"
      ]
     },
     "execution_count": 34,
     "metadata": {},
     "output_type": "execute_result"
    }
   ],
   "source": [
    "#calculating the error rate of test data\n",
    "math.sqrt(mean_squared_error(y_test,test_predict))"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 35,
   "id": "b495fafc",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "image/png": "\n",
      "text/plain": [
       "<Figure size 1152x720 with 1 Axes>"
      ]
     },
     "metadata": {},
     "output_type": "display_data"
    }
   ],
   "source": [
    "#plotting the train and test data with predicted data\n",
    "\n",
    "look_back=30\n",
    "trainPredictPlot = np.empty_like(df)\n",
    "trainPredictPlot[:, :] = np.nan\n",
    "trainPredictPlot[look_back:len(train_predict)+look_back, :] = train_predict\n",
    "# shift test predictions for plotting\n",
    "testPredictPlot = np.empty_like(df)\n",
    "testPredictPlot[:, :] = np.nan\n",
    "testPredictPlot[len(train_predict)+(look_back*2)+1:len(df)-1, :] = test_predict\n",
    "# plot baseline and predictions\n",
    "plt.figure(figsize=(16,10))\n",
    "plt.plot(scaler.inverse_transform(df), label ='Actual Data')\n",
    "plt.plot(trainPredictPlot, label='Train Predict Data')\n",
    "plt.plot(testPredictPlot,label='Test Predict Data')\n",
    "plt.legend()\n",
    "plt.show()"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 36,
   "id": "ac2fcdfc",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "text/plain": [
       "228"
      ]
     },
     "execution_count": 36,
     "metadata": {},
     "output_type": "execute_result"
    }
   ],
   "source": [
    "#checking the length of test data\n",
    "len(test_data)"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 37,
   "id": "089145a8",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "text/plain": [
       "(1, 30)"
      ]
     },
     "execution_count": 37,
     "metadata": {},
     "output_type": "execute_result"
    }
   ],
   "source": [
    "#picking the last 30 data items from test data to predict next\n",
    "x_input=test_data[198:].reshape(1,-1)\n",
    "x_input.shape"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 38,
   "id": "f20a9d16",
   "metadata": {},
   "outputs": [],
   "source": [
    "#creating a temporary list \n",
    "temp_input=list(x_input)\n",
    "temp_input=temp_input[0].tolist()"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 41,
   "id": "6771343c",
   "metadata": {},
   "outputs": [
    {
     "name": "stdout",
     "output_type": "stream",
     "text": [
      "[1.0680151]\n",
      "31\n",
      "1 Month input [0.8158052  0.81105029 0.8184629  0.81000977 0.81426109 0.82567772\n",
      " 0.83276479 0.84102041 0.85010828 0.8573754  0.86626959 0.87312353\n",
      " 0.87921897 0.87884944 0.89285238 0.88107928 0.88492283 0.9359855\n",
      " 0.89360627 0.91972175 0.95113835 0.93553713 0.94848795 0.95370845\n",
      " 0.96413108 0.97246947 0.97866766 0.98780955 1.         1.0680151 ]\n",
      "1 Month output [[1.0828885]]\n",
      "2 Month input [0.81105029 0.8184629  0.81000977 0.81426109 0.82567772 0.83276479\n",
      " 0.84102041 0.85010828 0.8573754  0.86626959 0.87312353 0.87921897\n",
      " 0.87884944 0.89285238 0.88107928 0.88492283 0.9359855  0.89360627\n",
      " 0.91972175 0.95113835 0.93553713 0.94848795 0.95370845 0.96413108\n",
      " 0.97246947 0.97866766 0.98780955 1.         1.0680151  1.08288848]\n",
      "2 Month output [[1.1018721]]\n",
      "3 Month input [0.8184629  0.81000977 0.81426109 0.82567772 0.83276479 0.84102041\n",
      " 0.85010828 0.8573754  0.86626959 0.87312353 0.87921897 0.87884944\n",
      " 0.89285238 0.88107928 0.88492283 0.9359855  0.89360627 0.91972175\n",
      " 0.95113835 0.93553713 0.94848795 0.95370845 0.96413108 0.97246947\n",
      " 0.97866766 0.98780955 1.         1.0680151  1.08288848 1.10187209]\n",
      "3 Month output [[1.1241963]]\n",
      "4 Month input [0.81000977 0.81426109 0.82567772 0.83276479 0.84102041 0.85010828\n",
      " 0.8573754  0.86626959 0.87312353 0.87921897 0.87884944 0.89285238\n",
      " 0.88107928 0.88492283 0.9359855  0.89360627 0.91972175 0.95113835\n",
      " 0.93553713 0.94848795 0.95370845 0.96413108 0.97246947 0.97866766\n",
      " 0.98780955 1.         1.0680151  1.08288848 1.10187209 1.12419629]\n",
      "4 Month output [[1.1491104]]\n",
      "5 Month input [0.81426109 0.82567772 0.83276479 0.84102041 0.85010828 0.8573754\n",
      " 0.86626959 0.87312353 0.87921897 0.87884944 0.89285238 0.88107928\n",
      " 0.88492283 0.9359855  0.89360627 0.91972175 0.95113835 0.93553713\n",
      " 0.94848795 0.95370845 0.96413108 0.97246947 0.97866766 0.98780955\n",
      " 1.         1.0680151  1.08288848 1.10187209 1.12419629 1.14911044]\n",
      "5 Month output [[1.1761914]]\n",
      "6 Month input [0.82567772 0.83276479 0.84102041 0.85010828 0.8573754  0.86626959\n",
      " 0.87312353 0.87921897 0.87884944 0.89285238 0.88107928 0.88492283\n",
      " 0.9359855  0.89360627 0.91972175 0.95113835 0.93553713 0.94848795\n",
      " 0.95370845 0.96413108 0.97246947 0.97866766 0.98780955 1.\n",
      " 1.0680151  1.08288848 1.10187209 1.12419629 1.14911044 1.17619145]\n",
      "6 Month output [[1.2048291]]\n",
      "7 Month input [0.83276479 0.84102041 0.85010828 0.8573754  0.86626959 0.87312353\n",
      " 0.87921897 0.87884944 0.89285238 0.88107928 0.88492283 0.9359855\n",
      " 0.89360627 0.91972175 0.95113835 0.93553713 0.94848795 0.95370845\n",
      " 0.96413108 0.97246947 0.97866766 0.98780955 1.         1.0680151\n",
      " 1.08288848 1.10187209 1.12419629 1.14911044 1.17619145 1.2048291 ]\n",
      "7 Month output [[1.2345588]]\n",
      "8 Month input [0.84102041 0.85010828 0.8573754  0.86626959 0.87312353 0.87921897\n",
      " 0.87884944 0.89285238 0.88107928 0.88492283 0.9359855  0.89360627\n",
      " 0.91972175 0.95113835 0.93553713 0.94848795 0.95370845 0.96413108\n",
      " 0.97246947 0.97866766 0.98780955 1.         1.0680151  1.08288848\n",
      " 1.10187209 1.12419629 1.14911044 1.17619145 1.2048291  1.23455882]\n",
      "8 Month output [[1.2650573]]\n",
      "9 Month input [0.85010828 0.8573754  0.86626959 0.87312353 0.87921897 0.87884944\n",
      " 0.89285238 0.88107928 0.88492283 0.9359855  0.89360627 0.91972175\n",
      " 0.95113835 0.93553713 0.94848795 0.95370845 0.96413108 0.97246947\n",
      " 0.97866766 0.98780955 1.         1.0680151  1.08288848 1.10187209\n",
      " 1.12419629 1.14911044 1.17619145 1.2048291  1.23455882 1.26505733]\n",
      "9 Month output [[1.2959816]]\n",
      "[[1.0680150985717773], [1.0828884840011597], [1.1018720865249634], [1.1241962909698486], [1.1491104364395142], [1.1761914491653442], [1.2048290967941284], [1.2345588207244873], [1.2650573253631592], [1.2959816455841064]]\n"
     ]
    }
   ],
   "source": [
    "#creating a loop which predicts the next 10 months \n",
    "lst_output=[]\n",
    "n_steps=30\n",
    "i=0\n",
    "while(i<10):\n",
    "    if(len(temp_input)>30):\n",
    "        #print(temp_input)\n",
    "        x_input=np.array(temp_input[1:])\n",
    "        print(\"{} Month input {}\".format(i,x_input))\n",
    "        x_input=x_input.reshape(1,-1)\n",
    "        x_input = x_input.reshape((1, n_steps, 1))\n",
    "        #print(x_input)\n",
    "        yhat = model_LSTM.predict(x_input, verbose=0)\n",
    "        print(\"{} Month output {}\".format(i,yhat))\n",
    "        temp_input.extend(yhat[0].tolist())\n",
    "        temp_input=temp_input[1:]\n",
    "        #print(temp_input)\n",
    "        lst_output.extend(yhat.tolist())\n",
    "        i=i+1\n",
    "    else:\n",
    "        x_input = x_input.reshape((1, n_steps,1))\n",
    "        yhat = model_LSTM.predict(x_input, verbose=0)\n",
    "        print(yhat[0])\n",
    "        temp_input.extend(yhat[0].tolist())\n",
    "        print(len(temp_input))\n",
    "        lst_output.extend(yhat.tolist())\n",
    "        i=i+1\n",
    "    \n",
    "\n",
    "print(lst_output)"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 42,
   "id": "00682bfb",
   "metadata": {},
   "outputs": [],
   "source": [
    "#creating variables for evenly ranged values\n",
    "day_new=np.arange(1,11)\n",
    "day_pred=np.arange(11,21)"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 43,
   "id": "b054cfe2",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "text/plain": [
       "[<matplotlib.lines.Line2D at 0x2442710b220>]"
      ]
     },
     "execution_count": 43,
     "metadata": {},
     "output_type": "execute_result"
    },
    {
     "data": {
      "image/png": "\n",
      "text/plain": [
       "<Figure size 1152x576 with 1 Axes>"
      ]
     },
     "metadata": {},
     "output_type": "display_data"
    }
   ],
   "source": [
    "plt.plot(day_new,scaler.inverse_transform(df[640:]))\n",
    "plt.plot(day_pred,scaler.inverse_transform(lst_output))"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 44,
   "id": "70265c7e",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "text/plain": [
       "[<matplotlib.lines.Line2D at 0x244271e7a60>]"
      ]
     },
     "execution_count": 44,
     "metadata": {},
     "output_type": "execute_result"
    },
    {
     "data": {
      "image/png": "\n",
      "text/plain": [
       "<Figure size 1152x576 with 1 Axes>"
      ]
     },
     "metadata": {},
     "output_type": "display_data"
    }
   ],
   "source": [
    "#adding the predicted values to the previous ones and plotting it\n",
    "df_ex=df.tolist()\n",
    "df_ex.extend(lst_output)\n",
    "plt.plot(df_ex[:680])"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 45,
   "id": "c335dba5",
   "metadata": {},
   "outputs": [],
   "source": [
    "#transforming the data\n",
    "df_ex=scaler.inverse_transform(df_ex).tolist()"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 46,
   "id": "e4df9c1a",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "text/plain": [
       "[<matplotlib.lines.Line2D at 0x2442744ce50>]"
      ]
     },
     "execution_count": 46,
     "metadata": {},
     "output_type": "execute_result"
    },
    {
     "data": {
      "image/png": "\n",
      "text/plain": [
       "<Figure size 1152x576 with 1 Axes>"
      ]
     },
     "metadata": {},
     "output_type": "display_data"
    }
   ],
   "source": [
    "#plotting the total \n",
    "plt.plot(df_ex)"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 47,
   "id": "9e51c988",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "text/plain": [
       "[[1.8852988130000001],\n",
       " [1.8852988130000001],\n",
       " [1.8852988130000001],\n",
       " [1.949207248],\n",
       " [1.949207248],\n",
       " [1.949207248],\n",
       " [1.938555842],\n",
       " [1.938555842],\n",
       " [1.938555842],\n",
       " [1.970510059],\n",
       " [1.970510059],\n",
       " [1.970510059],\n",
       " [2.002464276],\n",
       " [2.002464276],\n",
       " [2.002464276],\n",
       " [2.023767088],\n",
       " [2.023767088],\n",
       " [2.023767088],\n",
       " [2.045069899],\n",
       " [2.045069899],\n",
       " [2.045069899],\n",
       " [2.055721305],\n",
       " [2.055721305],\n",
       " [2.055721305],\n",
       " [2.087675522],\n",
       " [2.087675522],\n",
       " [2.087675522],\n",
       " [2.183538174],\n",
       " [2.183538174],\n",
       " [2.183538174],\n",
       " [2.183538174],\n",
       " [2.183538174],\n",
       " [2.183538174],\n",
       " [2.236795202],\n",
       " [2.236795202],\n",
       " [2.236795202],\n",
       " [2.300703637],\n",
       " [2.300703637],\n",
       " [2.300703637],\n",
       " [2.439171911],\n",
       " [2.439171911],\n",
       " [2.439171911],\n",
       " [2.545685968],\n",
       " [2.545685968],\n",
       " [2.545685968],\n",
       " [2.705457054],\n",
       " [2.705457054],\n",
       " [2.705457054],\n",
       " [2.961090792],\n",
       " [2.961090792],\n",
       " [2.961090792],\n",
       " [3.408449832],\n",
       " [3.408449832],\n",
       " [3.408449832],\n",
       " [3.653432164],\n",
       " [3.653432164],\n",
       " [3.653432164],\n",
       " [4.068836987],\n",
       " [4.068836987],\n",
       " [4.068836987],\n",
       " [4.271213696],\n",
       " [4.271213696],\n",
       " [4.271213696],\n",
       " [4.5588016499999995],\n",
       " [4.5588016499999995],\n",
       " [4.5588016499999995],\n",
       " [4.6120586789999996],\n",
       " [4.6120586789999996],\n",
       " [4.6120586789999996],\n",
       " [4.675967113],\n",
       " [4.675967113],\n",
       " [4.675967113],\n",
       " [4.686618519],\n",
       " [4.686618519],\n",
       " [4.686618519],\n",
       " [4.729224142],\n",
       " [4.729224142],\n",
       " [4.729224142],\n",
       " [4.793132576],\n",
       " [4.793132576],\n",
       " [4.793132576],\n",
       " [4.814435388000001],\n",
       " [4.814435388000001],\n",
       " [4.814435388000001],\n",
       " [4.942252256],\n",
       " [4.942252256],\n",
       " [4.942252256],\n",
       " [5.091371937000001],\n",
       " [5.091371937000001],\n",
       " [5.091371937000001],\n",
       " [5.144628965],\n",
       " [5.144628965],\n",
       " [5.144628965],\n",
       " [5.251143022],\n",
       " [5.251143022],\n",
       " [5.251143022],\n",
       " [5.389611297],\n",
       " [5.389611297],\n",
       " [5.389611297],\n",
       " [5.517428166000001],\n",
       " [5.517428166000001],\n",
       " [5.517428166000001],\n",
       " [5.602639411],\n",
       " [5.602639411],\n",
       " [5.602639411],\n",
       " [5.645245034],\n",
       " [5.645245034],\n",
       " [5.645245034],\n",
       " [5.73045628],\n",
       " [5.73045628],\n",
       " [5.73045628],\n",
       " [5.900878772],\n",
       " [5.900878772],\n",
       " [5.900878772],\n",
       " [6.081952668999999],\n",
       " [6.081952668999999],\n",
       " [6.081952668999999],\n",
       " [6.220420943],\n",
       " [6.220420943],\n",
       " [6.220420943],\n",
       " [6.518660304],\n",
       " [6.518660304],\n",
       " [6.518660304],\n",
       " [6.97667075],\n",
       " [6.97667075],\n",
       " [6.97667075],\n",
       " [7.466635413],\n",
       " [7.466635413],\n",
       " [7.466635413],\n",
       " [7.860737425],\n",
       " [7.860737425],\n",
       " [7.860737425],\n",
       " [8.467867551],\n",
       " [8.467867551],\n",
       " [8.467867551],\n",
       " [9.117603301],\n",
       " [9.117603301],\n",
       " [9.117603301],\n",
       " [9.724733427000002],\n",
       " [9.724733427000002],\n",
       " [9.724733427000002],\n",
       " [10.10818403],\n",
       " [10.10818403],\n",
       " [10.10818403],\n",
       " [10.512937449999999],\n",
       " [10.512937449999999],\n",
       " [10.512937449999999],\n",
       " [10.93899368],\n",
       " [10.93899368],\n",
       " [10.93899368],\n",
       " [10.96029649],\n",
       " [10.96029649],\n",
       " [10.96029649],\n",
       " [10.981599299999997],\n",
       " [10.981599299999997],\n",
       " [10.981599299999997],\n",
       " [11.279838659999998],\n",
       " [11.279838659999998],\n",
       " [11.279838659999998],\n",
       " [11.46091256],\n",
       " [11.46091256],\n",
       " [11.46091256],\n",
       " [11.23723304],\n",
       " [11.23723304],\n",
       " [11.23723304],\n",
       " [10.96029649],\n",
       " [10.96029649],\n",
       " [10.96029649],\n",
       " [11.439609750000002],\n",
       " [11.439609750000002],\n",
       " [11.439609750000002],\n",
       " [11.727197700000001],\n",
       " [11.727197700000001],\n",
       " [11.727197700000001],\n",
       " [11.89762019],\n",
       " [11.89762019],\n",
       " [11.89762019],\n",
       " [12.24911658],\n",
       " [12.24911658],\n",
       " [12.24911658],\n",
       " [12.67517281],\n",
       " [12.67517281],\n",
       " [12.67517281],\n",
       " [13.2077431],\n",
       " [13.2077431],\n",
       " [13.2077431],\n",
       " [13.31425716],\n",
       " [13.31425716],\n",
       " [13.31425716],\n",
       " [13.420771209999998],\n",
       " [13.420771209999998],\n",
       " [13.420771209999998],\n",
       " [13.84682744],\n",
       " [13.84682744],\n",
       " [13.84682744],\n",
       " [14.37939773],\n",
       " [14.37939773],\n",
       " [14.37939773],\n",
       " [14.59242584],\n",
       " [14.59242584],\n",
       " [14.59242584],\n",
       " [14.59242584],\n",
       " [14.59242584],\n",
       " [14.59242584],\n",
       " [15.124996130000001],\n",
       " [15.124996130000001],\n",
       " [15.124996130000001],\n",
       " [15.4445383],\n",
       " [15.4445383],\n",
       " [15.4445383],\n",
       " [15.97710859],\n",
       " [15.97710859],\n",
       " [15.97710859],\n",
       " [16.29665076],\n",
       " [16.29665076],\n",
       " [16.29665076],\n",
       " [17.04224916],\n",
       " [17.04224916],\n",
       " [17.04224916],\n",
       " [17.78784756],\n",
       " [17.78784756],\n",
       " [17.78784756],\n",
       " [18.32041785],\n",
       " [18.32041785],\n",
       " [18.32041785],\n",
       " [18.85298813],\n",
       " [18.85298813],\n",
       " [18.85298813],\n",
       " [19.70510059],\n",
       " [19.70510059],\n",
       " [19.70510059],\n",
       " [20.66372711],\n",
       " [20.66372711],\n",
       " [20.66372711],\n",
       " [21.88749847],\n",
       " [21.88749847],\n",
       " [21.88749847],\n",
       " [22.80585505],\n",
       " [22.80585505],\n",
       " [22.80585505],\n",
       " [24.18338992],\n",
       " [24.18338992],\n",
       " [24.18338992],\n",
       " [27.39763795],\n",
       " [27.39763795],\n",
       " [27.39763795],\n",
       " [29.08129168],\n",
       " [29.08129168],\n",
       " [29.08129168],\n",
       " [29.6935294],\n",
       " [29.6935294],\n",
       " [29.6935294],\n",
       " [30.76494541],\n",
       " [30.76494541],\n",
       " [30.76494541],\n",
       " [31.83636141],\n",
       " [31.83636141],\n",
       " [31.83636141],\n",
       " [31.22412369],\n",
       " [31.22412369],\n",
       " [31.22412369],\n",
       " [30.55084533],\n",
       " [30.55084533],\n",
       " [30.55084533],\n",
       " [30.2761624],\n",
       " [30.2761624],\n",
       " [30.2761624],\n",
       " [30.825528249999998],\n",
       " [30.825528249999998],\n",
       " [30.825528249999998],\n",
       " [30.36772338],\n",
       " [30.36772338],\n",
       " [30.36772338],\n",
       " [29.94043883],\n",
       " [29.94043883],\n",
       " [29.94043883],\n",
       " [29.81835753],\n",
       " [29.81835753],\n",
       " [29.81835753],\n",
       " [30.398243700000002],\n",
       " [30.398243700000002],\n",
       " [30.398243700000002],\n",
       " [30.12356078],\n",
       " [30.12356078],\n",
       " [30.12356078],\n",
       " [29.63523558],\n",
       " [29.63523558],\n",
       " [29.63523558],\n",
       " [28.9332681],\n",
       " [28.9332681],\n",
       " [28.9332681],\n",
       " [29.01861697],\n",
       " [29.01861697],\n",
       " [29.01861697],\n",
       " [27.90908162],\n",
       " [27.90908162],\n",
       " [27.90908162],\n",
       " [28.05132974],\n",
       " [28.05132974],\n",
       " [28.05132974],\n",
       " [28.27892674],\n",
       " [28.27892674],\n",
       " [28.27892674],\n",
       " [28.876368850000002],\n",
       " [28.876368850000002],\n",
       " [28.876368850000002],\n",
       " [28.33582599],\n",
       " [28.33582599],\n",
       " [28.33582599],\n",
       " [28.64877186],\n",
       " [28.64877186],\n",
       " [28.64877186],\n",
       " [29.0470666],\n",
       " [29.0470666],\n",
       " [29.0470666],\n",
       " [29.53071021],\n",
       " [29.53071021],\n",
       " [29.53071021],\n",
       " [29.33156284],\n",
       " [29.33156284],\n",
       " [29.33156284],\n",
       " [29.07551622],\n",
       " [29.07551622],\n",
       " [29.07551622],\n",
       " [29.388462089999997],\n",
       " [29.388462089999997],\n",
       " [29.388462089999997],\n",
       " [29.644508709999997],\n",
       " [29.644508709999997],\n",
       " [29.644508709999997],\n",
       " [29.24621397],\n",
       " [29.24621397],\n",
       " [29.24621397],\n",
       " [29.67295834],\n",
       " [29.67295834],\n",
       " [29.67295834],\n",
       " [29.70140796],\n",
       " [29.70140796],\n",
       " [29.70140796],\n",
       " [30.86784257],\n",
       " [30.86784257],\n",
       " [30.86784257],\n",
       " [31.40838543],\n",
       " [31.40838543],\n",
       " [31.40838543],\n",
       " [31.835129799999997],\n",
       " [31.835129799999997],\n",
       " [31.835129799999997],\n",
       " [32.48947116],\n",
       " [32.48947116],\n",
       " [32.48947116],\n",
       " [34.13954938],\n",
       " [34.13954938],\n",
       " [34.13954938],\n",
       " [33.88350276],\n",
       " [33.88350276],\n",
       " [33.88350276],\n",
       " [34.7369915],\n",
       " [34.7369915],\n",
       " [34.7369915],\n",
       " [36.58621709],\n",
       " [36.58621709],\n",
       " [36.58621709],\n",
       " [38.17939606],\n",
       " [38.17939606],\n",
       " [38.17939606],\n",
       " [38.00869831],\n",
       " [38.00869831],\n",
       " [38.00869831],\n",
       " [38.23629531],\n",
       " [38.23629531],\n",
       " [38.23629531],\n",
       " [39.8579239],\n",
       " [39.8579239],\n",
       " [39.8579239],\n",
       " [42.19079311],\n",
       " [42.19079311],\n",
       " [42.19079311],\n",
       " [43.27187884],\n",
       " [43.27187884],\n",
       " [43.27187884],\n",
       " [44.3814142],\n",
       " [44.3814142],\n",
       " [44.3814142],\n",
       " [46.79963228],\n",
       " [46.79963228],\n",
       " [46.79963228],\n",
       " [47.68157064],\n",
       " [47.68157064],\n",
       " [47.68157064],\n",
       " [49.10405185999999],\n",
       " [49.10405185999999],\n",
       " [49.10405185999999],\n",
       " [48.84800524],\n",
       " [48.84800524],\n",
       " [48.84800524],\n",
       " [50.611881960000005],\n",
       " [50.611881960000005],\n",
       " [50.611881960000005],\n",
       " [52.43265792],\n",
       " [52.43265792],\n",
       " [52.43265792],\n",
       " [51.38002182],\n",
       " [51.38002182],\n",
       " [51.38002182],\n",
       " [51.20150042],\n",
       " [53.05854966],\n",
       " [54.9155989],\n",
       " [55.6584186],\n",
       " [57.09099944],\n",
       " [59.42557562],\n",
       " [59.90310257],\n",
       " [61.22956631],\n",
       " [62.7152057],\n",
       " [63.19273265],\n",
       " [63.82943524],\n",
       " [65.95177723],\n",
       " [65.47425028],\n",
       " [64.78448914],\n",
       " [66.16401143],\n",
       " [67.75576792],\n",
       " [67.27824097],\n",
       " [67.43741662],\n",
       " [68.60470471],\n",
       " [69.82505136],\n",
       " [69.61281716],\n",
       " [70.8331638],\n",
       " [70.03728555],\n",
       " [71.41680785],\n",
       " [71.84127624],\n",
       " [71.1515151],\n",
       " [71.31069075],\n",
       " [74.54726228],\n",
       " [75.44925762],\n",
       " [76.77572136],\n",
       " [78.4205364],\n",
       " [79.32253175],\n",
       " [79.16335610000002],\n",
       " [79.74700014],\n",
       " [79.64088304],\n",
       " [79.05723900000001],\n",
       " [79.00414733],\n",
       " [78.92821617],\n",
       " [79.5757433],\n",
       " [80.70720473000002],\n",
       " [81.57373712],\n",
       " [82.22123063],\n",
       " [83.27997671],\n",
       " [83.61857602],\n",
       " [83.4884067],\n",
       " [83.3213147],\n",
       " [83.56929005],\n",
       " [84.02644839],\n",
       " [83.90106635],\n",
       " [84.03811568],\n",
       " [84.7196006],\n",
       " [86.56111003],\n",
       " [87.38144064],\n",
       " [88.20926226],\n",
       " [89.47865094],\n",
       " [90.22983183],\n",
       " [90.59768337],\n",
       " [91.12833682],\n",
       " [91.59754895],\n",
       " [92.73809927],\n",
       " [92.7060532],\n",
       " [92.9699346],\n",
       " [93.6912864],\n",
       " [95.58267348],\n",
       " [96.67766106],\n",
       " [97.73591554],\n",
       " [98.96472591],\n",
       " [99.53883743],\n",
       " [99.66799121000001],\n",
       " [99.4355989],\n",
       " [99.38335173],\n",
       " [99.22825691],\n",
       " [97.43880398],\n",
       " [96.60122108],\n",
       " [95.89847146],\n",
       " [96.0574324],\n",
       " [96.64460261],\n",
       " [95.3665921],\n",
       " [94.3252631],\n",
       " [92.35697046],\n",
       " [90.03203546],\n",
       " [88.20557481],\n",
       " [85.72469566],\n",
       " [84.41731915],\n",
       " [82.46609398],\n",
       " [81.51335523],\n",
       " [81.00722929],\n",
       " [81.74138369],\n",
       " [82.87022818],\n",
       " [83.68663124],\n",
       " [85.18780297],\n",
       " [86.02804737],\n",
       " [86.70381405],\n",
       " [87.28658117],\n",
       " [87.58094362],\n",
       " [88.15549102000001],\n",
       " [87.83415287],\n",
       " [88.05378017999999],\n",
       " [88.04867624],\n",
       " [89.17627719],\n",
       " [89.60532026],\n",
       " [90.04725361],\n",
       " [90.95909915],\n",
       " [90.95403852],\n",
       " [90.72042788],\n",
       " [89.70958658999999],\n",
       " [88.64406248999998],\n",
       " [88.48125218000001],\n",
       " [87.74567853],\n",
       " [87.28147147000001],\n",
       " [86.87939315],\n",
       " [88.22705682],\n",
       " [87.83456424],\n",
       " [87.98309446],\n",
       " [89.09127032],\n",
       " [89.14487428],\n",
       " [88.92226247],\n",
       " [87.94127174000002],\n",
       " [87.9851811],\n",
       " [87.61326309999998],\n",
       " [87.01572809000001],\n",
       " [86.77897713],\n",
       " [87.03610237],\n",
       " [88.03612531],\n",
       " [88.32005117],\n",
       " [89.18743457000001],\n",
       " [89.52941305],\n",
       " [89.63492853],\n",
       " [89.31643871],\n",
       " [88.68411942],\n",
       " [88.75635758000001],\n",
       " [88.55474342],\n",
       " [87.96352364],\n",
       " [87.94614511],\n",
       " [88.47010538999999],\n",
       " [89.33754346],\n",
       " [89.80872879],\n",
       " [90.5538877],\n",
       " [91.57019948],\n",
       " [92.29924408],\n",
       " [92.35983956],\n",
       " [91.98251248],\n",
       " [92.49292028],\n",
       " [93.3420886],\n",
       " [93.45304911],\n",
       " [93.84076857],\n",
       " [94.16353809],\n",
       " [96.25871421999999],\n",
       " [97.2787639],\n",
       " [98.11845072],\n",
       " [99.49876176],\n",
       " [100.6646094],\n",
       " [100.7726233],\n",
       " [100.6239445],\n",
       " [100.285454],\n",
       " [100.5267755],\n",
       " [100.0],\n",
       " [100.085049],\n",
       " [100.4575155],\n",
       " [101.3425525],\n",
       " [102.43788],\n",
       " [103.2190061],\n",
       " [104.9703002],\n",
       " [105.93104479999998],\n",
       " [106.1488952],\n",
       " [106.293447],\n",
       " [107.1110571],\n",
       " [107.476627],\n",
       " [107.7619676],\n",
       " [107.8097556],\n",
       " [108.9173311],\n",
       " [109.3243607],\n",
       " [110.5984228],\n",
       " [111.6547846],\n",
       " [112.829855],\n",
       " [112.8392873],\n",
       " [112.6668774],\n",
       " [112.2948097],\n",
       " [112.8225539],\n",
       " [113.0254097],\n",
       " [112.8904772],\n",
       " [113.12906999999998],\n",
       " [112.8872191],\n",
       " [114.6732025],\n",
       " [115.3613565],\n",
       " [116.3472825],\n",
       " [117.8607536],\n",
       " [118.3952151],\n",
       " [117.9530007],\n",
       " [118.0564838],\n",
       " [117.7209981],\n",
       " [118.1811274],\n",
       " [117.7687697],\n",
       " [118.0768678],\n",
       " [117.3640934],\n",
       " [118.4854363],\n",
       " [118.9698875],\n",
       " [119.7678545],\n",
       " [121.2530285],\n",
       " [121.62576919999998],\n",
       " [121.39318760000002],\n",
       " [121.2657284],\n",
       " [120.74810480000001],\n",
       " [120.48846380000002],\n",
       " [119.74644669999999],\n",
       " [119.4443311],\n",
       " [119.1115474],\n",
       " [119.9745207],\n",
       " [120.1380376],\n",
       " [120.6561853],\n",
       " [122.0036281],\n",
       " [122.3959345],\n",
       " [122.4851029],\n",
       " [122.1616307],\n",
       " [121.7299961],\n",
       " [121.57048530000002],\n",
       " [121.647906],\n",
       " [120.9498714],\n",
       " [122.0380654],\n",
       " [120.7971199],\n",
       " [121.4212261],\n",
       " [123.0972213],\n",
       " [124.1376241],\n",
       " [125.3495738],\n",
       " [126.6836999],\n",
       " [127.7505349],\n",
       " [129.0562277],\n",
       " [130.0624068],\n",
       " [130.9572342],\n",
       " [130.9029866],\n",
       " [132.9586598],\n",
       " [131.2303333],\n",
       " [131.7945781],\n",
       " [139.2907281],\n",
       " [133.0693331],\n",
       " [136.9031629],\n",
       " [141.5152113],\n",
       " [139.2249071],\n",
       " [141.1261255],\n",
       " [141.8925094],\n",
       " [143.4225821],\n",
       " [144.6466837],\n",
       " [145.5565956],\n",
       " [146.8986518],\n",
       " [148.688246],\n",
       " [158.6730629235512],\n",
       " [160.8565197392327],\n",
       " [163.64336853795368],\n",
       " [166.92062754406797],\n",
       " [170.5780975256605],\n",
       " [174.55367000662102],\n",
       " [178.75776107902934],\n",
       " [183.1221721710619],\n",
       " [187.5994425368153],\n",
       " [192.13922388500492]]"
      ]
     },
     "execution_count": 47,
     "metadata": {},
     "output_type": "execute_result"
    }
   ],
   "source": [
    "df_ex"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 49,
   "id": "0c6eb8de",
   "metadata": {},
   "outputs": [
    {
     "name": "stderr",
     "output_type": "stream",
     "text": [
      "WARNING:absl:Found untraced functions such as lstm_cell_layer_call_fn, lstm_cell_layer_call_and_return_conditional_losses, lstm_cell_1_layer_call_fn, lstm_cell_1_layer_call_and_return_conditional_losses, lstm_cell_layer_call_fn while saving (showing 5 of 10). These functions will not be directly callable after loading.\n"
     ]
    },
    {
     "name": "stdout",
     "output_type": "stream",
     "text": [
      "INFO:tensorflow:Assets written to: HPI_model.H5\\assets\n"
     ]
    },
    {
     "name": "stderr",
     "output_type": "stream",
     "text": [
      "INFO:tensorflow:Assets written to: HPI_model.H5\\assets\n",
      "WARNING:absl:<keras.layers.recurrent.LSTMCell object at 0x000002447E7A8520> has the same name 'LSTMCell' as a built-in Keras object. Consider renaming <class 'keras.layers.recurrent.LSTMCell'> to avoid naming conflicts when loading with `tf.keras.models.load_model`. If renaming is not possible, pass the object in the `custom_objects` parameter of the load function.\n",
      "WARNING:absl:<keras.layers.recurrent.LSTMCell object at 0x000002441A66D910> has the same name 'LSTMCell' as a built-in Keras object. Consider renaming <class 'keras.layers.recurrent.LSTMCell'> to avoid naming conflicts when loading with `tf.keras.models.load_model`. If renaming is not possible, pass the object in the `custom_objects` parameter of the load function.\n"
     ]
    }
   ],
   "source": [
    "#save model\n",
    "model_LSTM.save(\"HPI_model.H5\")"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": null,
   "id": "f246839a",
   "metadata": {},
   "outputs": [],
   "source": []
  },
  {
   "cell_type": "code",
   "execution_count": null,
   "id": "5cae82f5",
   "metadata": {},
   "outputs": [],
   "source": []
  },
  {
   "cell_type": "code",
   "execution_count": null,
   "id": "a48e9613",
   "metadata": {},
   "outputs": [],
   "source": []
  },
  {
   "cell_type": "code",
   "execution_count": null,
   "id": "9b659fcd",
   "metadata": {},
   "outputs": [],
   "source": []
  },
  {
   "cell_type": "code",
   "execution_count": null,
   "id": "3b69eea7",
   "metadata": {},
   "outputs": [],
   "source": []
  },
  {
   "cell_type": "code",
   "execution_count": null,
   "id": "b85ec599",
   "metadata": {},
   "outputs": [],
   "source": []
  }
 ],
 "metadata": {
  "kernelspec": {
   "display_name": "Python 3 (ipykernel)",
   "language": "python",
   "name": "python3"
  },
  "language_info": {
   "codemirror_mode": {
    "name": "ipython",
    "version": 3
   },
   "file_extension": ".py",
   "mimetype": "text/x-python",
   "name": "python",
   "nbconvert_exporter": "python",
   "pygments_lexer": "ipython3",
   "version": "3.9.7"
  }
 },
 "nbformat": 4,
 "nbformat_minor": 5
}


{
 "cells": [
  {
   "cell_type": "markdown",
   "id": "344f686e",
   "metadata": {},
   "source": [
    "# Code to Apply Sequential Neural Network for House Price Prediction"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 1,
   "id": "c16880c8",
   "metadata": {},
   "outputs": [
    {
     "name": "stderr",
     "output_type": "stream",
     "text": [
      "C:\\Users\\hp\\AppData\\Local\\Temp/ipykernel_38820/3656945953.py:6: DeprecationWarning: `import kerastuner` is deprecated, please use `import keras_tuner`.\n",
      "  from kerastuner.tuners import RandomSearch\n"
     ]
    }
   ],
   "source": [
    "#importing various libraries\n",
    "import pandas as pd\n",
    "import matplotlib.pyplot as plt\n",
    "from tensorflow import keras\n",
    "from tensorflow.keras import layers\n",
    "from tensorflow.keras.layers import Dense\n",
    "from kerastuner.tuners import RandomSearch\n",
    "from sklearn.preprocessing import MinMaxScaler\n",
    "from sklearn.model_selection import train_test_split\n",
    "from keras import optimizers\n",
    "from sklearn import metrics\n",
    "import numpy as np\n",
    "from keras.models import Sequential\n",
    "from keras.callbacks import EarlyStopping"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 4,
   "id": "0701d0e2",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "text/html": [
       "<div>\n",
       "<style scoped>\n",
       "    .dataframe tbody tr th:only-of-type {\n",
       "        vertical-align: middle;\n",
       "    }\n",
       "\n",
       "    .dataframe tbody tr th {\n",
       "        vertical-align: top;\n",
       "    }\n",
       "\n",
       "    .dataframe thead th {\n",
       "        text-align: right;\n",
       "    }\n",
       "</style>\n",
       "<table border=\"1\" class=\"dataframe\">\n",
       "  <thead>\n",
       "    <tr style=\"text-align: right;\">\n",
       "      <th></th>\n",
       "      <th>Price</th>\n",
       "      <th>Date of Transfer</th>\n",
       "      <th>Property Type</th>\n",
       "      <th>Old/New</th>\n",
       "      <th>Duration</th>\n",
       "      <th>Town/City</th>\n",
       "      <th>District</th>\n",
       "      <th>County</th>\n",
       "      <th>PPD Category Type</th>\n",
       "      <th>current_energy_rating</th>\n",
       "      <th>construction_age_band</th>\n",
       "      <th>total_floor_area</th>\n",
       "      <th>energy_tariff</th>\n",
       "      <th>areacode</th>\n",
       "      <th>day</th>\n",
       "      <th>month</th>\n",
       "      <th>year</th>\n",
       "      <th>county_rank</th>\n",
       "    </tr>\n",
       "  </thead>\n",
       "  <tbody>\n",
       "    <tr>\n",
       "      <th>0</th>\n",
       "      <td>90000</td>\n",
       "      <td>2022-02-22</td>\n",
       "      <td>T</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>NOTTINGHAM</td>\n",
       "      <td>CITY OF NOTTINGHAM</td>\n",
       "      <td>CITY OF NOTTINGHAM</td>\n",
       "      <td>0</td>\n",
       "      <td>E</td>\n",
       "      <td>1900-1929</td>\n",
       "      <td>79.0</td>\n",
       "      <td>dual</td>\n",
       "      <td>NG6</td>\n",
       "      <td>22</td>\n",
       "      <td>2</td>\n",
       "      <td>2022</td>\n",
       "      <td>67</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>1</th>\n",
       "      <td>250000</td>\n",
       "      <td>2022-02-04</td>\n",
       "      <td>T</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>NEWARK</td>\n",
       "      <td>NEWARK AND SHERWOOD</td>\n",
       "      <td>NOTTINGHAMSHIRE</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>unknown</td>\n",
       "      <td>0.0</td>\n",
       "      <td>unknown</td>\n",
       "      <td>NG24</td>\n",
       "      <td>4</td>\n",
       "      <td>2</td>\n",
       "      <td>2022</td>\n",
       "      <td>97</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>2</th>\n",
       "      <td>160000</td>\n",
       "      <td>2022-04-25</td>\n",
       "      <td>S</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>SUTTON-IN-ASHFIELD</td>\n",
       "      <td>ASHFIELD</td>\n",
       "      <td>NOTTINGHAMSHIRE</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>unknown</td>\n",
       "      <td>0.0</td>\n",
       "      <td>unknown</td>\n",
       "      <td>NG17</td>\n",
       "      <td>25</td>\n",
       "      <td>4</td>\n",
       "      <td>2022</td>\n",
       "      <td>97</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>3</th>\n",
       "      <td>315000</td>\n",
       "      <td>2022-02-28</td>\n",
       "      <td>S</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>NOTTINGHAM</td>\n",
       "      <td>BROXTOWE</td>\n",
       "      <td>NOTTINGHAMSHIRE</td>\n",
       "      <td>0</td>\n",
       "      <td>D</td>\n",
       "      <td>1950-1966</td>\n",
       "      <td>75.0</td>\n",
       "      <td>Single</td>\n",
       "      <td>NG9</td>\n",
       "      <td>28</td>\n",
       "      <td>2</td>\n",
       "      <td>2022</td>\n",
       "      <td>97</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>4</th>\n",
       "      <td>115000</td>\n",
       "      <td>2022-04-29</td>\n",
       "      <td>T</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>RETFORD</td>\n",
       "      <td>BASSETLAW</td>\n",
       "      <td>NOTTINGHAMSHIRE</td>\n",
       "      <td>0</td>\n",
       "      <td>G</td>\n",
       "      <td>1900-1929</td>\n",
       "      <td>80.0</td>\n",
       "      <td>Single</td>\n",
       "      <td>DN22</td>\n",
       "      <td>29</td>\n",
       "      <td>4</td>\n",
       "      <td>2022</td>\n",
       "      <td>97</td>\n",
       "    </tr>\n",
       "  </tbody>\n",
       "</table>\n",
       "</div>"
      ],
      "text/plain": [
       "    Price Date of Transfer Property Type  Old/New  Duration  \\\n",
       "0   90000       2022-02-22             T        0         0   \n",
       "1  250000       2022-02-04             T        0         0   \n",
       "2  160000       2022-04-25             S        0         0   \n",
       "3  315000       2022-02-28             S        0         0   \n",
       "4  115000       2022-04-29             T        0         0   \n",
       "\n",
       "            Town/City             District              County  \\\n",
       "0          NOTTINGHAM   CITY OF NOTTINGHAM  CITY OF NOTTINGHAM   \n",
       "1              NEWARK  NEWARK AND SHERWOOD     NOTTINGHAMSHIRE   \n",
       "2  SUTTON-IN-ASHFIELD             ASHFIELD     NOTTINGHAMSHIRE   \n",
       "3          NOTTINGHAM             BROXTOWE     NOTTINGHAMSHIRE   \n",
       "4             RETFORD            BASSETLAW     NOTTINGHAMSHIRE   \n",
       "\n",
       "   PPD Category Type current_energy_rating construction_age_band  \\\n",
       "0                  0                     E             1900-1929   \n",
       "1                  0                     0               unknown   \n",
       "2                  0                     0               unknown   \n",
       "3                  0                     D             1950-1966   \n",
       "4                  0                     G             1900-1929   \n",
       "\n",
       "   total_floor_area energy_tariff areacode  day  month  year  county_rank  \n",
       "0              79.0          dual      NG6   22      2  2022           67  \n",
       "1               0.0       unknown     NG24    4      2  2022           97  \n",
       "2               0.0       unknown     NG17   25      4  2022           97  \n",
       "3              75.0        Single      NG9   28      2  2022           97  \n",
       "4              80.0        Single     DN22   29      4  2022           97  "
      ]
     },
     "execution_count": 4,
     "metadata": {},
     "output_type": "execute_result"
    }
   ],
   "source": [
    "#reading the dataset\n",
    "df = pd.read_excel(r'final_data.xlsx')\n",
    "df.drop('Unnamed: 0',axis=1,inplace=True)\n",
    "df.head()"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 5,
   "id": "fc603ed5",
   "metadata": {},
   "outputs": [],
   "source": [
    "#one hot encoding\n",
    "dummy_df = pd.get_dummies(df, prefix={'Property Type':'Property_Type',\n",
    "                                      'District':'District',\n",
    "                                            'Town/City':'Town/City',\n",
    "                                      'County':'County',\n",
    "                                      'current_energy_rating':'current_energy_rating',\n",
    "                                      'construction_age_band':'construction_age_band',\n",
    "                                      'construction_age_band':'construction_age_band',\n",
    "                                     'energy_tariff':'energy_tariff',\n",
    "                                     'areacode':'areacode'})"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 6,
   "id": "d1423956",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "text/html": [
       "<div>\n",
       "<style scoped>\n",
       "    .dataframe tbody tr th:only-of-type {\n",
       "        vertical-align: middle;\n",
       "    }\n",
       "\n",
       "    .dataframe tbody tr th {\n",
       "        vertical-align: top;\n",
       "    }\n",
       "\n",
       "    .dataframe thead th {\n",
       "        text-align: right;\n",
       "    }\n",
       "</style>\n",
       "<table border=\"1\" class=\"dataframe\">\n",
       "  <thead>\n",
       "    <tr style=\"text-align: right;\">\n",
       "      <th></th>\n",
       "      <th>Price</th>\n",
       "      <th>Date of Transfer</th>\n",
       "      <th>Old/New</th>\n",
       "      <th>Duration</th>\n",
       "      <th>PPD Category Type</th>\n",
       "      <th>total_floor_area</th>\n",
       "      <th>day</th>\n",
       "      <th>month</th>\n",
       "      <th>year</th>\n",
       "      <th>county_rank</th>\n",
       "      <th>...</th>\n",
       "      <th>areacode_YO32</th>\n",
       "      <th>areacode_YO41</th>\n",
       "      <th>areacode_YO42</th>\n",
       "      <th>areacode_YO43</th>\n",
       "      <th>areacode_YO51</th>\n",
       "      <th>areacode_YO60</th>\n",
       "      <th>areacode_YO61</th>\n",
       "      <th>areacode_YO62</th>\n",
       "      <th>areacode_YO7</th>\n",
       "      <th>areacode_YO8</th>\n",
       "    </tr>\n",
       "  </thead>\n",
       "  <tbody>\n",
       "    <tr>\n",
       "      <th>0</th>\n",
       "      <td>90000</td>\n",
       "      <td>2022-02-22</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>79.0</td>\n",
       "      <td>22</td>\n",
       "      <td>2</td>\n",
       "      <td>2022</td>\n",
       "      <td>67</td>\n",
       "      <td>...</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>1</th>\n",
       "      <td>250000</td>\n",
       "      <td>2022-02-04</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0.0</td>\n",
       "      <td>4</td>\n",
       "      <td>2</td>\n",
       "      <td>2022</td>\n",
       "      <td>97</td>\n",
       "      <td>...</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>2</th>\n",
       "      <td>160000</td>\n",
       "      <td>2022-04-25</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0.0</td>\n",
       "      <td>25</td>\n",
       "      <td>4</td>\n",
       "      <td>2022</td>\n",
       "      <td>97</td>\n",
       "      <td>...</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>3</th>\n",
       "      <td>315000</td>\n",
       "      <td>2022-02-28</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>75.0</td>\n",
       "      <td>28</td>\n",
       "      <td>2</td>\n",
       "      <td>2022</td>\n",
       "      <td>97</td>\n",
       "      <td>...</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>4</th>\n",
       "      <td>115000</td>\n",
       "      <td>2022-04-29</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>80.0</td>\n",
       "      <td>29</td>\n",
       "      <td>4</td>\n",
       "      <td>2022</td>\n",
       "      <td>97</td>\n",
       "      <td>...</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "    </tr>\n",
       "  </tbody>\n",
       "</table>\n",
       "<p>5 rows × 3891 columns</p>\n",
       "</div>"
      ],
      "text/plain": [
       "    Price Date of Transfer  Old/New  Duration  PPD Category Type  \\\n",
       "0   90000       2022-02-22        0         0                  0   \n",
       "1  250000       2022-02-04        0         0                  0   \n",
       "2  160000       2022-04-25        0         0                  0   \n",
       "3  315000       2022-02-28        0         0                  0   \n",
       "4  115000       2022-04-29        0         0                  0   \n",
       "\n",
       "   total_floor_area  day  month  year  county_rank  ...  areacode_YO32  \\\n",
       "0              79.0   22      2  2022           67  ...              0   \n",
       "1               0.0    4      2  2022           97  ...              0   \n",
       "2               0.0   25      4  2022           97  ...              0   \n",
       "3              75.0   28      2  2022           97  ...              0   \n",
       "4              80.0   29      4  2022           97  ...              0   \n",
       "\n",
       "   areacode_YO41  areacode_YO42  areacode_YO43  areacode_YO51  areacode_YO60  \\\n",
       "0              0              0              0              0              0   \n",
       "1              0              0              0              0              0   \n",
       "2              0              0              0              0              0   \n",
       "3              0              0              0              0              0   \n",
       "4              0              0              0              0              0   \n",
       "\n",
       "   areacode_YO61  areacode_YO62  areacode_YO7  areacode_YO8  \n",
       "0              0              0             0             0  \n",
       "1              0              0             0             0  \n",
       "2              0              0             0             0  \n",
       "3              0              0             0             0  \n",
       "4              0              0             0             0  \n",
       "\n",
       "[5 rows x 3891 columns]"
      ]
     },
     "execution_count": 6,
     "metadata": {},
     "output_type": "execute_result"
    }
   ],
   "source": [
    "#viewing top 5 rows \n",
    "dummy_df.head()"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 7,
   "id": "e77b6744",
   "metadata": {},
   "outputs": [],
   "source": [
    "#splitting the dataset into dependent and independent variables\n",
    "X = dummy_df.drop(['Price','Date of Transfer','day','month','year'],axis=1)\n",
    "y =dummy_df['Price']"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 8,
   "id": "5b0d0012",
   "metadata": {},
   "outputs": [
    {
     "name": "stdout",
     "output_type": "stream",
     "text": [
      "Shape of X : (213440, 3886)\n",
      "Shape of y : (213440,)\n"
     ]
    }
   ],
   "source": [
    "#printing the shapes\n",
    "print(\"Shape of X :\",X.shape)\n",
    "print(\"Shape of y :\",y.shape)"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 9,
   "id": "b34579a6",
   "metadata": {},
   "outputs": [],
   "source": [
    "#scaling the dataset\n",
    "sc_X = MinMaxScaler()\n",
    "sc_y = MinMaxScaler()\n",
    "X_scaled = sc_X.fit_transform(X)\n",
    "y_scaled = sc_y.fit_transform(df[['Price']])"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 10,
   "id": "0cdb5fbe",
   "metadata": {},
   "outputs": [],
   "source": [
    "#splitting the data into train and test\n",
    "X_train, X_test, y_train, y_test = train_test_split(X_scaled, y_scaled, test_size=0.2, random_state=0)"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 11,
   "id": "76b7a8bf",
   "metadata": {},
   "outputs": [],
   "source": [
    "#function to return the layers of model\n",
    "def seq_model(parameters):\n",
    "    model = keras.Sequential()\n",
    "    for i in range(parameters.Int('num_layers', 2, 6)):\n",
    "        model.add(layers.Dense(units=parameters.Int('units_' + str(i),\n",
    "                                            min_value=32,\n",
    "                                            max_value=256,\n",
    "                                            step=32),\n",
    "                               activation='relu'))\n",
    "    model.add(layers.Dense(1, activation='linear'))\n",
    "    model.compile(\n",
    "        optimizer=keras.optimizers.Adam(\n",
    "            parameters.Choice('learning_rate', [1e-2, 1e-3, 1e-4])),\n",
    "        loss='mean_absolute_error',\n",
    "        metrics=['mean_absolute_error'])\n",
    "    return model"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 12,
   "id": "a384bb03",
   "metadata": {},
   "outputs": [
    {
     "name": "stdout",
     "output_type": "stream",
     "text": [
      "INFO:tensorflow:Reloading Oracle from existing project network\\House price prediction\\oracle.json\n",
      "INFO:tensorflow:Reloading Tuner from network\\House price prediction\\tuner0.json\n"
     ]
    }
   ],
   "source": [
    "#using random search to find optimized number of layers of neural network\n",
    "keras_tuner = RandomSearch(seq_model,objective='val_mean_absolute_error',max_trials=5,executions_per_trial=3,\n",
    "                           directory='network',project_name='House price prediction')"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 13,
   "id": "b269f71f",
   "metadata": {},
   "outputs": [
    {
     "name": "stdout",
     "output_type": "stream",
     "text": [
      "Search space summary\n",
      "Default search space size: 11\n",
      "num_layers (Int)\n",
      "{'default': None, 'conditions': [], 'min_value': 2, 'max_value': 10, 'step': 1, 'sampling': None}\n",
      "units_0 (Int)\n",
      "{'default': None, 'conditions': [], 'min_value': 32, 'max_value': 256, 'step': 32, 'sampling': None}\n",
      "units_1 (Int)\n",
      "{'default': None, 'conditions': [], 'min_value': 32, 'max_value': 256, 'step': 32, 'sampling': None}\n",
      "learning_rate (Choice)\n",
      "{'default': 0.01, 'conditions': [], 'values': [0.01, 0.001, 0.0001], 'ordered': True}\n",
      "units_2 (Int)\n",
      "{'default': None, 'conditions': [], 'min_value': 32, 'max_value': 256, 'step': 32, 'sampling': None}\n",
      "units_3 (Int)\n",
      "{'default': None, 'conditions': [], 'min_value': 32, 'max_value': 256, 'step': 32, 'sampling': None}\n",
      "units_4 (Int)\n",
      "{'default': None, 'conditions': [], 'min_value': 32, 'max_value': 256, 'step': 32, 'sampling': None}\n",
      "units_5 (Int)\n",
      "{'default': None, 'conditions': [], 'min_value': 32, 'max_value': 256, 'step': 32, 'sampling': None}\n",
      "units_6 (Int)\n",
      "{'default': None, 'conditions': [], 'min_value': 32, 'max_value': 256, 'step': 32, 'sampling': None}\n",
      "units_7 (Int)\n",
      "{'default': None, 'conditions': [], 'min_value': 32, 'max_value': 256, 'step': 32, 'sampling': None}\n",
      "units_8 (Int)\n",
      "{'default': None, 'conditions': [], 'min_value': 32, 'max_value': 256, 'step': 32, 'sampling': None}\n"
     ]
    }
   ],
   "source": [
    "#printing the summary of randomsearch\n",
    "keras_tuner.search_space_summary()"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 14,
   "id": "ee9156d1",
   "metadata": {},
   "outputs": [
    {
     "name": "stdout",
     "output_type": "stream",
     "text": [
      "INFO:tensorflow:Oracle triggered exit\n"
     ]
    }
   ],
   "source": [
    "#training the data to find optimum parameters\n",
    "keras_tuner.search(X_train, y_train,epochs=30,validation_data=(X_test, y_test))"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 15,
   "id": "686ecca0",
   "metadata": {},
   "outputs": [
    {
     "name": "stdout",
     "output_type": "stream",
     "text": [
      "Results summary\n",
      "Results in network\\House price prediction\n",
      "Showing 10 best trials\n",
      "<keras_tuner.engine.objective.Objective object at 0x000002088B576040>\n",
      "Trial summary\n",
      "Hyperparameters:\n",
      "num_layers: 9\n",
      "units_0: 224\n",
      "units_1: 160\n",
      "learning_rate: 0.01\n",
      "units_2: 64\n",
      "units_3: 64\n",
      "units_4: 96\n",
      "units_5: 128\n",
      "units_6: 128\n",
      "units_7: 192\n",
      "units_8: 32\n",
      "Score: 57607.6328125\n",
      "Trial summary\n",
      "Hyperparameters:\n",
      "num_layers: 8\n",
      "units_0: 32\n",
      "units_1: 32\n",
      "learning_rate: 0.01\n",
      "units_2: 32\n",
      "units_3: 32\n",
      "units_4: 32\n",
      "units_5: 32\n",
      "units_6: 32\n",
      "units_7: 32\n",
      "Score: 57986.604166666664\n",
      "Trial summary\n",
      "Hyperparameters:\n",
      "num_layers: 3\n",
      "units_0: 128\n",
      "units_1: 32\n",
      "learning_rate: 0.001\n",
      "units_2: 192\n",
      "units_3: 224\n",
      "units_4: 128\n",
      "units_5: 224\n",
      "units_6: 224\n",
      "units_7: 64\n",
      "units_8: 96\n",
      "Score: 58123.764322916664\n",
      "Trial summary\n",
      "Hyperparameters:\n",
      "num_layers: 6\n",
      "units_0: 64\n",
      "units_1: 32\n",
      "learning_rate: 0.0001\n",
      "units_2: 192\n",
      "units_3: 256\n",
      "units_4: 192\n",
      "units_5: 64\n",
      "units_6: 256\n",
      "units_7: 64\n",
      "Score: 58733.580729166664\n",
      "Trial summary\n",
      "Hyperparameters:\n",
      "num_layers: 3\n",
      "units_0: 64\n",
      "units_1: 96\n",
      "learning_rate: 0.0001\n",
      "units_2: 64\n",
      "units_3: 192\n",
      "units_4: 160\n",
      "units_5: 96\n",
      "units_6: 192\n",
      "units_7: 128\n",
      "units_8: 256\n",
      "Score: 95229.078125\n"
     ]
    }
   ],
   "source": [
    "#printing the summary of results\n",
    "keras_tuner.results_summary()"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 16,
   "id": "70bd88aa",
   "metadata": {},
   "outputs": [],
   "source": [
    "#saving the optimum parameters into variable\n",
    "best_params = keras_tuner.get_best_hyperparameters(num_trials=1)[0]"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 17,
   "id": "d5a11900",
   "metadata": {},
   "outputs": [
    {
     "name": "stdout",
     "output_type": "stream",
     "text": [
      "Epoch 1/100\n",
      "4269/4269 [==============================] - 30s 7ms/step - loss: 0.0787 - mean_absolute_error: 0.0787 - val_loss: 0.0714 - val_mean_absolute_error: 0.0714\n",
      "Epoch 2/100\n",
      "4269/4269 [==============================] - 25s 6ms/step - loss: 0.0706 - mean_absolute_error: 0.0706 - val_loss: 0.0682 - val_mean_absolute_error: 0.0682\n",
      "Epoch 3/100\n",
      "4269/4269 [==============================] - 27s 6ms/step - loss: 0.0711 - mean_absolute_error: 0.0711 - val_loss: 0.0704 - val_mean_absolute_error: 0.0704\n",
      "Epoch 4/100\n",
      "4269/4269 [==============================] - 26s 6ms/step - loss: 0.0669 - mean_absolute_error: 0.0669 - val_loss: 0.0659 - val_mean_absolute_error: 0.0659\n",
      "Epoch 5/100\n",
      "4269/4269 [==============================] - 26s 6ms/step - loss: 0.0641 - mean_absolute_error: 0.0641 - val_loss: 0.0700 - val_mean_absolute_error: 0.0700\n",
      "Epoch 6/100\n",
      "4269/4269 [==============================] - 24s 6ms/step - loss: 0.0622 - mean_absolute_error: 0.0622 - val_loss: 0.0643 - val_mean_absolute_error: 0.0643\n",
      "Epoch 7/100\n",
      "4269/4269 [==============================] - 24s 6ms/step - loss: 0.0602 - mean_absolute_error: 0.0602 - val_loss: 0.0670 - val_mean_absolute_error: 0.0670\n",
      "Epoch 8/100\n",
      "4269/4269 [==============================] - 24s 6ms/step - loss: 0.0600 - mean_absolute_error: 0.0600 - val_loss: 0.0664 - val_mean_absolute_error: 0.0664\n",
      "Epoch 9/100\n",
      "4269/4269 [==============================] - 24s 6ms/step - loss: 0.0580 - mean_absolute_error: 0.0580 - val_loss: 0.0680 - val_mean_absolute_error: 0.0680\n",
      "Epoch 10/100\n",
      "4269/4269 [==============================] - 23s 5ms/step - loss: 0.0565 - mean_absolute_error: 0.0565 - val_loss: 0.0722 - val_mean_absolute_error: 0.0722\n",
      "Epoch 11/100\n",
      "4269/4269 [==============================] - 25s 6ms/step - loss: 0.0564 - mean_absolute_error: 0.0564 - val_loss: 0.0673 - val_mean_absolute_error: 0.0673\n",
      "Epoch 12/100\n",
      "4269/4269 [==============================] - 26s 6ms/step - loss: 0.0555 - mean_absolute_error: 0.0555 - val_loss: 0.0636 - val_mean_absolute_error: 0.0636\n",
      "Epoch 13/100\n",
      "4269/4269 [==============================] - 25s 6ms/step - loss: 0.0537 - mean_absolute_error: 0.0537 - val_loss: 0.0639 - val_mean_absolute_error: 0.0639\n",
      "Epoch 14/100\n",
      "4269/4269 [==============================] - 24s 6ms/step - loss: 0.0531 - mean_absolute_error: 0.0531 - val_loss: 0.0636 - val_mean_absolute_error: 0.0636\n",
      "Epoch 15/100\n",
      "4269/4269 [==============================] - 24s 6ms/step - loss: 0.0528 - mean_absolute_error: 0.0528 - val_loss: 0.0643 - val_mean_absolute_error: 0.0643\n",
      "Epoch 16/100\n",
      "4269/4269 [==============================] - 24s 6ms/step - loss: 0.0520 - mean_absolute_error: 0.0520 - val_loss: 0.0654 - val_mean_absolute_error: 0.0654\n",
      "Epoch 17/100\n",
      "4269/4269 [==============================] - 24s 6ms/step - loss: 0.0514 - mean_absolute_error: 0.0514 - val_loss: 0.0641 - val_mean_absolute_error: 0.0641\n",
      "Epoch 18/100\n",
      "4269/4269 [==============================] - 24s 6ms/step - loss: 0.0501 - mean_absolute_error: 0.0501 - val_loss: 0.0645 - val_mean_absolute_error: 0.0645\n",
      "Epoch 19/100\n",
      "4269/4269 [==============================] - 24s 6ms/step - loss: 0.0496 - mean_absolute_error: 0.0496 - val_loss: 0.0643 - val_mean_absolute_error: 0.0643\n",
      "Epoch 20/100\n",
      "4269/4269 [==============================] - 23s 5ms/step - loss: 0.0490 - mean_absolute_error: 0.0490 - val_loss: 0.0646 - val_mean_absolute_error: 0.0646\n",
      "Epoch 21/100\n",
      "4269/4269 [==============================] - 24s 6ms/step - loss: 0.0483 - mean_absolute_error: 0.0483 - val_loss: 0.0643 - val_mean_absolute_error: 0.0643\n",
      "Epoch 22/100\n",
      "4269/4269 [==============================] - 25s 6ms/step - loss: 0.0478 - mean_absolute_error: 0.0478 - val_loss: 0.0650 - val_mean_absolute_error: 0.0650\n",
      "Epoch 23/100\n",
      "4269/4269 [==============================] - 24s 6ms/step - loss: 0.0476 - mean_absolute_error: 0.0476 - val_loss: 0.0665 - val_mean_absolute_error: 0.0665\n",
      "Epoch 24/100\n",
      "4269/4269 [==============================] - 24s 6ms/step - loss: 0.0470 - mean_absolute_error: 0.0470 - val_loss: 0.0662 - val_mean_absolute_error: 0.0662\n",
      "Epoch 25/100\n",
      "4269/4269 [==============================] - 23s 5ms/step - loss: 0.0466 - mean_absolute_error: 0.0466 - val_loss: 0.0643 - val_mean_absolute_error: 0.0643\n",
      "Epoch 26/100\n",
      "4269/4269 [==============================] - 24s 6ms/step - loss: 0.0464 - mean_absolute_error: 0.0464 - val_loss: 0.0655 - val_mean_absolute_error: 0.0655\n",
      "Epoch 27/100\n",
      "4269/4269 [==============================] - 24s 6ms/step - loss: 0.0460 - mean_absolute_error: 0.0460 - val_loss: 0.0664 - val_mean_absolute_error: 0.0664\n",
      "Epoch 28/100\n",
      "4269/4269 [==============================] - 24s 6ms/step - loss: 0.0459 - mean_absolute_error: 0.0459 - val_loss: 0.0673 - val_mean_absolute_error: 0.0673\n",
      "Epoch 29/100\n",
      "4269/4269 [==============================] - 24s 6ms/step - loss: 0.0454 - mean_absolute_error: 0.0454 - val_loss: 0.0662 - val_mean_absolute_error: 0.0662\n",
      "Epoch 30/100\n",
      "4269/4269 [==============================] - 23s 5ms/step - loss: 0.0454 - mean_absolute_error: 0.0454 - val_loss: 0.0694 - val_mean_absolute_error: 0.0694\n",
      "Epoch 31/100\n",
      "4269/4269 [==============================] - 24s 6ms/step - loss: 0.0456 - mean_absolute_error: 0.0456 - val_loss: 0.0661 - val_mean_absolute_error: 0.0661\n",
      "Epoch 32/100\n",
      "4269/4269 [==============================] - 24s 6ms/step - loss: 0.0455 - mean_absolute_error: 0.0455 - val_loss: 0.0655 - val_mean_absolute_error: 0.0655\n",
      "Epoch 33/100\n",
      "4269/4269 [==============================] - 24s 6ms/step - loss: 0.0463 - mean_absolute_error: 0.0463 - val_loss: 0.0796 - val_mean_absolute_error: 0.0796\n",
      "Epoch 34/100\n",
      "4269/4269 [==============================] - 24s 6ms/step - loss: 0.0458 - mean_absolute_error: 0.0458 - val_loss: 0.0709 - val_mean_absolute_error: 0.0709\n",
      "Epoch 35/100\n",
      "4269/4269 [==============================] - 23s 5ms/step - loss: 0.0450 - mean_absolute_error: 0.0450 - val_loss: 0.0680 - val_mean_absolute_error: 0.0680\n",
      "Epoch 36/100\n",
      "4269/4269 [==============================] - 24s 6ms/step - loss: 0.0441 - mean_absolute_error: 0.0441 - val_loss: 0.0725 - val_mean_absolute_error: 0.0725\n",
      "Epoch 37/100\n",
      "4269/4269 [==============================] - 24s 6ms/step - loss: 0.0435 - mean_absolute_error: 0.0435 - val_loss: 0.0657 - val_mean_absolute_error: 0.0657\n",
      "Epoch 38/100\n",
      "4269/4269 [==============================] - 24s 6ms/step - loss: 0.0431 - mean_absolute_error: 0.0431 - val_loss: 0.0657 - val_mean_absolute_error: 0.0657\n",
      "Epoch 39/100\n",
      "4269/4269 [==============================] - 24s 6ms/step - loss: 0.0427 - mean_absolute_error: 0.0427 - val_loss: 0.0658 - val_mean_absolute_error: 0.0658\n",
      "Epoch 40/100\n",
      "4269/4269 [==============================] - 23s 5ms/step - loss: 0.0430 - mean_absolute_error: 0.0430 - val_loss: 0.0652 - val_mean_absolute_error: 0.0652\n",
      "Epoch 41/100\n",
      "4269/4269 [==============================] - 24s 6ms/step - loss: 0.0448 - mean_absolute_error: 0.0448 - val_loss: 0.0664 - val_mean_absolute_error: 0.0664\n",
      "Epoch 42/100\n",
      "4269/4269 [==============================] - 24s 6ms/step - loss: 0.0425 - mean_absolute_error: 0.0425 - val_loss: 0.0680 - val_mean_absolute_error: 0.0680\n",
      "Epoch 43/100\n",
      "4269/4269 [==============================] - 24s 6ms/step - loss: 0.0426 - mean_absolute_error: 0.0426 - val_loss: 0.0663 - val_mean_absolute_error: 0.0663\n",
      "Epoch 44/100\n",
      "4269/4269 [==============================] - 24s 6ms/step - loss: 0.0420 - mean_absolute_error: 0.0420 - val_loss: 0.0658 - val_mean_absolute_error: 0.0658\n",
      "Epoch 45/100\n",
      "4269/4269 [==============================] - 23s 5ms/step - loss: 0.0417 - mean_absolute_error: 0.0417 - val_loss: 0.0689 - val_mean_absolute_error: 0.0689\n",
      "Epoch 46/100\n",
      "4269/4269 [==============================] - 24s 6ms/step - loss: 0.0422 - mean_absolute_error: 0.0422 - val_loss: 0.0669 - val_mean_absolute_error: 0.0669\n",
      "Epoch 47/100\n",
      "4269/4269 [==============================] - 24s 6ms/step - loss: 0.0417 - mean_absolute_error: 0.0417 - val_loss: 0.0685 - val_mean_absolute_error: 0.0685\n",
      "Epoch 48/100\n",
      "4269/4269 [==============================] - 24s 6ms/step - loss: 0.0413 - mean_absolute_error: 0.0413 - val_loss: 0.0683 - val_mean_absolute_error: 0.0683\n",
      "Epoch 49/100\n",
      "4269/4269 [==============================] - 24s 6ms/step - loss: 0.0415 - mean_absolute_error: 0.0415 - val_loss: 0.0688 - val_mean_absolute_error: 0.0688\n",
      "Epoch 50/100\n",
      "4269/4269 [==============================] - 23s 5ms/step - loss: 0.0417 - mean_absolute_error: 0.0417 - val_loss: 0.0670 - val_mean_absolute_error: 0.0670\n",
      "Epoch 51/100\n",
      "4269/4269 [==============================] - 24s 6ms/step - loss: 0.0408 - mean_absolute_error: 0.0408 - val_loss: 0.0677 - val_mean_absolute_error: 0.0677\n",
      "Epoch 52/100\n",
      "4269/4269 [==============================] - 24s 6ms/step - loss: 0.0407 - mean_absolute_error: 0.0407 - val_loss: 0.0663 - val_mean_absolute_error: 0.0663\n",
      "Epoch 53/100\n",
      "4269/4269 [==============================] - 24s 6ms/step - loss: 0.0410 - mean_absolute_error: 0.0410 - val_loss: 0.0663 - val_mean_absolute_error: 0.0663\n",
      "Epoch 54/100\n",
      "4269/4269 [==============================] - 24s 6ms/step - loss: 0.0408 - mean_absolute_error: 0.0408 - val_loss: 0.0698 - val_mean_absolute_error: 0.0698\n",
      "Epoch 55/100\n",
      "4269/4269 [==============================] - 23s 5ms/step - loss: 0.0414 - mean_absolute_error: 0.0414 - val_loss: 0.0661 - val_mean_absolute_error: 0.0661\n",
      "Epoch 56/100\n",
      "4269/4269 [==============================] - 24s 6ms/step - loss: 0.0414 - mean_absolute_error: 0.0414 - val_loss: 0.0669 - val_mean_absolute_error: 0.0669\n",
      "Epoch 57/100\n",
      "4269/4269 [==============================] - 24s 6ms/step - loss: 0.0411 - mean_absolute_error: 0.0411 - val_loss: 0.0670 - val_mean_absolute_error: 0.0670\n",
      "Epoch 58/100\n",
      "4269/4269 [==============================] - 24s 6ms/step - loss: 0.0406 - mean_absolute_error: 0.0406 - val_loss: 0.0671 - val_mean_absolute_error: 0.0671\n",
      "Epoch 59/100\n",
      "4269/4269 [==============================] - 24s 6ms/step - loss: 0.0407 - mean_absolute_error: 0.0407 - val_loss: 0.0679 - val_mean_absolute_error: 0.0679\n",
      "Epoch 60/100\n",
      "4269/4269 [==============================] - 23s 5ms/step - loss: 0.0410 - mean_absolute_error: 0.0410 - val_loss: 0.0668 - val_mean_absolute_error: 0.0668\n",
      "Epoch 61/100\n",
      "4269/4269 [==============================] - 24s 6ms/step - loss: 0.0408 - mean_absolute_error: 0.0408 - val_loss: 0.0725 - val_mean_absolute_error: 0.0725\n",
      "Epoch 62/100\n",
      "4269/4269 [==============================] - 24s 6ms/step - loss: 0.0410 - mean_absolute_error: 0.0410 - val_loss: 0.0676 - val_mean_absolute_error: 0.0676\n",
      "Epoch 63/100\n",
      "4269/4269 [==============================] - 24s 6ms/step - loss: 0.0411 - mean_absolute_error: 0.0411 - val_loss: 0.0672 - val_mean_absolute_error: 0.0672\n",
      "Epoch 64/100\n",
      "4269/4269 [==============================] - 24s 6ms/step - loss: 0.0420 - mean_absolute_error: 0.0420 - val_loss: 0.0687 - val_mean_absolute_error: 0.0687\n",
      "Epoch 65/100\n",
      "4269/4269 [==============================] - 23s 5ms/step - loss: 0.0419 - mean_absolute_error: 0.0419 - val_loss: 0.0687 - val_mean_absolute_error: 0.0687\n",
      "Epoch 66/100\n",
      "4269/4269 [==============================] - 24s 6ms/step - loss: 0.0410 - mean_absolute_error: 0.0410 - val_loss: 0.0710 - val_mean_absolute_error: 0.0710\n",
      "Epoch 67/100\n",
      "4269/4269 [==============================] - 24s 6ms/step - loss: 0.0408 - mean_absolute_error: 0.0408 - val_loss: 0.0680 - val_mean_absolute_error: 0.0680\n",
      "Epoch 68/100\n",
      "4269/4269 [==============================] - 24s 6ms/step - loss: 0.0407 - mean_absolute_error: 0.0407 - val_loss: 0.0678 - val_mean_absolute_error: 0.0678\n",
      "Epoch 69/100\n",
      "4269/4269 [==============================] - 24s 6ms/step - loss: 0.0413 - mean_absolute_error: 0.0413 - val_loss: 0.0696 - val_mean_absolute_error: 0.0696\n",
      "Epoch 70/100\n",
      "4269/4269 [==============================] - 23s 5ms/step - loss: 0.0420 - mean_absolute_error: 0.0420 - val_loss: 0.0687 - val_mean_absolute_error: 0.0687\n",
      "Epoch 71/100\n",
      "4269/4269 [==============================] - 24s 6ms/step - loss: 0.0417 - mean_absolute_error: 0.0417 - val_loss: 0.0680 - val_mean_absolute_error: 0.0680\n",
      "Epoch 72/100\n",
      "4269/4269 [==============================] - 24s 6ms/step - loss: 0.0421 - mean_absolute_error: 0.0421 - val_loss: 0.0697 - val_mean_absolute_error: 0.0697\n",
      "Epoch 73/100\n",
      "4269/4269 [==============================] - 24s 6ms/step - loss: 0.0413 - mean_absolute_error: 0.0413 - val_loss: 0.0678 - val_mean_absolute_error: 0.0678\n",
      "Epoch 74/100\n",
      "4269/4269 [==============================] - 24s 6ms/step - loss: 0.0397 - mean_absolute_error: 0.0397 - val_loss: 0.0678 - val_mean_absolute_error: 0.0678\n",
      "Epoch 75/100\n",
      "4269/4269 [==============================] - 23s 5ms/step - loss: 0.0392 - mean_absolute_error: 0.0392 - val_loss: 0.0675 - val_mean_absolute_error: 0.0675\n",
      "Epoch 76/100\n",
      "4269/4269 [==============================] - 24s 6ms/step - loss: 0.0393 - mean_absolute_error: 0.0393 - val_loss: 0.0672 - val_mean_absolute_error: 0.0672\n",
      "Epoch 77/100\n",
      "4269/4269 [==============================] - 24s 6ms/step - loss: 0.0387 - mean_absolute_error: 0.0387 - val_loss: 0.0668 - val_mean_absolute_error: 0.0668\n",
      "Epoch 78/100\n",
      "4269/4269 [==============================] - 24s 6ms/step - loss: 0.0386 - mean_absolute_error: 0.0386 - val_loss: 0.0693 - val_mean_absolute_error: 0.0693\n",
      "Epoch 79/100\n",
      "4269/4269 [==============================] - 24s 6ms/step - loss: 0.0387 - mean_absolute_error: 0.0387 - val_loss: 0.0689 - val_mean_absolute_error: 0.0689\n",
      "Epoch 80/100\n",
      "4269/4269 [==============================] - 25s 6ms/step - loss: 0.0386 - mean_absolute_error: 0.0386 - val_loss: 0.0683 - val_mean_absolute_error: 0.0683\n",
      "Epoch 81/100\n",
      "4269/4269 [==============================] - 24s 6ms/step - loss: 0.0387 - mean_absolute_error: 0.0387 - val_loss: 0.0668 - val_mean_absolute_error: 0.0668\n",
      "Epoch 82/100\n",
      "4269/4269 [==============================] - 24s 6ms/step - loss: 0.0381 - mean_absolute_error: 0.0381 - val_loss: 0.0679 - val_mean_absolute_error: 0.0679\n",
      "Epoch 83/100\n",
      "4269/4269 [==============================] - 24s 6ms/step - loss: 0.0383 - mean_absolute_error: 0.0383 - val_loss: 0.0709 - val_mean_absolute_error: 0.0709\n",
      "Epoch 84/100\n",
      "4269/4269 [==============================] - 24s 6ms/step - loss: 0.0380 - mean_absolute_error: 0.0380 - val_loss: 0.0682 - val_mean_absolute_error: 0.0682\n",
      "Epoch 85/100\n",
      "4269/4269 [==============================] - 24s 6ms/step - loss: 0.0378 - mean_absolute_error: 0.0378 - val_loss: 0.0670 - val_mean_absolute_error: 0.0670\n",
      "Epoch 86/100\n",
      "4269/4269 [==============================] - 24s 6ms/step - loss: 0.0378 - mean_absolute_error: 0.0378 - val_loss: 0.0699 - val_mean_absolute_error: 0.0699\n",
      "Epoch 87/100\n",
      "4269/4269 [==============================] - 24s 6ms/step - loss: 0.0376 - mean_absolute_error: 0.0376 - val_loss: 0.0704 - val_mean_absolute_error: 0.0704\n",
      "Epoch 88/100\n",
      "4269/4269 [==============================] - 24s 6ms/step - loss: 0.0376 - mean_absolute_error: 0.0376 - val_loss: 0.0672 - val_mean_absolute_error: 0.0672\n",
      "Epoch 89/100\n",
      "4269/4269 [==============================] - 24s 6ms/step - loss: 0.0377 - mean_absolute_error: 0.0377 - val_loss: 0.0669 - val_mean_absolute_error: 0.0669\n",
      "Epoch 90/100\n",
      "4269/4269 [==============================] - 23s 5ms/step - loss: 0.0375 - mean_absolute_error: 0.0375 - val_loss: 0.0678 - val_mean_absolute_error: 0.0678\n",
      "Epoch 91/100\n",
      "4269/4269 [==============================] - 24s 6ms/step - loss: 0.0375 - mean_absolute_error: 0.0375 - val_loss: 0.0668 - val_mean_absolute_error: 0.0668\n",
      "Epoch 92/100\n",
      "4269/4269 [==============================] - 24s 6ms/step - loss: 0.0373 - mean_absolute_error: 0.0373 - val_loss: 0.0669 - val_mean_absolute_error: 0.0669\n",
      "Epoch 93/100\n",
      "4269/4269 [==============================] - 24s 6ms/step - loss: 0.0372 - mean_absolute_error: 0.0372 - val_loss: 0.0675 - val_mean_absolute_error: 0.0675\n",
      "Epoch 94/100\n",
      "4269/4269 [==============================] - 24s 6ms/step - loss: 0.0379 - mean_absolute_error: 0.0379 - val_loss: 0.0679 - val_mean_absolute_error: 0.0679\n",
      "Epoch 95/100\n",
      "4269/4269 [==============================] - 23s 5ms/step - loss: 0.0378 - mean_absolute_error: 0.0378 - val_loss: 0.0675 - val_mean_absolute_error: 0.0675\n",
      "Epoch 96/100\n",
      "4269/4269 [==============================] - 24s 6ms/step - loss: 0.0375 - mean_absolute_error: 0.0375 - val_loss: 0.0676 - val_mean_absolute_error: 0.0676\n",
      "Epoch 97/100\n"
     ]
    },
    {
     "name": "stdout",
     "output_type": "stream",
     "text": [
      "4269/4269 [==============================] - 24s 6ms/step - loss: 0.0381 - mean_absolute_error: 0.0381 - val_loss: 0.0686 - val_mean_absolute_error: 0.0686\n",
      "Epoch 98/100\n",
      "4269/4269 [==============================] - 23s 5ms/step - loss: 0.0379 - mean_absolute_error: 0.0379 - val_loss: 0.0683 - val_mean_absolute_error: 0.0683\n",
      "Epoch 99/100\n",
      "4269/4269 [==============================] - 24s 6ms/step - loss: 0.0380 - mean_absolute_error: 0.0380 - val_loss: 0.0679 - val_mean_absolute_error: 0.0679\n",
      "Epoch 100/100\n",
      "4269/4269 [==============================] - 23s 5ms/step - loss: 0.0382 - mean_absolute_error: 0.0382 - val_loss: 0.0674 - val_mean_absolute_error: 0.0674\n"
     ]
    }
   ],
   "source": [
    "#building model with optimal parameters returned by random seaRch\n",
    "model = keras_tuner.hypermodel.build(best_params)\n",
    "history = model.fit(X_train, y_train, epochs=100,validation_data=(X_test, y_test),validation_split=0.2)"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 18,
   "id": "2b2d815d",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "image/png": "\n",
      "text/plain": [
       "<Figure size 432x288 with 1 Axes>"
      ]
     },
     "metadata": {
      "needs_background": "light"
     },
     "output_type": "display_data"
    }
   ],
   "source": [
    "#plotting the loss of the model\n",
    "plt.plot(history.history['loss'], label='loss')\n",
    "plt.plot(history.history['val_loss'], label='val_loss')\n",
    "plt.legend(loc='best')\n",
    "plt.title('Training Model')\n",
    "plt.xlabel('Epoches')\n",
    "plt.ylabel('Loss')\n",
    "plt.show()"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 19,
   "id": "57c3ed1a",
   "metadata": {},
   "outputs": [],
   "source": [
    "#predicting the test data\n",
    "y_pred = model.predict(X_test)"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 21,
   "id": "3cc854eb",
   "metadata": {},
   "outputs": [
    {
     "name": "stdout",
     "output_type": "stream",
     "text": [
      "Mean Absolute Error: 0.0670499007014355\n",
      "Mean Squared Error: 0.010840937952645274\n",
      "Root Mean Squared Error: 0.10411982497413869\n",
      "Accuracy Score : 0.6873221273228846\n"
     ]
    }
   ],
   "source": [
    "#checking the accuracy\n",
    "MAE_SNN =metrics.mean_absolute_error(y_test, y_pred)\n",
    "print('Mean Absolute Error:', MAE_SNN)\n",
    "MSE_SNN =metrics.mean_squared_error(y_test, y_pred)\n",
    "print('Mean Squared Error:', MSE_SNN)\n",
    "RMSE_SNN=np.sqrt(metrics.mean_squared_error(y_test, y_pred))\n",
    "print('Root Mean Squared Error:', RMSE_SNN)\n",
    "ACC_SNN =metrics.r2_score(y_test,y_pred)\n",
    "print('Accuracy Score :',ACC_SNN)"
   ]
  }
 ],
 "metadata": {
  "kernelspec": {
   "display_name": "Python 3 (ipykernel)",
   "language": "python",
   "name": "python3"
  },
  "language_info": {
   "codemirror_mode": {
    "name": "ipython",
    "version": 3
   },
   "file_extension": ".py",
   "mimetype": "text/x-python",
   "name": "python",
   "nbconvert_exporter": "python",
   "pygments_lexer": "ipython3",
   "version": "3.9.7"
  }
 },
 "nbformat": 4,
 "nbformat_minor": 5
}


{
 "cells": [
  {
   "cell_type": "markdown",
   "id": "c5fed5b9",
   "metadata": {},
   "source": [
    "# Classification Model(K-Means) applied on the interests of People on local Venues"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 38,
   "id": "559fd5eb",
   "metadata": {},
   "outputs": [],
   "source": [
    "#importing various libraries\n",
    "import requests \n",
    "import pandas as pd\n",
    "import numpy as np \n",
    "import random \n",
    "from geopy.geocoders import Nominatim\n",
    "from IPython.display import Image \n",
    "from IPython.core.display import HTML \n",
    "from pandas.io.json import json_normalize\n",
    "import matplotlib.pyplot as plt \n",
    "%matplotlib inline \n",
    "import matplotlib.cm as cm\n",
    "import matplotlib.colors as colors\n",
    "from sklearn.cluster import KMeans\n",
    "from yellowbrick.cluster import KElbowVisualizer\n",
    "import folium\n",
    "import geocoder\n",
    "import warnings\n",
    "warnings.filterwarnings('ignore')"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 2,
   "id": "47326d00",
   "metadata": {},
   "outputs": [
    {
     "name": "stdout",
     "output_type": "stream",
     "text": [
      "Enter the location :Southampton\n"
     ]
    }
   ],
   "source": [
    "#User enters the location to do some analysis\n",
    "loc = input(\"Enter the location :\")"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 3,
   "id": "81f2400f",
   "metadata": {},
   "outputs": [],
   "source": [
    "#getting the co-ordinates of the location\n",
    "geolocator = Nominatim(user_agent=\"uk\")\n",
    "address = str(loc +\", United Kingdom\")\n",
    "location = geocoder.arcgis(address)\n",
    "latlang = location.latlng"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 4,
   "id": "9f439ea8",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "text/html": [
       "<div style=\"width:100%;\"><div style=\"position:relative;width:100%;height:0;padding-bottom:60%;\"><span style=\"color:#565656\">Make this Notebook Trusted to load map: File -> Trust Notebook</span><iframe srcdoc=\"&lt;!DOCTYPE html&gt;\n",
       "&lt;head&gt;    \n",
       "    &lt;meta http-equiv=&quot;content-type&quot; content=&quot;text/html; charset=UTF-8&quot; /&gt;\n",
       "    \n",
       "        &lt;script&gt;\n",
       "            L_NO_TOUCH = false;\n",
       "            L_DISABLE_3D = false;\n",
       "        &lt;/script&gt;\n",
       "    \n",
       "    &lt;style&gt;html, body {width: 100%;height: 100%;margin: 0;padding: 0;}&lt;/style&gt;\n",
       "    &lt;style&gt;#map {position:absolute;top:0;bottom:0;right:0;left:0;}&lt;/style&gt;\n",
       "    &lt;script src=&quot;https://cdn.jsdelivr.net/npm/leaflet@1.6.0/dist/leaflet.js&quot;&gt;&lt;/script&gt;\n",
       "    &lt;script src=&quot;https://code.jquery.com/jquery-1.12.4.min.js&quot;&gt;&lt;/script&gt;\n",
       "    &lt;script src=&quot;https://maxcdn.bootstrapcdn.com/bootstrap/3.2.0/js/bootstrap.min.js&quot;&gt;&lt;/script&gt;\n",
       "    &lt;script src=&quot;https://cdnjs.cloudflare.com/ajax/libs/Leaflet.awesome-markers/2.0.2/leaflet.awesome-markers.js&quot;&gt;&lt;/script&gt;\n",
       "    &lt;link rel=&quot;stylesheet&quot; href=&quot;https://cdn.jsdelivr.net/npm/leaflet@1.6.0/dist/leaflet.css&quot;/&gt;\n",
       "    &lt;link rel=&quot;stylesheet&quot; href=&quot;https://maxcdn.bootstrapcdn.com/bootstrap/3.2.0/css/bootstrap.min.css&quot;/&gt;\n",
       "    &lt;link rel=&quot;stylesheet&quot; href=&quot;https://maxcdn.bootstrapcdn.com/bootstrap/3.2.0/css/bootstrap-theme.min.css&quot;/&gt;\n",
       "    &lt;link rel=&quot;stylesheet&quot; href=&quot;https://maxcdn.bootstrapcdn.com/font-awesome/4.6.3/css/font-awesome.min.css&quot;/&gt;\n",
       "    &lt;link rel=&quot;stylesheet&quot; href=&quot;https://cdnjs.cloudflare.com/ajax/libs/Leaflet.awesome-markers/2.0.2/leaflet.awesome-markers.css&quot;/&gt;\n",
       "    &lt;link rel=&quot;stylesheet&quot; href=&quot;https://cdn.jsdelivr.net/gh/python-visualization/folium/folium/templates/leaflet.awesome.rotate.min.css&quot;/&gt;\n",
       "    \n",
       "            &lt;meta name=&quot;viewport&quot; content=&quot;width=device-width,\n",
       "                initial-scale=1.0, maximum-scale=1.0, user-scalable=no&quot; /&gt;\n",
       "            &lt;style&gt;\n",
       "                #map_d80002d95347ff181a4126a6177a4a60 {\n",
       "                    position: relative;\n",
       "                    width: 100.0%;\n",
       "                    height: 100.0%;\n",
       "                    left: 0.0%;\n",
       "                    top: 0.0%;\n",
       "                }\n",
       "            &lt;/style&gt;\n",
       "        \n",
       "&lt;/head&gt;\n",
       "&lt;body&gt;    \n",
       "    \n",
       "            &lt;div class=&quot;folium-map&quot; id=&quot;map_d80002d95347ff181a4126a6177a4a60&quot; &gt;&lt;/div&gt;\n",
       "        \n",
       "&lt;/body&gt;\n",
       "&lt;script&gt;    \n",
       "    \n",
       "            var map_d80002d95347ff181a4126a6177a4a60 = L.map(\n",
       "                &quot;map_d80002d95347ff181a4126a6177a4a60&quot;,\n",
       "                {\n",
       "                    center: [50.90488212100007, -1.4043038709999678],\n",
       "                    crs: L.CRS.EPSG3857,\n",
       "                    zoom: 14,\n",
       "                    zoomControl: true,\n",
       "                    preferCanvas: false,\n",
       "                }\n",
       "            );\n",
       "\n",
       "            \n",
       "\n",
       "        \n",
       "    \n",
       "            var tile_layer_6d9df878d99be7d245905fefaadd804f = L.tileLayer(\n",
       "                &quot;https://{s}.tile.openstreetmap.org/{z}/{x}/{y}.png&quot;,\n",
       "                {&quot;attribution&quot;: &quot;Data by \\u0026copy; \\u003ca href=\\&quot;http://openstreetmap.org\\&quot;\\u003eOpenStreetMap\\u003c/a\\u003e, under \\u003ca href=\\&quot;http://www.openstreetmap.org/copyright\\&quot;\\u003eODbL\\u003c/a\\u003e.&quot;, &quot;detectRetina&quot;: false, &quot;maxNativeZoom&quot;: 18, &quot;maxZoom&quot;: 18, &quot;minZoom&quot;: 0, &quot;noWrap&quot;: false, &quot;opacity&quot;: 1, &quot;subdomains&quot;: &quot;abc&quot;, &quot;tms&quot;: false}\n",
       "            ).addTo(map_d80002d95347ff181a4126a6177a4a60);\n",
       "        \n",
       "&lt;/script&gt;\" style=\"position:absolute;width:100%;height:100%;left:0;top:0;border:none !important;\" allowfullscreen webkitallowfullscreen mozallowfullscreen></iframe></div></div>"
      ],
      "text/plain": [
       "<folium.folium.Map at 0x1dcccb6fa30>"
      ]
     },
     "execution_count": 4,
     "metadata": {},
     "output_type": "execute_result"
    }
   ],
   "source": [
    "#plotting the map of the location entered\n",
    "map_loc=folium.Map(location=[latlang[0],latlang[1]],zoom_start=14)\n",
    "map_loc"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 5,
   "id": "b344e8d2",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "text/html": [
       "<div>\n",
       "<style scoped>\n",
       "    .dataframe tbody tr th:only-of-type {\n",
       "        vertical-align: middle;\n",
       "    }\n",
       "\n",
       "    .dataframe tbody tr th {\n",
       "        vertical-align: top;\n",
       "    }\n",
       "\n",
       "    .dataframe thead th {\n",
       "        text-align: right;\n",
       "    }\n",
       "</style>\n",
       "<table border=\"1\" class=\"dataframe\">\n",
       "  <thead>\n",
       "    <tr style=\"text-align: right;\">\n",
       "      <th></th>\n",
       "      <th>neighborhood</th>\n",
       "    </tr>\n",
       "  </thead>\n",
       "  <tbody>\n",
       "    <tr>\n",
       "      <th>402</th>\n",
       "      <td>Bargate</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>403</th>\n",
       "      <td>Bassett</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>404</th>\n",
       "      <td>Bevois</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>405</th>\n",
       "      <td>Bitterne</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>406</th>\n",
       "      <td>Bitterne Park</td>\n",
       "    </tr>\n",
       "  </tbody>\n",
       "</table>\n",
       "</div>"
      ],
      "text/plain": [
       "      neighborhood\n",
       "402        Bargate\n",
       "403        Bassett\n",
       "404         Bevois\n",
       "405       Bitterne\n",
       "406  Bitterne Park"
      ]
     },
     "execution_count": 5,
     "metadata": {},
     "output_type": "execute_result"
    }
   ],
   "source": [
    "#Importing the dataset which contains all the neighboorhoods of the locations \n",
    "loc_neighborhoods = pd.read_excel(r'top25.xlsx',sheet_name='Sheet2')\n",
    "#selecting the neighborhoods from the city selected\n",
    "loc_neighborhoods=loc_neighborhoods[loc_neighborhoods.city==loc]\n",
    "loc_neighborhoods.drop('city',inplace=True,axis=1)\n",
    "loc_neighborhoods.head()"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 7,
   "id": "ad8bbdfe",
   "metadata": {},
   "outputs": [],
   "source": [
    "# defining the function for geopy library to get latitude and longitude for all the neighborhoods\n",
    "def getNeighborhoodLatLong(Neighborhoods):\n",
    "    \n",
    "    #Neighborhood with lat , long\n",
    "    latlang = []\n",
    "    # defining the user agent for geopy\n",
    "    geolocator = Nominatim(user_agent=\"uk_neighborhoods\")\n",
    "    \n",
    "    # for every unique  of Neighborhood  get the lattitude and longitude\n",
    "    for  neigh in Neighborhoods:\n",
    "        address = str(neigh +\", {}\".format(loc))\n",
    "        location = geocoder.arcgis(address)\n",
    "        latlang.append(location.latlng)\n",
    "    \n",
    "    return(latlang)"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 8,
   "id": "cc919cc7",
   "metadata": {},
   "outputs": [],
   "source": [
    "#applying the function on neighboorhoods to get the neighboorhoods\n",
    "loc_neigh = getNeighborhoodLatLong(Neighborhoods = loc_neighborhoods[\"neighborhood\"])"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 9,
   "id": "090e75c4",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "text/plain": [
       "[[50.90265000000005, -1.4041899999999714],\n",
       " [50.947819490224404, -1.4045911432397613],\n",
       " [50.91969010144991, -1.3953344241759458],\n",
       " [50.914540000000045, -1.338459999999941],\n",
       " [50.91483967933845, -1.3632775884247788]]"
      ]
     },
     "execution_count": 9,
     "metadata": {},
     "output_type": "execute_result"
    }
   ],
   "source": [
    "#checking the top 5 values of locations\n",
    "loc_neigh[:5]"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 10,
   "id": "21a830a4",
   "metadata": {},
   "outputs": [
    {
     "name": "stdout",
     "output_type": "stream",
     "text": [
      "[50.90265000000005, 50.947819490224404, 50.91969010144991, 50.914540000000045, 50.91483967933845]\n",
      "[-1.4041899999999714, -1.4045911432397613, -1.3953344241759458, -1.338459999999941, -1.3632775884247788]\n"
     ]
    }
   ],
   "source": [
    "#splitting the co-ordinates of the locations \n",
    "latitude= []\n",
    "longitude = []\n",
    "for lat, lng in loc_neigh:\n",
    "    latitude.append(lat)\n",
    "    longitude.append(lng)\n",
    "\n",
    "print(latitude[0:5])\n",
    "print(longitude[0:5])"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 11,
   "id": "eacb81a6",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "text/html": [
       "<div>\n",
       "<style scoped>\n",
       "    .dataframe tbody tr th:only-of-type {\n",
       "        vertical-align: middle;\n",
       "    }\n",
       "\n",
       "    .dataframe tbody tr th {\n",
       "        vertical-align: top;\n",
       "    }\n",
       "\n",
       "    .dataframe thead th {\n",
       "        text-align: right;\n",
       "    }\n",
       "</style>\n",
       "<table border=\"1\" class=\"dataframe\">\n",
       "  <thead>\n",
       "    <tr style=\"text-align: right;\">\n",
       "      <th></th>\n",
       "      <th>neighborhood</th>\n",
       "      <th>Latitude</th>\n",
       "      <th>Longitude</th>\n",
       "    </tr>\n",
       "  </thead>\n",
       "  <tbody>\n",
       "    <tr>\n",
       "      <th>402</th>\n",
       "      <td>Bargate</td>\n",
       "      <td>50.902650</td>\n",
       "      <td>-1.404190</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>403</th>\n",
       "      <td>Bassett</td>\n",
       "      <td>50.947819</td>\n",
       "      <td>-1.404591</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>404</th>\n",
       "      <td>Bevois</td>\n",
       "      <td>50.919690</td>\n",
       "      <td>-1.395334</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>405</th>\n",
       "      <td>Bitterne</td>\n",
       "      <td>50.914540</td>\n",
       "      <td>-1.338460</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>406</th>\n",
       "      <td>Bitterne Park</td>\n",
       "      <td>50.914840</td>\n",
       "      <td>-1.363278</td>\n",
       "    </tr>\n",
       "  </tbody>\n",
       "</table>\n",
       "</div>"
      ],
      "text/plain": [
       "      neighborhood   Latitude  Longitude\n",
       "402        Bargate  50.902650  -1.404190\n",
       "403        Bassett  50.947819  -1.404591\n",
       "404         Bevois  50.919690  -1.395334\n",
       "405       Bitterne  50.914540  -1.338460\n",
       "406  Bitterne Park  50.914840  -1.363278"
      ]
     },
     "execution_count": 11,
     "metadata": {},
     "output_type": "execute_result"
    }
   ],
   "source": [
    "#appending the values of co-ordinates to the dataframe\n",
    "loc_neighborhoods[\"Latitude\"] = latitude\n",
    "loc_neighborhoods[\"Longitude\"] = longitude\n",
    "\n",
    "loc_neighborhoods.head()"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 12,
   "id": "7f379440",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "text/html": [
       "<div style=\"width:100%;\"><div style=\"position:relative;width:100%;height:0;padding-bottom:60%;\"><span style=\"color:#565656\">Make this Notebook Trusted to load map: File -> Trust Notebook</span><iframe srcdoc=\"&lt;!DOCTYPE html&gt;\n",
       "&lt;head&gt;    \n",
       "    &lt;meta http-equiv=&quot;content-type&quot; content=&quot;text/html; charset=UTF-8&quot; /&gt;\n",
       "    \n",
       "        &lt;script&gt;\n",
       "            L_NO_TOUCH = false;\n",
       "            L_DISABLE_3D = false;\n",
       "        &lt;/script&gt;\n",
       "    \n",
       "    &lt;style&gt;html, body {width: 100%;height: 100%;margin: 0;padding: 0;}&lt;/style&gt;\n",
       "    &lt;style&gt;#map {position:absolute;top:0;bottom:0;right:0;left:0;}&lt;/style&gt;\n",
       "    &lt;script src=&quot;https://cdn.jsdelivr.net/npm/leaflet@1.6.0/dist/leaflet.js&quot;&gt;&lt;/script&gt;\n",
       "    &lt;script src=&quot;https://code.jquery.com/jquery-1.12.4.min.js&quot;&gt;&lt;/script&gt;\n",
       "    &lt;script src=&quot;https://maxcdn.bootstrapcdn.com/bootstrap/3.2.0/js/bootstrap.min.js&quot;&gt;&lt;/script&gt;\n",
       "    &lt;script src=&quot;https://cdnjs.cloudflare.com/ajax/libs/Leaflet.awesome-markers/2.0.2/leaflet.awesome-markers.js&quot;&gt;&lt;/script&gt;\n",
       "    &lt;link rel=&quot;stylesheet&quot; href=&quot;https://cdn.jsdelivr.net/npm/leaflet@1.6.0/dist/leaflet.css&quot;/&gt;\n",
       "    &lt;link rel=&quot;stylesheet&quot; href=&quot;https://maxcdn.bootstrapcdn.com/bootstrap/3.2.0/css/bootstrap.min.css&quot;/&gt;\n",
       "    &lt;link rel=&quot;stylesheet&quot; href=&quot;https://maxcdn.bootstrapcdn.com/bootstrap/3.2.0/css/bootstrap-theme.min.css&quot;/&gt;\n",
       "    &lt;link rel=&quot;stylesheet&quot; href=&quot;https://maxcdn.bootstrapcdn.com/font-awesome/4.6.3/css/font-awesome.min.css&quot;/&gt;\n",
       "    &lt;link rel=&quot;stylesheet&quot; href=&quot;https://cdnjs.cloudflare.com/ajax/libs/Leaflet.awesome-markers/2.0.2/leaflet.awesome-markers.css&quot;/&gt;\n",
       "    &lt;link rel=&quot;stylesheet&quot; href=&quot;https://cdn.jsdelivr.net/gh/python-visualization/folium/folium/templates/leaflet.awesome.rotate.min.css&quot;/&gt;\n",
       "    \n",
       "            &lt;meta name=&quot;viewport&quot; content=&quot;width=device-width,\n",
       "                initial-scale=1.0, maximum-scale=1.0, user-scalable=no&quot; /&gt;\n",
       "            &lt;style&gt;\n",
       "                #map_0a9562ea8c095fe3edccc715be15e0da {\n",
       "                    position: relative;\n",
       "                    width: 100.0%;\n",
       "                    height: 100.0%;\n",
       "                    left: 0.0%;\n",
       "                    top: 0.0%;\n",
       "                }\n",
       "            &lt;/style&gt;\n",
       "        \n",
       "&lt;/head&gt;\n",
       "&lt;body&gt;    \n",
       "    \n",
       "            &lt;div class=&quot;folium-map&quot; id=&quot;map_0a9562ea8c095fe3edccc715be15e0da&quot; &gt;&lt;/div&gt;\n",
       "        \n",
       "&lt;/body&gt;\n",
       "&lt;script&gt;    \n",
       "    \n",
       "            var map_0a9562ea8c095fe3edccc715be15e0da = L.map(\n",
       "                &quot;map_0a9562ea8c095fe3edccc715be15e0da&quot;,\n",
       "                {\n",
       "                    center: [50.90488212100007, -1.4043038709999678],\n",
       "                    crs: L.CRS.EPSG3857,\n",
       "                    zoom: 10,\n",
       "                    zoomControl: true,\n",
       "                    preferCanvas: false,\n",
       "                }\n",
       "            );\n",
       "\n",
       "            \n",
       "\n",
       "        \n",
       "    \n",
       "            var tile_layer_ad03997780d5b0357c4f6e35cb267772 = L.tileLayer(\n",
       "                &quot;https://{s}.tile.openstreetmap.org/{z}/{x}/{y}.png&quot;,\n",
       "                {&quot;attribution&quot;: &quot;Data by \\u0026copy; \\u003ca href=\\&quot;http://openstreetmap.org\\&quot;\\u003eOpenStreetMap\\u003c/a\\u003e, under \\u003ca href=\\&quot;http://www.openstreetmap.org/copyright\\&quot;\\u003eODbL\\u003c/a\\u003e.&quot;, &quot;detectRetina&quot;: false, &quot;maxNativeZoom&quot;: 18, &quot;maxZoom&quot;: 18, &quot;minZoom&quot;: 0, &quot;noWrap&quot;: false, &quot;opacity&quot;: 1, &quot;subdomains&quot;: &quot;abc&quot;, &quot;tms&quot;: false}\n",
       "            ).addTo(map_0a9562ea8c095fe3edccc715be15e0da);\n",
       "        \n",
       "    \n",
       "            var circle_marker_92969a52cceb3b49d5a816626ab41e0d = L.circleMarker(\n",
       "                [50.90265000000005, -1.4041899999999714],\n",
       "                {&quot;bubblingMouseEvents&quot;: true, &quot;color&quot;: &quot;red&quot;, &quot;dashArray&quot;: null, &quot;dashOffset&quot;: null, &quot;fill&quot;: true, &quot;fillColor&quot;: &quot;red&quot;, &quot;fillOpacity&quot;: 0.6, &quot;fillRule&quot;: &quot;evenodd&quot;, &quot;lineCap&quot;: &quot;round&quot;, &quot;lineJoin&quot;: &quot;round&quot;, &quot;opacity&quot;: 1.0, &quot;radius&quot;: 10, &quot;stroke&quot;: true, &quot;weight&quot;: 3}\n",
       "            ).addTo(map_0a9562ea8c095fe3edccc715be15e0da);\n",
       "        \n",
       "    \n",
       "        var popup_1e1d0ec700dcf4e8159dd9d2e890cb57 = L.popup({&quot;maxWidth&quot;: &quot;100%&quot;});\n",
       "\n",
       "        \n",
       "            var html_798c0706d0f1415a5413eaa61300662e = $(`&lt;div id=&quot;html_798c0706d0f1415a5413eaa61300662e&quot; style=&quot;width: 100.0%; height: 100.0%;&quot;&gt;Bargate&lt;/div&gt;`)[0];\n",
       "            popup_1e1d0ec700dcf4e8159dd9d2e890cb57.setContent(html_798c0706d0f1415a5413eaa61300662e);\n",
       "        \n",
       "\n",
       "        circle_marker_92969a52cceb3b49d5a816626ab41e0d.bindPopup(popup_1e1d0ec700dcf4e8159dd9d2e890cb57)\n",
       "        ;\n",
       "\n",
       "        \n",
       "    \n",
       "    \n",
       "            var circle_marker_a2bf34a72ebde067fc7d6fbb67522b46 = L.circleMarker(\n",
       "                [50.947819490224404, -1.4045911432397613],\n",
       "                {&quot;bubblingMouseEvents&quot;: true, &quot;color&quot;: &quot;red&quot;, &quot;dashArray&quot;: null, &quot;dashOffset&quot;: null, &quot;fill&quot;: true, &quot;fillColor&quot;: &quot;red&quot;, &quot;fillOpacity&quot;: 0.6, &quot;fillRule&quot;: &quot;evenodd&quot;, &quot;lineCap&quot;: &quot;round&quot;, &quot;lineJoin&quot;: &quot;round&quot;, &quot;opacity&quot;: 1.0, &quot;radius&quot;: 10, &quot;stroke&quot;: true, &quot;weight&quot;: 3}\n",
       "            ).addTo(map_0a9562ea8c095fe3edccc715be15e0da);\n",
       "        \n",
       "    \n",
       "        var popup_91fbeafcabb6c568faf04c56cef6c157 = L.popup({&quot;maxWidth&quot;: &quot;100%&quot;});\n",
       "\n",
       "        \n",
       "            var html_c6aa2011a7c532584047c4e3491d29e9 = $(`&lt;div id=&quot;html_c6aa2011a7c532584047c4e3491d29e9&quot; style=&quot;width: 100.0%; height: 100.0%;&quot;&gt;Bassett&lt;/div&gt;`)[0];\n",
       "            popup_91fbeafcabb6c568faf04c56cef6c157.setContent(html_c6aa2011a7c532584047c4e3491d29e9);\n",
       "        \n",
       "\n",
       "        circle_marker_a2bf34a72ebde067fc7d6fbb67522b46.bindPopup(popup_91fbeafcabb6c568faf04c56cef6c157)\n",
       "        ;\n",
       "\n",
       "        \n",
       "    \n",
       "    \n",
       "            var circle_marker_3384ab3e81c8993c53ebe6b19624348c = L.circleMarker(\n",
       "                [50.91969010144991, -1.3953344241759458],\n",
       "                {&quot;bubblingMouseEvents&quot;: true, &quot;color&quot;: &quot;red&quot;, &quot;dashArray&quot;: null, &quot;dashOffset&quot;: null, &quot;fill&quot;: true, &quot;fillColor&quot;: &quot;red&quot;, &quot;fillOpacity&quot;: 0.6, &quot;fillRule&quot;: &quot;evenodd&quot;, &quot;lineCap&quot;: &quot;round&quot;, &quot;lineJoin&quot;: &quot;round&quot;, &quot;opacity&quot;: 1.0, &quot;radius&quot;: 10, &quot;stroke&quot;: true, &quot;weight&quot;: 3}\n",
       "            ).addTo(map_0a9562ea8c095fe3edccc715be15e0da);\n",
       "        \n",
       "    \n",
       "        var popup_0a02e1ba7e8166d8ec37f6735a88ddbb = L.popup({&quot;maxWidth&quot;: &quot;100%&quot;});\n",
       "\n",
       "        \n",
       "            var html_a9799eeefc5c8abcf9c9f27bd9d843d3 = $(`&lt;div id=&quot;html_a9799eeefc5c8abcf9c9f27bd9d843d3&quot; style=&quot;width: 100.0%; height: 100.0%;&quot;&gt;Bevois&lt;/div&gt;`)[0];\n",
       "            popup_0a02e1ba7e8166d8ec37f6735a88ddbb.setContent(html_a9799eeefc5c8abcf9c9f27bd9d843d3);\n",
       "        \n",
       "\n",
       "        circle_marker_3384ab3e81c8993c53ebe6b19624348c.bindPopup(popup_0a02e1ba7e8166d8ec37f6735a88ddbb)\n",
       "        ;\n",
       "\n",
       "        \n",
       "    \n",
       "    \n",
       "            var circle_marker_92a6931b672b20c8498729837600daa6 = L.circleMarker(\n",
       "                [50.914540000000045, -1.338459999999941],\n",
       "                {&quot;bubblingMouseEvents&quot;: true, &quot;color&quot;: &quot;red&quot;, &quot;dashArray&quot;: null, &quot;dashOffset&quot;: null, &quot;fill&quot;: true, &quot;fillColor&quot;: &quot;red&quot;, &quot;fillOpacity&quot;: 0.6, &quot;fillRule&quot;: &quot;evenodd&quot;, &quot;lineCap&quot;: &quot;round&quot;, &quot;lineJoin&quot;: &quot;round&quot;, &quot;opacity&quot;: 1.0, &quot;radius&quot;: 10, &quot;stroke&quot;: true, &quot;weight&quot;: 3}\n",
       "            ).addTo(map_0a9562ea8c095fe3edccc715be15e0da);\n",
       "        \n",
       "    \n",
       "        var popup_1f3c0d76d73285f43bad246383f3366a = L.popup({&quot;maxWidth&quot;: &quot;100%&quot;});\n",
       "\n",
       "        \n",
       "            var html_f7319a9e6a49abef98b67a1401ed832e = $(`&lt;div id=&quot;html_f7319a9e6a49abef98b67a1401ed832e&quot; style=&quot;width: 100.0%; height: 100.0%;&quot;&gt;Bitterne&lt;/div&gt;`)[0];\n",
       "            popup_1f3c0d76d73285f43bad246383f3366a.setContent(html_f7319a9e6a49abef98b67a1401ed832e);\n",
       "        \n",
       "\n",
       "        circle_marker_92a6931b672b20c8498729837600daa6.bindPopup(popup_1f3c0d76d73285f43bad246383f3366a)\n",
       "        ;\n",
       "\n",
       "        \n",
       "    \n",
       "    \n",
       "            var circle_marker_d3f79e9f10acb672f04aef7c2421bfd9 = L.circleMarker(\n",
       "                [50.91483967933845, -1.3632775884247788],\n",
       "                {&quot;bubblingMouseEvents&quot;: true, &quot;color&quot;: &quot;red&quot;, &quot;dashArray&quot;: null, &quot;dashOffset&quot;: null, &quot;fill&quot;: true, &quot;fillColor&quot;: &quot;red&quot;, &quot;fillOpacity&quot;: 0.6, &quot;fillRule&quot;: &quot;evenodd&quot;, &quot;lineCap&quot;: &quot;round&quot;, &quot;lineJoin&quot;: &quot;round&quot;, &quot;opacity&quot;: 1.0, &quot;radius&quot;: 10, &quot;stroke&quot;: true, &quot;weight&quot;: 3}\n",
       "            ).addTo(map_0a9562ea8c095fe3edccc715be15e0da);\n",
       "        \n",
       "    \n",
       "        var popup_d4e3450fc62d960680ca9721d7cf44a7 = L.popup({&quot;maxWidth&quot;: &quot;100%&quot;});\n",
       "\n",
       "        \n",
       "            var html_7e36e284df9d6cd08f034c7fb9d34386 = $(`&lt;div id=&quot;html_7e36e284df9d6cd08f034c7fb9d34386&quot; style=&quot;width: 100.0%; height: 100.0%;&quot;&gt;Bitterne Park&lt;/div&gt;`)[0];\n",
       "            popup_d4e3450fc62d960680ca9721d7cf44a7.setContent(html_7e36e284df9d6cd08f034c7fb9d34386);\n",
       "        \n",
       "\n",
       "        circle_marker_d3f79e9f10acb672f04aef7c2421bfd9.bindPopup(popup_d4e3450fc62d960680ca9721d7cf44a7)\n",
       "        ;\n",
       "\n",
       "        \n",
       "    \n",
       "    \n",
       "            var circle_marker_8bcf31b06cb343be94fa386ddc5816a2 = L.circleMarker(\n",
       "                [50.936443431954544, -1.430980786191456],\n",
       "                {&quot;bubblingMouseEvents&quot;: true, &quot;color&quot;: &quot;red&quot;, &quot;dashArray&quot;: null, &quot;dashOffset&quot;: null, &quot;fill&quot;: true, &quot;fillColor&quot;: &quot;red&quot;, &quot;fillOpacity&quot;: 0.6, &quot;fillRule&quot;: &quot;evenodd&quot;, &quot;lineCap&quot;: &quot;round&quot;, &quot;lineJoin&quot;: &quot;round&quot;, &quot;opacity&quot;: 1.0, &quot;radius&quot;: 10, &quot;stroke&quot;: true, &quot;weight&quot;: 3}\n",
       "            ).addTo(map_0a9562ea8c095fe3edccc715be15e0da);\n",
       "        \n",
       "    \n",
       "        var popup_d2cbc0861865445e480438db57fcb5f8 = L.popup({&quot;maxWidth&quot;: &quot;100%&quot;});\n",
       "\n",
       "        \n",
       "            var html_53bef6a664b8c828bbbd3528efe9e521 = $(`&lt;div id=&quot;html_53bef6a664b8c828bbbd3528efe9e521&quot; style=&quot;width: 100.0%; height: 100.0%;&quot;&gt;Coxford&lt;/div&gt;`)[0];\n",
       "            popup_d2cbc0861865445e480438db57fcb5f8.setContent(html_53bef6a664b8c828bbbd3528efe9e521);\n",
       "        \n",
       "\n",
       "        circle_marker_8bcf31b06cb343be94fa386ddc5816a2.bindPopup(popup_d2cbc0861865445e480438db57fcb5f8)\n",
       "        ;\n",
       "\n",
       "        \n",
       "    \n",
       "    \n",
       "            var circle_marker_bfc715a900889d5c9c33b936a6d831ea = L.circleMarker(\n",
       "                [50.913380000000075, -1.424639999999954],\n",
       "                {&quot;bubblingMouseEvents&quot;: true, &quot;color&quot;: &quot;red&quot;, &quot;dashArray&quot;: null, &quot;dashOffset&quot;: null, &quot;fill&quot;: true, &quot;fillColor&quot;: &quot;red&quot;, &quot;fillOpacity&quot;: 0.6, &quot;fillRule&quot;: &quot;evenodd&quot;, &quot;lineCap&quot;: &quot;round&quot;, &quot;lineJoin&quot;: &quot;round&quot;, &quot;opacity&quot;: 1.0, &quot;radius&quot;: 10, &quot;stroke&quot;: true, &quot;weight&quot;: 3}\n",
       "            ).addTo(map_0a9562ea8c095fe3edccc715be15e0da);\n",
       "        \n",
       "    \n",
       "        var popup_becf4042bf6689095add47501c93bfc5 = L.popup({&quot;maxWidth&quot;: &quot;100%&quot;});\n",
       "\n",
       "        \n",
       "            var html_736bba1a7f0d1ad2957a91b80f6e8d30 = $(`&lt;div id=&quot;html_736bba1a7f0d1ad2957a91b80f6e8d30&quot; style=&quot;width: 100.0%; height: 100.0%;&quot;&gt;Freemantle&lt;/div&gt;`)[0];\n",
       "            popup_becf4042bf6689095add47501c93bfc5.setContent(html_736bba1a7f0d1ad2957a91b80f6e8d30);\n",
       "        \n",
       "\n",
       "        circle_marker_bfc715a900889d5c9c33b936a6d831ea.bindPopup(popup_becf4042bf6689095add47501c93bfc5)\n",
       "        ;\n",
       "\n",
       "        \n",
       "    \n",
       "    \n",
       "            var circle_marker_a6b6e29e2680a6c0ebeb634a692b5f7b = L.circleMarker(\n",
       "                [50.93707470029122, -1.3848751263212484],\n",
       "                {&quot;bubblingMouseEvents&quot;: true, &quot;color&quot;: &quot;red&quot;, &quot;dashArray&quot;: null, &quot;dashOffset&quot;: null, &quot;fill&quot;: true, &quot;fillColor&quot;: &quot;red&quot;, &quot;fillOpacity&quot;: 0.6, &quot;fillRule&quot;: &quot;evenodd&quot;, &quot;lineCap&quot;: &quot;round&quot;, &quot;lineJoin&quot;: &quot;round&quot;, &quot;opacity&quot;: 1.0, &quot;radius&quot;: 10, &quot;stroke&quot;: true, &quot;weight&quot;: 3}\n",
       "            ).addTo(map_0a9562ea8c095fe3edccc715be15e0da);\n",
       "        \n",
       "    \n",
       "        var popup_dd9b40cdabda56ff13c9b92059a2876f = L.popup({&quot;maxWidth&quot;: &quot;100%&quot;});\n",
       "\n",
       "        \n",
       "            var html_7b44b15861559bb5aade7df98fde855f = $(`&lt;div id=&quot;html_7b44b15861559bb5aade7df98fde855f&quot; style=&quot;width: 100.0%; height: 100.0%;&quot;&gt;Harefield&lt;/div&gt;`)[0];\n",
       "            popup_dd9b40cdabda56ff13c9b92059a2876f.setContent(html_7b44b15861559bb5aade7df98fde855f);\n",
       "        \n",
       "\n",
       "        circle_marker_a6b6e29e2680a6c0ebeb634a692b5f7b.bindPopup(popup_dd9b40cdabda56ff13c9b92059a2876f)\n",
       "        ;\n",
       "\n",
       "        \n",
       "    \n",
       "    \n",
       "            var circle_marker_875ec9441347d85f57960f97acf722d9 = L.circleMarker(\n",
       "                [50.91409821283812, -1.449217174942095],\n",
       "                {&quot;bubblingMouseEvents&quot;: true, &quot;color&quot;: &quot;red&quot;, &quot;dashArray&quot;: null, &quot;dashOffset&quot;: null, &quot;fill&quot;: true, &quot;fillColor&quot;: &quot;red&quot;, &quot;fillOpacity&quot;: 0.6, &quot;fillRule&quot;: &quot;evenodd&quot;, &quot;lineCap&quot;: &quot;round&quot;, &quot;lineJoin&quot;: &quot;round&quot;, &quot;opacity&quot;: 1.0, &quot;radius&quot;: 10, &quot;stroke&quot;: true, &quot;weight&quot;: 3}\n",
       "            ).addTo(map_0a9562ea8c095fe3edccc715be15e0da);\n",
       "        \n",
       "    \n",
       "        var popup_553eccc4f2337d90d04667dc0c898082 = L.popup({&quot;maxWidth&quot;: &quot;100%&quot;});\n",
       "\n",
       "        \n",
       "            var html_0b7d9d75d0be9023fe56852ab226ddd3 = $(`&lt;div id=&quot;html_0b7d9d75d0be9023fe56852ab226ddd3&quot; style=&quot;width: 100.0%; height: 100.0%;&quot;&gt;Millbrook&lt;/div&gt;`)[0];\n",
       "            popup_553eccc4f2337d90d04667dc0c898082.setContent(html_0b7d9d75d0be9023fe56852ab226ddd3);\n",
       "        \n",
       "\n",
       "        circle_marker_875ec9441347d85f57960f97acf722d9.bindPopup(popup_553eccc4f2337d90d04667dc0c898082)\n",
       "        ;\n",
       "\n",
       "        \n",
       "    \n",
       "    \n",
       "            var circle_marker_d7b452a417050165345afa509ce1b958 = L.circleMarker(\n",
       "                [50.92822000000007, -1.2808199999999488],\n",
       "                {&quot;bubblingMouseEvents&quot;: true, &quot;color&quot;: &quot;red&quot;, &quot;dashArray&quot;: null, &quot;dashOffset&quot;: null, &quot;fill&quot;: true, &quot;fillColor&quot;: &quot;red&quot;, &quot;fillOpacity&quot;: 0.6, &quot;fillRule&quot;: &quot;evenodd&quot;, &quot;lineCap&quot;: &quot;round&quot;, &quot;lineJoin&quot;: &quot;round&quot;, &quot;opacity&quot;: 1.0, &quot;radius&quot;: 10, &quot;stroke&quot;: true, &quot;weight&quot;: 3}\n",
       "            ).addTo(map_0a9562ea8c095fe3edccc715be15e0da);\n",
       "        \n",
       "    \n",
       "        var popup_cc67a7fee9c6b7a0639fc175d43803a8 = L.popup({&quot;maxWidth&quot;: &quot;100%&quot;});\n",
       "\n",
       "        \n",
       "            var html_c75473cbe012d767f96dac73d4c2f93b = $(`&lt;div id=&quot;html_c75473cbe012d767f96dac73d4c2f93b&quot; style=&quot;width: 100.0%; height: 100.0%;&quot;&gt;Peartree&lt;/div&gt;`)[0];\n",
       "            popup_cc67a7fee9c6b7a0639fc175d43803a8.setContent(html_c75473cbe012d767f96dac73d4c2f93b);\n",
       "        \n",
       "\n",
       "        circle_marker_d7b452a417050165345afa509ce1b958.bindPopup(popup_cc67a7fee9c6b7a0639fc175d43803a8)\n",
       "        ;\n",
       "\n",
       "        \n",
       "    \n",
       "    \n",
       "            var circle_marker_446bfd213c35c3957c7810abd158e467 = L.circleMarker(\n",
       "                [50.926600000000064, -1.3916299999999637],\n",
       "                {&quot;bubblingMouseEvents&quot;: true, &quot;color&quot;: &quot;red&quot;, &quot;dashArray&quot;: null, &quot;dashOffset&quot;: null, &quot;fill&quot;: true, &quot;fillColor&quot;: &quot;red&quot;, &quot;fillOpacity&quot;: 0.6, &quot;fillRule&quot;: &quot;evenodd&quot;, &quot;lineCap&quot;: &quot;round&quot;, &quot;lineJoin&quot;: &quot;round&quot;, &quot;opacity&quot;: 1.0, &quot;radius&quot;: 10, &quot;stroke&quot;: true, &quot;weight&quot;: 3}\n",
       "            ).addTo(map_0a9562ea8c095fe3edccc715be15e0da);\n",
       "        \n",
       "    \n",
       "        var popup_d79cf2740e8cc2b1ef0723b2033812f0 = L.popup({&quot;maxWidth&quot;: &quot;100%&quot;});\n",
       "\n",
       "        \n",
       "            var html_090a7c2bf39e8d5fc8d5945e082a8705 = $(`&lt;div id=&quot;html_090a7c2bf39e8d5fc8d5945e082a8705&quot; style=&quot;width: 100.0%; height: 100.0%;&quot;&gt;Portswood&lt;/div&gt;`)[0];\n",
       "            popup_d79cf2740e8cc2b1ef0723b2033812f0.setContent(html_090a7c2bf39e8d5fc8d5945e082a8705);\n",
       "        \n",
       "\n",
       "        circle_marker_446bfd213c35c3957c7810abd158e467.bindPopup(popup_d79cf2740e8cc2b1ef0723b2033812f0)\n",
       "        ;\n",
       "\n",
       "        \n",
       "    \n",
       "    \n",
       "            var circle_marker_d8a7d51c2ed3988a242aeb4065838a55 = L.circleMarker(\n",
       "                [50.919940000000054, -1.4702799999999456],\n",
       "                {&quot;bubblingMouseEvents&quot;: true, &quot;color&quot;: &quot;red&quot;, &quot;dashArray&quot;: null, &quot;dashOffset&quot;: null, &quot;fill&quot;: true, &quot;fillColor&quot;: &quot;red&quot;, &quot;fillOpacity&quot;: 0.6, &quot;fillRule&quot;: &quot;evenodd&quot;, &quot;lineCap&quot;: &quot;round&quot;, &quot;lineJoin&quot;: &quot;round&quot;, &quot;opacity&quot;: 1.0, &quot;radius&quot;: 10, &quot;stroke&quot;: true, &quot;weight&quot;: 3}\n",
       "            ).addTo(map_0a9562ea8c095fe3edccc715be15e0da);\n",
       "        \n",
       "    \n",
       "        var popup_381af1412b8a904c7c6316cae6ce5561 = L.popup({&quot;maxWidth&quot;: &quot;100%&quot;});\n",
       "\n",
       "        \n",
       "            var html_1ef9df18b686ff62a51cdbb309bc5fc5 = $(`&lt;div id=&quot;html_1ef9df18b686ff62a51cdbb309bc5fc5&quot; style=&quot;width: 100.0%; height: 100.0%;&quot;&gt;Redbridge&lt;/div&gt;`)[0];\n",
       "            popup_381af1412b8a904c7c6316cae6ce5561.setContent(html_1ef9df18b686ff62a51cdbb309bc5fc5);\n",
       "        \n",
       "\n",
       "        circle_marker_d8a7d51c2ed3988a242aeb4065838a55.bindPopup(popup_381af1412b8a904c7c6316cae6ce5561)\n",
       "        ;\n",
       "\n",
       "        \n",
       "    \n",
       "    \n",
       "            var circle_marker_22bdf9c2b3bce92ba8f277cc51040b65 = L.circleMarker(\n",
       "                [50.92764751696376, -1.4233003538816025],\n",
       "                {&quot;bubblingMouseEvents&quot;: true, &quot;color&quot;: &quot;red&quot;, &quot;dashArray&quot;: null, &quot;dashOffset&quot;: null, &quot;fill&quot;: true, &quot;fillColor&quot;: &quot;red&quot;, &quot;fillOpacity&quot;: 0.6, &quot;fillRule&quot;: &quot;evenodd&quot;, &quot;lineCap&quot;: &quot;round&quot;, &quot;lineJoin&quot;: &quot;round&quot;, &quot;opacity&quot;: 1.0, &quot;radius&quot;: 10, &quot;stroke&quot;: true, &quot;weight&quot;: 3}\n",
       "            ).addTo(map_0a9562ea8c095fe3edccc715be15e0da);\n",
       "        \n",
       "    \n",
       "        var popup_90be3231033354b1c575e122292b763c = L.popup({&quot;maxWidth&quot;: &quot;100%&quot;});\n",
       "\n",
       "        \n",
       "            var html_99c2b8f96951853cfbbc3bf8619435e0 = $(`&lt;div id=&quot;html_99c2b8f96951853cfbbc3bf8619435e0&quot; style=&quot;width: 100.0%; height: 100.0%;&quot;&gt;Shirley&lt;/div&gt;`)[0];\n",
       "            popup_90be3231033354b1c575e122292b763c.setContent(html_99c2b8f96951853cfbbc3bf8619435e0);\n",
       "        \n",
       "\n",
       "        circle_marker_22bdf9c2b3bce92ba8f277cc51040b65.bindPopup(popup_90be3231033354b1c575e122292b763c)\n",
       "        ;\n",
       "\n",
       "        \n",
       "    \n",
       "    \n",
       "            var circle_marker_6f288c0bcf99e311dd2156bd22f5de73 = L.circleMarker(\n",
       "                [50.897190049708456, -1.3486548845417161],\n",
       "                {&quot;bubblingMouseEvents&quot;: true, &quot;color&quot;: &quot;red&quot;, &quot;dashArray&quot;: null, &quot;dashOffset&quot;: null, &quot;fill&quot;: true, &quot;fillColor&quot;: &quot;red&quot;, &quot;fillOpacity&quot;: 0.6, &quot;fillRule&quot;: &quot;evenodd&quot;, &quot;lineCap&quot;: &quot;round&quot;, &quot;lineJoin&quot;: &quot;round&quot;, &quot;opacity&quot;: 1.0, &quot;radius&quot;: 10, &quot;stroke&quot;: true, &quot;weight&quot;: 3}\n",
       "            ).addTo(map_0a9562ea8c095fe3edccc715be15e0da);\n",
       "        \n",
       "    \n",
       "        var popup_acd66514c7396d90d8fd6b82800400e7 = L.popup({&quot;maxWidth&quot;: &quot;100%&quot;});\n",
       "\n",
       "        \n",
       "            var html_d1c1a1d530938df10e536b49dee24dfc = $(`&lt;div id=&quot;html_d1c1a1d530938df10e536b49dee24dfc&quot; style=&quot;width: 100.0%; height: 100.0%;&quot;&gt;Sholing&lt;/div&gt;`)[0];\n",
       "            popup_acd66514c7396d90d8fd6b82800400e7.setContent(html_d1c1a1d530938df10e536b49dee24dfc);\n",
       "        \n",
       "\n",
       "        circle_marker_6f288c0bcf99e311dd2156bd22f5de73.bindPopup(popup_acd66514c7396d90d8fd6b82800400e7)\n",
       "        ;\n",
       "\n",
       "        \n",
       "    \n",
       "    \n",
       "            var circle_marker_c112d76749a83d2131ebcabf5d612316 = L.circleMarker(\n",
       "                [50.93959812511566, -1.3823642631876976],\n",
       "                {&quot;bubblingMouseEvents&quot;: true, &quot;color&quot;: &quot;red&quot;, &quot;dashArray&quot;: null, &quot;dashOffset&quot;: null, &quot;fill&quot;: true, &quot;fillColor&quot;: &quot;red&quot;, &quot;fillOpacity&quot;: 0.6, &quot;fillRule&quot;: &quot;evenodd&quot;, &quot;lineCap&quot;: &quot;round&quot;, &quot;lineJoin&quot;: &quot;round&quot;, &quot;opacity&quot;: 1.0, &quot;radius&quot;: 10, &quot;stroke&quot;: true, &quot;weight&quot;: 3}\n",
       "            ).addTo(map_0a9562ea8c095fe3edccc715be15e0da);\n",
       "        \n",
       "    \n",
       "        var popup_9b1ca0c0c63c43f3a5d5c5a3c41d9c98 = L.popup({&quot;maxWidth&quot;: &quot;100%&quot;});\n",
       "\n",
       "        \n",
       "            var html_aec9991fab4afa3228a9aadfda75bc52 = $(`&lt;div id=&quot;html_aec9991fab4afa3228a9aadfda75bc52&quot; style=&quot;width: 100.0%; height: 100.0%;&quot;&gt;Swaythling&lt;/div&gt;`)[0];\n",
       "            popup_9b1ca0c0c63c43f3a5d5c5a3c41d9c98.setContent(html_aec9991fab4afa3228a9aadfda75bc52);\n",
       "        \n",
       "\n",
       "        circle_marker_c112d76749a83d2131ebcabf5d612316.bindPopup(popup_9b1ca0c0c63c43f3a5d5c5a3c41d9c98)\n",
       "        ;\n",
       "\n",
       "        \n",
       "    \n",
       "    \n",
       "            var circle_marker_2ac5d82e1e27d84ac9b4c2ae82712097 = L.circleMarker(\n",
       "                [50.888353015126036, -1.372320068412269],\n",
       "                {&quot;bubblingMouseEvents&quot;: true, &quot;color&quot;: &quot;red&quot;, &quot;dashArray&quot;: null, &quot;dashOffset&quot;: null, &quot;fill&quot;: true, &quot;fillColor&quot;: &quot;red&quot;, &quot;fillOpacity&quot;: 0.6, &quot;fillRule&quot;: &quot;evenodd&quot;, &quot;lineCap&quot;: &quot;round&quot;, &quot;lineJoin&quot;: &quot;round&quot;, &quot;opacity&quot;: 1.0, &quot;radius&quot;: 10, &quot;stroke&quot;: true, &quot;weight&quot;: 3}\n",
       "            ).addTo(map_0a9562ea8c095fe3edccc715be15e0da);\n",
       "        \n",
       "    \n",
       "        var popup_e45ea7a107118fbc900c28239126bada = L.popup({&quot;maxWidth&quot;: &quot;100%&quot;});\n",
       "\n",
       "        \n",
       "            var html_6cbb06c87f0d1d7a5c18d751681233af = $(`&lt;div id=&quot;html_6cbb06c87f0d1d7a5c18d751681233af&quot; style=&quot;width: 100.0%; height: 100.0%;&quot;&gt;Woolston&lt;/div&gt;`)[0];\n",
       "            popup_e45ea7a107118fbc900c28239126bada.setContent(html_6cbb06c87f0d1d7a5c18d751681233af);\n",
       "        \n",
       "\n",
       "        circle_marker_2ac5d82e1e27d84ac9b4c2ae82712097.bindPopup(popup_e45ea7a107118fbc900c28239126bada)\n",
       "        ;\n",
       "\n",
       "        \n",
       "    \n",
       "&lt;/script&gt;\" style=\"position:absolute;width:100%;height:100%;left:0;top:0;border:none !important;\" allowfullscreen webkitallowfullscreen mozallowfullscreen></iframe></div></div>"
      ],
      "text/plain": [
       "<folium.folium.Map at 0x1dccd45f6d0>"
      ]
     },
     "execution_count": 12,
     "metadata": {},
     "output_type": "execute_result"
    }
   ],
   "source": [
    "#plotting the locations and areas within the location\n",
    "map_loc=folium.Map(location=[latlang[0],latlang[1]],zoom_start=10)\n",
    "for lat,lng,neighborhood in zip(loc_neighborhoods['Latitude'],loc_neighborhoods['Longitude'],loc_neighborhoods['neighborhood']):\n",
    "    label='{}'.format(neighborhood)\n",
    "    folium.CircleMarker([lat,lng],color='red',popup=label,fill=True,fill_color='red',fill_opacity=0.6).add_to(map_loc)\n",
    "map_loc    "
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 13,
   "id": "4d101b8f",
   "metadata": {},
   "outputs": [
    {
     "name": "stdout",
     "output_type": "stream",
     "text": [
      "Your credentails:\n",
      "CLIENT_ID: WXER4KXQTW0IHEGA0HLO2EMDOOWEZKAX4YFQLRDMZ2TSBRVM\n",
      "CLIENT_SECRET:4NMKXNOKJBU4FR312SHLECHR1WSY0ONMQP2JXUYOZ0TWKTJG\n"
     ]
    }
   ],
   "source": [
    "#the key ids used in foursquare API to fetch the data \n",
    "CLIENT_ID = 'WXER4KXQTW0IHEGA0HLO2EMDOOWEZKAX4YFQLRDMZ2TSBRVM'  # your Foursquare ID\n",
    "CLIENT_SECRET = '4NMKXNOKJBU4FR312SHLECHR1WSY0ONMQP2JXUYOZ0TWKTJG'  # your Foursquare Secret\n",
    "VERSION = '20210118'  # Foursquare API version taking last month api for analysis\n",
    "\n",
    "print('Your credentails:')\n",
    "print('CLIENT_ID: ' + CLIENT_ID)\n",
    "print('CLIENT_SECRET:' + CLIENT_SECRET)"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 14,
   "id": "01bfffad",
   "metadata": {},
   "outputs": [],
   "source": [
    "# API KEY for foursquare API\n",
    "API_KEY='fsq3lREtx31InF1Fo6N72vvhvlJsyukU2DtVPxkju8HMVGU='"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 17,
   "id": "68f7809f",
   "metadata": {},
   "outputs": [],
   "source": [
    "#defining a function to get the nearby venues of the locations\n",
    "\n",
    "def getNearbyVenues(names, latitudes, longitudes, radius=500):\n",
    "    LIMIT = 1000\n",
    "\n",
    "    venues_list = []\n",
    "    for name, lat, lng in zip(names, latitudes, longitudes):\n",
    "        print(name)\n",
    "\n",
    "        # create the API request URL\n",
    "        url = 'https://api.foursquare.com/v2/venues/explore?&client_id={}&client_secret={}&v={}&ll={},{}&radius={}&limit={}'.format(\n",
    "            CLIENT_ID, CLIENT_SECRET, VERSION, lat, lng, radius, LIMIT)\n",
    "\n",
    "        # make the GET request\n",
    "        results = requests.get(url).json()[\"response\"]['groups'][0]['items']\n",
    "\n",
    "        # return only relevant information for each nearby venue\n",
    "        venues_list.append([\n",
    "            (name, lat, lng, v['venue']['name'], v['venue']['location']['lat'],\n",
    "             v['venue']['location']['lng'],\n",
    "             v['venue']['categories'][0]['name']) for v in results\n",
    "        ])\n",
    "\n",
    "    nearby_venues = pd.DataFrame(\n",
    "        [item for venue_list in venues_list for item in venue_list])\n",
    "    nearby_venues.columns = [\n",
    "        'Neighborhood', 'Neighborhood Latitude', 'Neighborhood Longitude',\n",
    "        'Venue', 'Venue Latitude', 'Venue Longitude', 'Venue Category'\n",
    "    ]\n",
    "\n",
    "    return (nearby_venues)"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 18,
   "id": "2a98d87b",
   "metadata": {},
   "outputs": [
    {
     "name": "stdout",
     "output_type": "stream",
     "text": [
      "Bargate\n",
      "Bassett\n",
      "Bevois\n",
      "Bitterne\n",
      "Bitterne Park\n",
      "Coxford\n",
      "Freemantle\n",
      "Harefield\n",
      "Millbrook\n",
      "Peartree\n",
      "Portswood\n",
      "Redbridge\n",
      "Shirley\n",
      "Sholing\n",
      "Swaythling\n",
      "Woolston\n"
     ]
    }
   ],
   "source": [
    "#applying the function on all the areas to get the venues\n",
    "loc_venues = getNearbyVenues(names=loc_neighborhoods['neighborhood'],\n",
    "                                latitudes=loc_neighborhoods['Latitude'],\n",
    "                                longitudes=loc_neighborhoods['Longitude'])"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 19,
   "id": "0bd5a0e5",
   "metadata": {},
   "outputs": [
    {
     "name": "stdout",
     "output_type": "stream",
     "text": [
      "(175, 7)\n"
     ]
    },
    {
     "data": {
      "text/html": [
       "<div>\n",
       "<style scoped>\n",
       "    .dataframe tbody tr th:only-of-type {\n",
       "        vertical-align: middle;\n",
       "    }\n",
       "\n",
       "    .dataframe tbody tr th {\n",
       "        vertical-align: top;\n",
       "    }\n",
       "\n",
       "    .dataframe thead th {\n",
       "        text-align: right;\n",
       "    }\n",
       "</style>\n",
       "<table border=\"1\" class=\"dataframe\">\n",
       "  <thead>\n",
       "    <tr style=\"text-align: right;\">\n",
       "      <th></th>\n",
       "      <th>Neighborhood</th>\n",
       "      <th>Neighborhood Latitude</th>\n",
       "      <th>Neighborhood Longitude</th>\n",
       "      <th>Venue</th>\n",
       "      <th>Venue Latitude</th>\n",
       "      <th>Venue Longitude</th>\n",
       "      <th>Venue Category</th>\n",
       "    </tr>\n",
       "  </thead>\n",
       "  <tbody>\n",
       "    <tr>\n",
       "      <th>0</th>\n",
       "      <td>Bargate</td>\n",
       "      <td>50.902650</td>\n",
       "      <td>-1.40419</td>\n",
       "      <td>Showcase Cinema de Lux</td>\n",
       "      <td>50.902088</td>\n",
       "      <td>-1.407260</td>\n",
       "      <td>Movie Theater</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>1</th>\n",
       "      <td>Bargate</td>\n",
       "      <td>50.902650</td>\n",
       "      <td>-1.40419</td>\n",
       "      <td>Apple Southampton</td>\n",
       "      <td>50.904082</td>\n",
       "      <td>-1.405050</td>\n",
       "      <td>Electronics Store</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>2</th>\n",
       "      <td>Bargate</td>\n",
       "      <td>50.902650</td>\n",
       "      <td>-1.40419</td>\n",
       "      <td>Cafe Thrive</td>\n",
       "      <td>50.902995</td>\n",
       "      <td>-1.401872</td>\n",
       "      <td>CafÃ©</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>3</th>\n",
       "      <td>Bargate</td>\n",
       "      <td>50.902650</td>\n",
       "      <td>-1.40419</td>\n",
       "      <td>Pret A Manger</td>\n",
       "      <td>50.904087</td>\n",
       "      <td>-1.404636</td>\n",
       "      <td>Sandwich Place</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>4</th>\n",
       "      <td>Bargate</td>\n",
       "      <td>50.902650</td>\n",
       "      <td>-1.40419</td>\n",
       "      <td>Waterstones</td>\n",
       "      <td>50.903190</td>\n",
       "      <td>-1.405865</td>\n",
       "      <td>Bookstore</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>...</th>\n",
       "      <td>...</td>\n",
       "      <td>...</td>\n",
       "      <td>...</td>\n",
       "      <td>...</td>\n",
       "      <td>...</td>\n",
       "      <td>...</td>\n",
       "      <td>...</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>170</th>\n",
       "      <td>Woolston</td>\n",
       "      <td>50.888353</td>\n",
       "      <td>-1.37232</td>\n",
       "      <td>Weston Shore</td>\n",
       "      <td>50.886414</td>\n",
       "      <td>-1.374114</td>\n",
       "      <td>Beach</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>171</th>\n",
       "      <td>Woolston</td>\n",
       "      <td>50.888353</td>\n",
       "      <td>-1.37232</td>\n",
       "      <td>Co-op Food</td>\n",
       "      <td>50.889407</td>\n",
       "      <td>-1.367750</td>\n",
       "      <td>Grocery Store</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>172</th>\n",
       "      <td>Woolston</td>\n",
       "      <td>50.888353</td>\n",
       "      <td>-1.37232</td>\n",
       "      <td>Forest Flame Disco</td>\n",
       "      <td>50.888281</td>\n",
       "      <td>-1.376445</td>\n",
       "      <td>Entertainment Service</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>173</th>\n",
       "      <td>Woolston</td>\n",
       "      <td>50.888353</td>\n",
       "      <td>-1.37232</td>\n",
       "      <td>Domino's Pizza</td>\n",
       "      <td>50.889232</td>\n",
       "      <td>-1.368329</td>\n",
       "      <td>Pizza Place</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>174</th>\n",
       "      <td>Woolston</td>\n",
       "      <td>50.888353</td>\n",
       "      <td>-1.37232</td>\n",
       "      <td>Ice Cream Vendors By Weston Seaside</td>\n",
       "      <td>50.885014</td>\n",
       "      <td>-1.370202</td>\n",
       "      <td>Food Stand</td>\n",
       "    </tr>\n",
       "  </tbody>\n",
       "</table>\n",
       "<p>175 rows Ã� 7 columns</p>\n",
       "</div>"
      ],
      "text/plain": [
       "    Neighborhood  Neighborhood Latitude  Neighborhood Longitude  \\\n",
       "0        Bargate              50.902650                -1.40419   \n",
       "1        Bargate              50.902650                -1.40419   \n",
       "2        Bargate              50.902650                -1.40419   \n",
       "3        Bargate              50.902650                -1.40419   \n",
       "4        Bargate              50.902650                -1.40419   \n",
       "..           ...                    ...                     ...   \n",
       "170     Woolston              50.888353                -1.37232   \n",
       "171     Woolston              50.888353                -1.37232   \n",
       "172     Woolston              50.888353                -1.37232   \n",
       "173     Woolston              50.888353                -1.37232   \n",
       "174     Woolston              50.888353                -1.37232   \n",
       "\n",
       "                                   Venue  Venue Latitude  Venue Longitude  \\\n",
       "0                 Showcase Cinema de Lux       50.902088        -1.407260   \n",
       "1                      Apple Southampton       50.904082        -1.405050   \n",
       "2                            Cafe Thrive       50.902995        -1.401872   \n",
       "3                          Pret A Manger       50.904087        -1.404636   \n",
       "4                            Waterstones       50.903190        -1.405865   \n",
       "..                                   ...             ...              ...   \n",
       "170                         Weston Shore       50.886414        -1.374114   \n",
       "171                           Co-op Food       50.889407        -1.367750   \n",
       "172                   Forest Flame Disco       50.888281        -1.376445   \n",
       "173                       Domino's Pizza       50.889232        -1.368329   \n",
       "174  Ice Cream Vendors By Weston Seaside       50.885014        -1.370202   \n",
       "\n",
       "            Venue Category  \n",
       "0            Movie Theater  \n",
       "1        Electronics Store  \n",
       "2                     CafÃ©  \n",
       "3           Sandwich Place  \n",
       "4                Bookstore  \n",
       "..                     ...  \n",
       "170                  Beach  \n",
       "171          Grocery Store  \n",
       "172  Entertainment Service  \n",
       "173            Pizza Place  \n",
       "174             Food Stand  \n",
       "\n",
       "[175 rows x 7 columns]"
      ]
     },
     "execution_count": 19,
     "metadata": {},
     "output_type": "execute_result"
    }
   ],
   "source": [
    "#printing the location venues and shape\n",
    "print(loc_venues.shape)\n",
    "loc_venues"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 20,
   "id": "a2cc9771",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "text/plain": [
       "16"
      ]
     },
     "execution_count": 20,
     "metadata": {},
     "output_type": "execute_result"
    }
   ],
   "source": [
    "#counting the count of areas in neighboorhoods\n",
    "loc_neighborhoods[\"neighborhood\"].value_counts().count()"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 21,
   "id": "63127a3d",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "text/plain": [
       "16"
      ]
     },
     "execution_count": 21,
     "metadata": {},
     "output_type": "execute_result"
    }
   ],
   "source": [
    "#counting the number of areas in venues\n",
    "loc_venues[\"Neighborhood\"].value_counts().count()"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 22,
   "id": "4d1b5861",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "text/plain": [
       "16"
      ]
     },
     "execution_count": 22,
     "metadata": {},
     "output_type": "execute_result"
    }
   ],
   "source": [
    "#creating a dataframe in which the areas in neighboorhod is there in venues\n",
    "loc_neighborhoods = loc_neighborhoods.loc[loc_neighborhoods[\"neighborhood\"].isin(loc_venues[\"Neighborhood\"])]\n",
    "#counting the locations\n",
    "loc_neighborhoods[\"neighborhood\"].value_counts().count()"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 23,
   "id": "0ce6bd05",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "text/html": [
       "<div>\n",
       "<style scoped>\n",
       "    .dataframe tbody tr th:only-of-type {\n",
       "        vertical-align: middle;\n",
       "    }\n",
       "\n",
       "    .dataframe tbody tr th {\n",
       "        vertical-align: top;\n",
       "    }\n",
       "\n",
       "    .dataframe thead th {\n",
       "        text-align: right;\n",
       "    }\n",
       "</style>\n",
       "<table border=\"1\" class=\"dataframe\">\n",
       "  <thead>\n",
       "    <tr style=\"text-align: right;\">\n",
       "      <th></th>\n",
       "      <th>neighborhood</th>\n",
       "      <th>Latitude</th>\n",
       "      <th>Longitude</th>\n",
       "    </tr>\n",
       "  </thead>\n",
       "  <tbody>\n",
       "    <tr>\n",
       "      <th>402</th>\n",
       "      <td>Bargate</td>\n",
       "      <td>50.902650</td>\n",
       "      <td>-1.404190</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>403</th>\n",
       "      <td>Bassett</td>\n",
       "      <td>50.947819</td>\n",
       "      <td>-1.404591</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>404</th>\n",
       "      <td>Bevois</td>\n",
       "      <td>50.919690</td>\n",
       "      <td>-1.395334</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>405</th>\n",
       "      <td>Bitterne</td>\n",
       "      <td>50.914540</td>\n",
       "      <td>-1.338460</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>406</th>\n",
       "      <td>Bitterne Park</td>\n",
       "      <td>50.914840</td>\n",
       "      <td>-1.363278</td>\n",
       "    </tr>\n",
       "  </tbody>\n",
       "</table>\n",
       "</div>"
      ],
      "text/plain": [
       "      neighborhood   Latitude  Longitude\n",
       "402        Bargate  50.902650  -1.404190\n",
       "403        Bassett  50.947819  -1.404591\n",
       "404         Bevois  50.919690  -1.395334\n",
       "405       Bitterne  50.914540  -1.338460\n",
       "406  Bitterne Park  50.914840  -1.363278"
      ]
     },
     "execution_count": 23,
     "metadata": {},
     "output_type": "execute_result"
    }
   ],
   "source": [
    "#checking the top5 rows \n",
    "loc_neighborhoods.head()"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 24,
   "id": "3aad9c78",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "text/html": [
       "<div>\n",
       "<style scoped>\n",
       "    .dataframe tbody tr th:only-of-type {\n",
       "        vertical-align: middle;\n",
       "    }\n",
       "\n",
       "    .dataframe tbody tr th {\n",
       "        vertical-align: top;\n",
       "    }\n",
       "\n",
       "    .dataframe thead th {\n",
       "        text-align: right;\n",
       "    }\n",
       "</style>\n",
       "<table border=\"1\" class=\"dataframe\">\n",
       "  <thead>\n",
       "    <tr style=\"text-align: right;\">\n",
       "      <th></th>\n",
       "      <th>Neighborhood Latitude</th>\n",
       "      <th>Neighborhood Longitude</th>\n",
       "      <th>Venue</th>\n",
       "      <th>Venue Latitude</th>\n",
       "      <th>Venue Longitude</th>\n",
       "      <th>Venue Category</th>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>Neighborhood</th>\n",
       "      <th></th>\n",
       "      <th></th>\n",
       "      <th></th>\n",
       "      <th></th>\n",
       "      <th></th>\n",
       "      <th></th>\n",
       "    </tr>\n",
       "  </thead>\n",
       "  <tbody>\n",
       "    <tr>\n",
       "      <th>Bargate</th>\n",
       "      <td>52</td>\n",
       "      <td>52</td>\n",
       "      <td>52</td>\n",
       "      <td>52</td>\n",
       "      <td>52</td>\n",
       "      <td>52</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>Bassett</th>\n",
       "      <td>2</td>\n",
       "      <td>2</td>\n",
       "      <td>2</td>\n",
       "      <td>2</td>\n",
       "      <td>2</td>\n",
       "      <td>2</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>Bevois</th>\n",
       "      <td>22</td>\n",
       "      <td>22</td>\n",
       "      <td>22</td>\n",
       "      <td>22</td>\n",
       "      <td>22</td>\n",
       "      <td>22</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>Bitterne</th>\n",
       "      <td>5</td>\n",
       "      <td>5</td>\n",
       "      <td>5</td>\n",
       "      <td>5</td>\n",
       "      <td>5</td>\n",
       "      <td>5</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>Bitterne Park</th>\n",
       "      <td>10</td>\n",
       "      <td>10</td>\n",
       "      <td>10</td>\n",
       "      <td>10</td>\n",
       "      <td>10</td>\n",
       "      <td>10</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>Coxford</th>\n",
       "      <td>4</td>\n",
       "      <td>4</td>\n",
       "      <td>4</td>\n",
       "      <td>4</td>\n",
       "      <td>4</td>\n",
       "      <td>4</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>Freemantle</th>\n",
       "      <td>5</td>\n",
       "      <td>5</td>\n",
       "      <td>5</td>\n",
       "      <td>5</td>\n",
       "      <td>5</td>\n",
       "      <td>5</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>Harefield</th>\n",
       "      <td>11</td>\n",
       "      <td>11</td>\n",
       "      <td>11</td>\n",
       "      <td>11</td>\n",
       "      <td>11</td>\n",
       "      <td>11</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>Millbrook</th>\n",
       "      <td>4</td>\n",
       "      <td>4</td>\n",
       "      <td>4</td>\n",
       "      <td>4</td>\n",
       "      <td>4</td>\n",
       "      <td>4</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>Peartree</th>\n",
       "      <td>5</td>\n",
       "      <td>5</td>\n",
       "      <td>5</td>\n",
       "      <td>5</td>\n",
       "      <td>5</td>\n",
       "      <td>5</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>Portswood</th>\n",
       "      <td>28</td>\n",
       "      <td>28</td>\n",
       "      <td>28</td>\n",
       "      <td>28</td>\n",
       "      <td>28</td>\n",
       "      <td>28</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>Redbridge</th>\n",
       "      <td>6</td>\n",
       "      <td>6</td>\n",
       "      <td>6</td>\n",
       "      <td>6</td>\n",
       "      <td>6</td>\n",
       "      <td>6</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>Shirley</th>\n",
       "      <td>5</td>\n",
       "      <td>5</td>\n",
       "      <td>5</td>\n",
       "      <td>5</td>\n",
       "      <td>5</td>\n",
       "      <td>5</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>Sholing</th>\n",
       "      <td>4</td>\n",
       "      <td>4</td>\n",
       "      <td>4</td>\n",
       "      <td>4</td>\n",
       "      <td>4</td>\n",
       "      <td>4</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>Swaythling</th>\n",
       "      <td>7</td>\n",
       "      <td>7</td>\n",
       "      <td>7</td>\n",
       "      <td>7</td>\n",
       "      <td>7</td>\n",
       "      <td>7</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>Woolston</th>\n",
       "      <td>5</td>\n",
       "      <td>5</td>\n",
       "      <td>5</td>\n",
       "      <td>5</td>\n",
       "      <td>5</td>\n",
       "      <td>5</td>\n",
       "    </tr>\n",
       "  </tbody>\n",
       "</table>\n",
       "</div>"
      ],
      "text/plain": [
       "               Neighborhood Latitude  Neighborhood Longitude  Venue  \\\n",
       "Neighborhood                                                          \n",
       "Bargate                           52                      52     52   \n",
       "Bassett                            2                       2      2   \n",
       "Bevois                            22                      22     22   \n",
       "Bitterne                           5                       5      5   \n",
       "Bitterne Park                     10                      10     10   \n",
       "Coxford                            4                       4      4   \n",
       "Freemantle                         5                       5      5   \n",
       "Harefield                         11                      11     11   \n",
       "Millbrook                          4                       4      4   \n",
       "Peartree                           5                       5      5   \n",
       "Portswood                         28                      28     28   \n",
       "Redbridge                          6                       6      6   \n",
       "Shirley                            5                       5      5   \n",
       "Sholing                            4                       4      4   \n",
       "Swaythling                         7                       7      7   \n",
       "Woolston                           5                       5      5   \n",
       "\n",
       "               Venue Latitude  Venue Longitude  Venue Category  \n",
       "Neighborhood                                                    \n",
       "Bargate                    52               52              52  \n",
       "Bassett                     2                2               2  \n",
       "Bevois                     22               22              22  \n",
       "Bitterne                    5                5               5  \n",
       "Bitterne Park              10               10              10  \n",
       "Coxford                     4                4               4  \n",
       "Freemantle                  5                5               5  \n",
       "Harefield                  11               11              11  \n",
       "Millbrook                   4                4               4  \n",
       "Peartree                    5                5               5  \n",
       "Portswood                  28               28              28  \n",
       "Redbridge                   6                6               6  \n",
       "Shirley                     5                5               5  \n",
       "Sholing                     4                4               4  \n",
       "Swaythling                  7                7               7  \n",
       "Woolston                    5                5               5  "
      ]
     },
     "execution_count": 24,
     "metadata": {},
     "output_type": "execute_result"
    }
   ],
   "source": [
    "#grouping the dataframe with repect to neighborhood\n",
    "loc_venues.groupby('Neighborhood').count()"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 25,
   "id": "139266f1",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "image/png": "\n",
      "text/plain": [
       "<Figure size 720x288 with 1 Axes>"
      ]
     },
     "metadata": {
      "needs_background": "light"
     },
     "output_type": "display_data"
    }
   ],
   "source": [
    "#plotting the most popular venue as per data received from API\n",
    "pop_loc_venues = loc_venues.groupby('Neighborhood').count()\n",
    "fig = plt.figure(figsize=(10,4))\n",
    "colormap = cm.rainbow(np.linspace(0, 1, pop_loc_venues.shape[0]))\n",
    "plt.title(\"Busiest Neighborhood of {}\".format(loc))\n",
    "ax = pop_loc_venues[\"Venue Category\"].sort_values().plot.bar(color = colormap)"
   ]
  },
  {
   "cell_type": "markdown",
   "id": "94f50bad",
   "metadata": {},
   "source": [
    "#### From the above chart we can clearly see that the bargate area of the location has the most footfalls. and is most visited by the people."
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 26,
   "id": "7cc3cd3e",
   "metadata": {},
   "outputs": [
    {
     "name": "stdout",
     "output_type": "stream",
     "text": [
      "There are 74 uniques categories.\n"
     ]
    }
   ],
   "source": [
    "#Counting the number of uniques categories of venues\n",
    "print('There are {} uniques categories.'.format(len(loc_venues['Venue Category'].unique())))"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 27,
   "id": "7550a1b3",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "text/html": [
       "<div>\n",
       "<style scoped>\n",
       "    .dataframe tbody tr th:only-of-type {\n",
       "        vertical-align: middle;\n",
       "    }\n",
       "\n",
       "    .dataframe tbody tr th {\n",
       "        vertical-align: top;\n",
       "    }\n",
       "\n",
       "    .dataframe thead th {\n",
       "        text-align: right;\n",
       "    }\n",
       "</style>\n",
       "<table border=\"1\" class=\"dataframe\">\n",
       "  <thead>\n",
       "    <tr style=\"text-align: right;\">\n",
       "      <th></th>\n",
       "      <th>American Restaurant</th>\n",
       "      <th>Arcade</th>\n",
       "      <th>Asian Restaurant</th>\n",
       "      <th>Auto Workshop</th>\n",
       "      <th>BBQ Joint</th>\n",
       "      <th>Bar</th>\n",
       "      <th>Beach</th>\n",
       "      <th>Bookstore</th>\n",
       "      <th>Bowling Alley</th>\n",
       "      <th>Breakfast Spot</th>\n",
       "      <th>...</th>\n",
       "      <th>Shopping Mall</th>\n",
       "      <th>Ski Area</th>\n",
       "      <th>Sporting Goods Shop</th>\n",
       "      <th>Steakhouse</th>\n",
       "      <th>Supermarket</th>\n",
       "      <th>Tapas Restaurant</th>\n",
       "      <th>Thai Restaurant</th>\n",
       "      <th>Train Station</th>\n",
       "      <th>Turkish Restaurant</th>\n",
       "      <th>Neighborhood</th>\n",
       "    </tr>\n",
       "  </thead>\n",
       "  <tbody>\n",
       "    <tr>\n",
       "      <th>0</th>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>...</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>Bargate</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>1</th>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>...</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>Bargate</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>2</th>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>...</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>Bargate</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>3</th>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>...</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>Bargate</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>4</th>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>1</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>...</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>0</td>\n",
       "      <td>Bargate</td>\n",
       "    </tr>\n",
       "  </tbody>\n",
       "</table>\n",
       "<p>5 rows Ã� 75 columns</p>\n",
       "</div>"
      ],
      "text/plain": [
       "   American Restaurant  Arcade  Asian Restaurant  Auto Workshop  BBQ Joint  \\\n",
       "0                    0       0                 0              0          0   \n",
       "1                    0       0                 0              0          0   \n",
       "2                    0       0                 0              0          0   \n",
       "3                    0       0                 0              0          0   \n",
       "4                    0       0                 0              0          0   \n",
       "\n",
       "   Bar  Beach  Bookstore  Bowling Alley  Breakfast Spot  ...  Shopping Mall  \\\n",
       "0    0      0          0              0               0  ...              0   \n",
       "1    0      0          0              0               0  ...              0   \n",
       "2    0      0          0              0               0  ...              0   \n",
       "3    0      0          0              0               0  ...              0   \n",
       "4    0      0          1              0               0  ...              0   \n",
       "\n",
       "   Ski Area  Sporting Goods Shop  Steakhouse  Supermarket  Tapas Restaurant  \\\n",
       "0         0                    0           0            0                 0   \n",
       "1         0                    0           0            0                 0   \n",
       "2         0                    0           0            0                 0   \n",
       "3         0                    0           0            0                 0   \n",
       "4         0                    0           0            0                 0   \n",
       "\n",
       "   Thai Restaurant  Train Station  Turkish Restaurant  Neighborhood  \n",
       "0                0              0                   0       Bargate  \n",
       "1                0              0                   0       Bargate  \n",
       "2                0              0                   0       Bargate  \n",
       "3                0              0                   0       Bargate  \n",
       "4                0              0                   0       Bargate  \n",
       "\n",
       "[5 rows x 75 columns]"
      ]
     },
     "execution_count": 27,
     "metadata": {},
     "output_type": "execute_result"
    }
   ],
   "source": [
    "# Applying one hot encoding on the dataset\n",
    "loc_onehot = pd.get_dummies(loc_venues[['Venue Category']], prefix=\"\", prefix_sep=\"\")\n",
    "loc_onehot['Neighborhood'] = loc_venues['Neighborhood'] \n",
    "loc_onehot.head()"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 28,
   "id": "b1f04d2f",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "text/plain": [
       "(175, 75)"
      ]
     },
     "execution_count": 28,
     "metadata": {},
     "output_type": "execute_result"
    }
   ],
   "source": [
    "#checking the shape of the dataset\n",
    "loc_onehot.shape"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 29,
   "id": "d1455a22",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "text/html": [
       "<div>\n",
       "<style scoped>\n",
       "    .dataframe tbody tr th:only-of-type {\n",
       "        vertical-align: middle;\n",
       "    }\n",
       "\n",
       "    .dataframe tbody tr th {\n",
       "        vertical-align: top;\n",
       "    }\n",
       "\n",
       "    .dataframe thead th {\n",
       "        text-align: right;\n",
       "    }\n",
       "</style>\n",
       "<table border=\"1\" class=\"dataframe\">\n",
       "  <thead>\n",
       "    <tr style=\"text-align: right;\">\n",
       "      <th></th>\n",
       "      <th>Neighborhood</th>\n",
       "      <th>American Restaurant</th>\n",
       "      <th>Arcade</th>\n",
       "      <th>Asian Restaurant</th>\n",
       "      <th>Auto Workshop</th>\n",
       "      <th>BBQ Joint</th>\n",
       "      <th>Bar</th>\n",
       "      <th>Beach</th>\n",
       "      <th>Bookstore</th>\n",
       "      <th>Bowling Alley</th>\n",
       "      <th>...</th>\n",
       "      <th>Sandwich Place</th>\n",
       "      <th>Shopping Mall</th>\n",
       "      <th>Ski Area</th>\n",
       "      <th>Sporting Goods Shop</th>\n",
       "      <th>Steakhouse</th>\n",
       "      <th>Supermarket</th>\n",
       "      <th>Tapas Restaurant</th>\n",
       "      <th>Thai Restaurant</th>\n",
       "      <th>Train Station</th>\n",
       "      <th>Turkish Restaurant</th>\n",
       "    </tr>\n",
       "  </thead>\n",
       "  <tbody>\n",
       "    <tr>\n",
       "      <th>0</th>\n",
       "      <td>Bargate</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.0</td>\n",
       "      <td>0.019231</td>\n",
       "      <td>0.019231</td>\n",
       "      <td>0.019231</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.0</td>\n",
       "      <td>0.038462</td>\n",
       "      <td>0.00</td>\n",
       "      <td>...</td>\n",
       "      <td>0.019231</td>\n",
       "      <td>0.019231</td>\n",
       "      <td>0.0</td>\n",
       "      <td>0.019231</td>\n",
       "      <td>0.019231</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.019231</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.019231</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>1</th>\n",
       "      <td>Bassett</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.5</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.500000</td>\n",
       "      <td>0.0</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.00</td>\n",
       "      <td>...</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.0</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>2</th>\n",
       "      <td>Bevois</td>\n",
       "      <td>0.045455</td>\n",
       "      <td>0.0</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.181818</td>\n",
       "      <td>0.0</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.00</td>\n",
       "      <td>...</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.0</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.045455</td>\n",
       "      <td>0.045455</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>3</th>\n",
       "      <td>Bitterne</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.0</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.0</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.00</td>\n",
       "      <td>...</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.0</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>4</th>\n",
       "      <td>Bitterne Park</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.0</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.0</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.00</td>\n",
       "      <td>...</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.0</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.100000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>5</th>\n",
       "      <td>Coxford</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.0</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.0</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.00</td>\n",
       "      <td>...</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.0</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>6</th>\n",
       "      <td>Freemantle</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.0</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.0</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.00</td>\n",
       "      <td>...</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.0</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>7</th>\n",
       "      <td>Harefield</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.0</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.0</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.00</td>\n",
       "      <td>...</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.0</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.090909</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>8</th>\n",
       "      <td>Millbrook</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.0</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.0</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.25</td>\n",
       "      <td>...</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.0</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>9</th>\n",
       "      <td>Peartree</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.0</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.0</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.00</td>\n",
       "      <td>...</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.0</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>10</th>\n",
       "      <td>Portswood</td>\n",
       "      <td>0.035714</td>\n",
       "      <td>0.0</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.071429</td>\n",
       "      <td>0.0</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.00</td>\n",
       "      <td>...</td>\n",
       "      <td>0.035714</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.0</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.071429</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>11</th>\n",
       "      <td>Redbridge</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.0</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.0</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.00</td>\n",
       "      <td>...</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.0</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.166667</td>\n",
       "      <td>0.000000</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>12</th>\n",
       "      <td>Shirley</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.0</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.0</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.00</td>\n",
       "      <td>...</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.2</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>13</th>\n",
       "      <td>Sholing</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.0</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.0</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.00</td>\n",
       "      <td>...</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.0</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>14</th>\n",
       "      <td>Swaythling</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.0</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.0</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.00</td>\n",
       "      <td>...</td>\n",
       "      <td>0.142857</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.0</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>15</th>\n",
       "      <td>Woolston</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.0</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.2</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.00</td>\n",
       "      <td>...</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.0</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "      <td>0.000000</td>\n",
       "    </tr>\n",
       "  </tbody>\n",
       "</table>\n",
       "<p>16 rows Ã� 75 columns</p>\n",
       "</div>"
      ],
      "text/plain": [
       "     Neighborhood  American Restaurant  Arcade  Asian Restaurant  \\\n",
       "0         Bargate             0.000000     0.0          0.019231   \n",
       "1         Bassett             0.000000     0.5          0.000000   \n",
       "2          Bevois             0.045455     0.0          0.000000   \n",
       "3        Bitterne             0.000000     0.0          0.000000   \n",
       "4   Bitterne Park             0.000000     0.0          0.000000   \n",
       "5         Coxford             0.000000     0.0          0.000000   \n",
       "6      Freemantle             0.000000     0.0          0.000000   \n",
       "7       Harefield             0.000000     0.0          0.000000   \n",
       "8       Millbrook             0.000000     0.0          0.000000   \n",
       "9        Peartree             0.000000     0.0          0.000000   \n",
       "10      Portswood             0.035714     0.0          0.000000   \n",
       "11      Redbridge             0.000000     0.0          0.000000   \n",
       "12        Shirley             0.000000     0.0          0.000000   \n",
       "13        Sholing             0.000000     0.0          0.000000   \n",
       "14     Swaythling             0.000000     0.0          0.000000   \n",
       "15       Woolston             0.000000     0.0          0.000000   \n",
       "\n",
       "    Auto Workshop  BBQ Joint       Bar  Beach  Bookstore  Bowling Alley  ...  \\\n",
       "0        0.019231   0.019231  0.000000    0.0   0.038462           0.00  ...   \n",
       "1        0.000000   0.000000  0.500000    0.0   0.000000           0.00  ...   \n",
       "2        0.000000   0.000000  0.181818    0.0   0.000000           0.00  ...   \n",
       "3        0.000000   0.000000  0.000000    0.0   0.000000           0.00  ...   \n",
       "4        0.000000   0.000000  0.000000    0.0   0.000000           0.00  ...   \n",
       "5        0.000000   0.000000  0.000000    0.0   0.000000           0.00  ...   \n",
       "6        0.000000   0.000000  0.000000    0.0   0.000000           0.00  ...   \n",
       "7        0.000000   0.000000  0.000000    0.0   0.000000           0.00  ...   \n",
       "8        0.000000   0.000000  0.000000    0.0   0.000000           0.25  ...   \n",
       "9        0.000000   0.000000  0.000000    0.0   0.000000           0.00  ...   \n",
       "10       0.000000   0.000000  0.071429    0.0   0.000000           0.00  ...   \n",
       "11       0.000000   0.000000  0.000000    0.0   0.000000           0.00  ...   \n",
       "12       0.000000   0.000000  0.000000    0.0   0.000000           0.00  ...   \n",
       "13       0.000000   0.000000  0.000000    0.0   0.000000           0.00  ...   \n",
       "14       0.000000   0.000000  0.000000    0.0   0.000000           0.00  ...   \n",
       "15       0.000000   0.000000  0.000000    0.2   0.000000           0.00  ...   \n",
       "\n",
       "    Sandwich Place  Shopping Mall  Ski Area  Sporting Goods Shop  Steakhouse  \\\n",
       "0         0.019231       0.019231       0.0             0.019231    0.019231   \n",
       "1         0.000000       0.000000       0.0             0.000000    0.000000   \n",
       "2         0.000000       0.000000       0.0             0.000000    0.000000   \n",
       "3         0.000000       0.000000       0.0             0.000000    0.000000   \n",
       "4         0.000000       0.000000       0.0             0.000000    0.000000   \n",
       "5         0.000000       0.000000       0.0             0.000000    0.000000   \n",
       "6         0.000000       0.000000       0.0             0.000000    0.000000   \n",
       "7         0.000000       0.000000       0.0             0.000000    0.000000   \n",
       "8         0.000000       0.000000       0.0             0.000000    0.000000   \n",
       "9         0.000000       0.000000       0.0             0.000000    0.000000   \n",
       "10        0.035714       0.000000       0.0             0.000000    0.000000   \n",
       "11        0.000000       0.000000       0.0             0.000000    0.000000   \n",
       "12        0.000000       0.000000       0.2             0.000000    0.000000   \n",
       "13        0.000000       0.000000       0.0             0.000000    0.000000   \n",
       "14        0.142857       0.000000       0.0             0.000000    0.000000   \n",
       "15        0.000000       0.000000       0.0             0.000000    0.000000   \n",
       "\n",
       "    Supermarket  Tapas Restaurant  Thai Restaurant  Train Station  \\\n",
       "0      0.000000          0.000000         0.019231       0.000000   \n",
       "1      0.000000          0.000000         0.000000       0.000000   \n",
       "2      0.045455          0.045455         0.000000       0.000000   \n",
       "3      0.000000          0.000000         0.000000       0.000000   \n",
       "4      0.100000          0.000000         0.000000       0.000000   \n",
       "5      0.000000          0.000000         0.000000       0.000000   \n",
       "6      0.000000          0.000000         0.000000       0.000000   \n",
       "7      0.090909          0.000000         0.000000       0.000000   \n",
       "8      0.000000          0.000000         0.000000       0.000000   \n",
       "9      0.000000          0.000000         0.000000       0.000000   \n",
       "10     0.071429          0.000000         0.000000       0.000000   \n",
       "11     0.000000          0.000000         0.000000       0.166667   \n",
       "12     0.000000          0.000000         0.000000       0.000000   \n",
       "13     0.000000          0.000000         0.000000       0.000000   \n",
       "14     0.000000          0.000000         0.000000       0.000000   \n",
       "15     0.000000          0.000000         0.000000       0.000000   \n",
       "\n",
       "    Turkish Restaurant  \n",
       "0             0.019231  \n",
       "1             0.000000  \n",
       "2             0.000000  \n",
       "3             0.000000  \n",
       "4             0.000000  \n",
       "5             0.000000  \n",
       "6             0.000000  \n",
       "7             0.000000  \n",
       "8             0.000000  \n",
       "9             0.000000  \n",
       "10            0.000000  \n",
       "11            0.000000  \n",
       "12            0.000000  \n",
       "13            0.000000  \n",
       "14            0.000000  \n",
       "15            0.000000  \n",
       "\n",
       "[16 rows x 75 columns]"
      ]
     },
     "execution_count": 29,
     "metadata": {},
     "output_type": "execute_result"
    }
   ],
   "source": [
    "#grouping the dataset with respect to neighborhood\n",
    "loc_grouped = loc_onehot.groupby('Neighborhood').mean().reset_index()\n",
    "loc_grouped"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 30,
   "id": "aa4bc45e",
   "metadata": {},
   "outputs": [
    {
     "name": "stdout",
     "output_type": "stream",
     "text": [
      "----Bargate----\n",
      "                   venue  freq\n",
      "0     Italian Restaurant  0.08\n",
      "1                  Hotel  0.06\n",
      "2            Coffee Shop  0.06\n",
      "3                    Pub  0.06\n",
      "4  Portuguese Restaurant  0.04\n",
      "\n",
      "\n",
      "----Bassett----\n",
      "                  venue  freq\n",
      "0                Arcade   0.5\n",
      "1                   Bar   0.5\n",
      "2            Kids Store   0.0\n",
      "3                  Park   0.0\n",
      "4  Outdoor Supply Store   0.0\n",
      "\n",
      "\n",
      "----Bevois----\n",
      "                 venue  freq\n",
      "0                  Pub  0.23\n",
      "1                  Bar  0.18\n",
      "2   Mexican Restaurant  0.09\n",
      "3  American Restaurant  0.05\n",
      "4    Convenience Store  0.05\n",
      "\n",
      "\n",
      "----Bitterne----\n",
      "                  venue  freq\n",
      "0         Grocery Store   0.4\n",
      "1  Fast Food Restaurant   0.2\n",
      "2           Pizza Place   0.2\n",
      "3     Indian Restaurant   0.2\n",
      "4   American Restaurant   0.0\n",
      "\n",
      "\n",
      "----Bitterne Park----\n",
      "                  venue  freq\n",
      "0              Pharmacy   0.2\n",
      "1             Gift Shop   0.1\n",
      "2           Pizza Place   0.1\n",
      "3  Fast Food Restaurant   0.1\n",
      "4              Bus Stop   0.1\n",
      "\n",
      "\n",
      "----Coxford----\n",
      "                 venue  freq\n",
      "0                 CafÃ©  0.50\n",
      "1        Grocery Store  0.25\n",
      "2            Newsagent  0.25\n",
      "3  American Restaurant  0.00\n",
      "4   Mexican Restaurant  0.00\n",
      "\n",
      "\n",
      "----Freemantle----\n",
      "               venue  freq\n",
      "0                Pub   0.4\n",
      "1  Convenience Store   0.2\n",
      "2  Fish & Chips Shop   0.2\n",
      "3      Grocery Store   0.2\n",
      "4               Park   0.0\n",
      "\n",
      "\n",
      "----Harefield----\n",
      "                  venue  freq\n",
      "0         Grocery Store  0.27\n",
      "1  Fast Food Restaurant  0.18\n",
      "2             Rock Club  0.09\n",
      "3            Restaurant  0.09\n",
      "4           Pizza Place  0.09\n",
      "\n",
      "\n",
      "----Millbrook----\n",
      "                  venue  freq\n",
      "0         Grocery Store  0.25\n",
      "1  Outdoor Supply Store  0.25\n",
      "2        Discount Store  0.25\n",
      "3         Bowling Alley  0.25\n",
      "4   American Restaurant  0.00\n",
      "\n",
      "\n",
      "----Peartree----\n",
      "        venue  freq\n",
      "0         Gym   0.2\n",
      "1       Hotel   0.2\n",
      "2       Diner   0.2\n",
      "3  Playground   0.2\n",
      "4         Pub   0.2\n",
      "\n",
      "\n",
      "----Portswood----\n",
      "           venue  freq\n",
      "0  Grocery Store  0.11\n",
      "1            Pub  0.11\n",
      "2            Bar  0.07\n",
      "3    Supermarket  0.07\n",
      "4    Gelato Shop  0.07\n",
      "\n",
      "\n",
      "----Redbridge----\n",
      "                 venue  freq\n",
      "0        Train Station  0.17\n",
      "1           Playground  0.17\n",
      "2            Gastropub  0.17\n",
      "3                  Pub  0.17\n",
      "4  Rental Car Location  0.17\n",
      "\n",
      "\n",
      "----Shirley----\n",
      "                  venue  freq\n",
      "0                   Pub   0.4\n",
      "1  Gym / Fitness Center   0.2\n",
      "2              Ski Area   0.2\n",
      "3        Hardware Store   0.2\n",
      "4      Tapas Restaurant   0.0\n",
      "\n",
      "\n",
      "----Sholing----\n",
      "                venue  freq\n",
      "0       Grocery Store  0.50\n",
      "1  Photography Studio  0.25\n",
      "2            Bus Stop  0.25\n",
      "3  Mexican Restaurant  0.00\n",
      "4                Park  0.00\n",
      "\n",
      "\n",
      "----Swaythling----\n",
      "                  venue  freq\n",
      "0  Fast Food Restaurant  0.29\n",
      "1         Grocery Store  0.29\n",
      "2        Sandwich Place  0.14\n",
      "3            Restaurant  0.14\n",
      "4     Convenience Store  0.14\n",
      "\n",
      "\n",
      "----Woolston----\n",
      "                   venue  freq\n",
      "0             Food Stand   0.2\n",
      "1            Pizza Place   0.2\n",
      "2          Grocery Store   0.2\n",
      "3                  Beach   0.2\n",
      "4  Entertainment Service   0.2\n",
      "\n",
      "\n"
     ]
    }
   ],
   "source": [
    "#calculating the frequency of the venues as per the areas\n",
    "num_top_venues = 5\n",
    "for hood in loc_grouped['Neighborhood']:\n",
    "    print(\"----\"+hood+\"----\")\n",
    "    temp = loc_grouped[loc_grouped['Neighborhood'] == hood].T.reset_index()\n",
    "    temp.columns = ['venue','freq']\n",
    "    temp = temp.iloc[1:]\n",
    "    temp['freq'] = temp['freq'].astype(float)\n",
    "    temp = temp.round({'freq': 2})\n",
    "    print(temp.sort_values('freq', ascending=False).reset_index(drop=True).head(num_top_venues))\n",
    "    print('\\n')"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 31,
   "id": "04bfe815",
   "metadata": {},
   "outputs": [],
   "source": [
    "#defining a function which returns the sorted venues list\n",
    "def return_most_common_venues(row, num_top_venues):\n",
    "    row_categories = row.iloc[1:]\n",
    "    row_categories_sorted = row_categories.sort_values(ascending=False)\n",
    "    \n",
    "    return row_categories_sorted.index.values[0:num_top_venues]"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 32,
   "id": "c295f1b1",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "text/html": [
       "<div>\n",
       "<style scoped>\n",
       "    .dataframe tbody tr th:only-of-type {\n",
       "        vertical-align: middle;\n",
       "    }\n",
       "\n",
       "    .dataframe tbody tr th {\n",
       "        vertical-align: top;\n",
       "    }\n",
       "\n",
       "    .dataframe thead th {\n",
       "        text-align: right;\n",
       "    }\n",
       "</style>\n",
       "<table border=\"1\" class=\"dataframe\">\n",
       "  <thead>\n",
       "    <tr style=\"text-align: right;\">\n",
       "      <th></th>\n",
       "      <th>Neighborhood</th>\n",
       "      <th>1st Most Common Venue</th>\n",
       "      <th>2nd Most Common Venue</th>\n",
       "      <th>3rd Most Common Venue</th>\n",
       "      <th>4th Most Common Venue</th>\n",
       "      <th>5th Most Common Venue</th>\n",
       "      <th>6th Most Common Venue</th>\n",
       "      <th>7th Most Common Venue</th>\n",
       "      <th>8th Most Common Venue</th>\n",
       "      <th>9th Most Common Venue</th>\n",
       "      <th>10th Most Common Venue</th>\n",
       "    </tr>\n",
       "  </thead>\n",
       "  <tbody>\n",
       "    <tr>\n",
       "      <th>0</th>\n",
       "      <td>Bargate</td>\n",
       "      <td>Italian Restaurant</td>\n",
       "      <td>Hotel</td>\n",
       "      <td>Coffee Shop</td>\n",
       "      <td>Pub</td>\n",
       "      <td>Portuguese Restaurant</td>\n",
       "      <td>Bookstore</td>\n",
       "      <td>Furniture / Home Store</td>\n",
       "      <td>Historic Site</td>\n",
       "      <td>Clothing Store</td>\n",
       "      <td>Park</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>1</th>\n",
       "      <td>Bassett</td>\n",
       "      <td>Arcade</td>\n",
       "      <td>Bar</td>\n",
       "      <td>Kids Store</td>\n",
       "      <td>Park</td>\n",
       "      <td>Outdoor Supply Store</td>\n",
       "      <td>Nightclub</td>\n",
       "      <td>Newsagent</td>\n",
       "      <td>Movie Theater</td>\n",
       "      <td>Middle Eastern Restaurant</td>\n",
       "      <td>Mexican Restaurant</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>2</th>\n",
       "      <td>Bevois</td>\n",
       "      <td>Pub</td>\n",
       "      <td>Bar</td>\n",
       "      <td>Mexican Restaurant</td>\n",
       "      <td>American Restaurant</td>\n",
       "      <td>Convenience Store</td>\n",
       "      <td>Tapas Restaurant</td>\n",
       "      <td>Supermarket</td>\n",
       "      <td>Hookah Bar</td>\n",
       "      <td>Grocery Store</td>\n",
       "      <td>Greek Restaurant</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>3</th>\n",
       "      <td>Bitterne</td>\n",
       "      <td>Grocery Store</td>\n",
       "      <td>Fast Food Restaurant</td>\n",
       "      <td>Pizza Place</td>\n",
       "      <td>Indian Restaurant</td>\n",
       "      <td>American Restaurant</td>\n",
       "      <td>Outdoor Supply Store</td>\n",
       "      <td>Nightclub</td>\n",
       "      <td>Newsagent</td>\n",
       "      <td>Movie Theater</td>\n",
       "      <td>Middle Eastern Restaurant</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>4</th>\n",
       "      <td>Bitterne Park</td>\n",
       "      <td>Pharmacy</td>\n",
       "      <td>Gift Shop</td>\n",
       "      <td>Pizza Place</td>\n",
       "      <td>Fast Food Restaurant</td>\n",
       "      <td>Bus Stop</td>\n",
       "      <td>Park</td>\n",
       "      <td>Gym / Fitness Center</td>\n",
       "      <td>Supermarket</td>\n",
       "      <td>Grocery Store</td>\n",
       "      <td>Indian Restaurant</td>\n",
       "    </tr>\n",
       "  </tbody>\n",
       "</table>\n",
       "</div>"
      ],
      "text/plain": [
       "    Neighborhood 1st Most Common Venue 2nd Most Common Venue  \\\n",
       "0        Bargate    Italian Restaurant                 Hotel   \n",
       "1        Bassett                Arcade                   Bar   \n",
       "2         Bevois                   Pub                   Bar   \n",
       "3       Bitterne         Grocery Store  Fast Food Restaurant   \n",
       "4  Bitterne Park              Pharmacy             Gift Shop   \n",
       "\n",
       "  3rd Most Common Venue 4th Most Common Venue  5th Most Common Venue  \\\n",
       "0           Coffee Shop                   Pub  Portuguese Restaurant   \n",
       "1            Kids Store                  Park   Outdoor Supply Store   \n",
       "2    Mexican Restaurant   American Restaurant      Convenience Store   \n",
       "3           Pizza Place     Indian Restaurant    American Restaurant   \n",
       "4           Pizza Place  Fast Food Restaurant               Bus Stop   \n",
       "\n",
       "  6th Most Common Venue   7th Most Common Venue 8th Most Common Venue  \\\n",
       "0             Bookstore  Furniture / Home Store         Historic Site   \n",
       "1             Nightclub               Newsagent         Movie Theater   \n",
       "2      Tapas Restaurant             Supermarket            Hookah Bar   \n",
       "3  Outdoor Supply Store               Nightclub             Newsagent   \n",
       "4                  Park    Gym / Fitness Center           Supermarket   \n",
       "\n",
       "       9th Most Common Venue     10th Most Common Venue  \n",
       "0             Clothing Store                       Park  \n",
       "1  Middle Eastern Restaurant         Mexican Restaurant  \n",
       "2              Grocery Store           Greek Restaurant  \n",
       "3              Movie Theater  Middle Eastern Restaurant  \n",
       "4              Grocery Store          Indian Restaurant  "
      ]
     },
     "execution_count": 32,
     "metadata": {},
     "output_type": "execute_result"
    }
   ],
   "source": [
    "#creating a dataframe which shows top 10 most common venues\n",
    "num_top_venues = 10\n",
    "indicators = ['st', 'nd', 'rd']\n",
    "columns = ['Neighborhood']\n",
    "for ind in np.arange(num_top_venues):\n",
    "    try:\n",
    "        columns.append('{}{} Most Common Venue'.format(ind+1, indicators[ind]))\n",
    "    except:\n",
    "        columns.append('{}th Most Common Venue'.format(ind+1))\n",
    "neighborhoods_venues_sorted = pd.DataFrame(columns=columns)\n",
    "neighborhoods_venues_sorted['Neighborhood'] = loc_grouped['Neighborhood']\n",
    "for ind in np.arange(loc_grouped.shape[0]):\n",
    "    neighborhoods_venues_sorted.iloc[ind, 1:] = return_most_common_venues(loc_grouped.iloc[ind, :], num_top_venues)\n",
    "\n",
    "neighborhoods_venues_sorted.head()"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 37,
   "id": "04bd1b95",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "text/plain": [
       "Text(0, 0.5, 'Interia')"
      ]
     },
     "execution_count": 37,
     "metadata": {},
     "output_type": "execute_result"
    },
    {
     "data": {
      "image/png": "\n",
      "text/plain": [
       "<Figure size 864x576 with 1 Axes>"
      ]
     },
     "metadata": {
      "needs_background": "light"
     },
     "output_type": "display_data"
    }
   ],
   "source": [
    "# elbow method for calculating the number of clusters\n",
    "\n",
    "loc_grouped_clustering = loc_grouped.drop('Neighborhood', 1)\n",
    "\n",
    "clus =[]\n",
    "for cluster in range(1,10):\n",
    "    modl = KMeans(n_clusters=cluster, init='k-means++')\n",
    "    modl.fit(loc_grouped_clustering)\n",
    "    clus.append(modl.inertia_)\n",
    "\n",
    "temp = pd.DataFrame({'Cluster': range(1,10), 'cluster_list':clus})\n",
    "plt.figure(figsize=(12,8))\n",
    "plt.plot(temp['Cluster'],temp['cluster_list'], marker='o')\n",
    "plt.xlabel('Number of Clusters')\n",
    "plt.ylabel('Interia')"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 40,
   "id": "172ca953",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "image/png": "\n",
      "text/plain": [
       "<Figure size 576x396 with 2 Axes>"
      ]
     },
     "metadata": {},
     "output_type": "display_data"
    },
    {
     "data": {
      "text/plain": [
       "<AxesSubplot:title={'center':'Distortion Score Elbow for KMeans Clustering'}, xlabel='k', ylabel='distortion score'>"
      ]
     },
     "execution_count": 40,
     "metadata": {},
     "output_type": "execute_result"
    }
   ],
   "source": [
    "#Visualizing the ELbow method with distortion score\n",
    "model = KMeans()\n",
    "visualizer = KElbowVisualizer(model, k=(1,10)).fit(loc_grouped_clustering)\n",
    "visualizer.show()"
   ]
  },
  {
   "cell_type": "markdown",
   "id": "996be008",
   "metadata": {},
   "source": [
    "### Setting the number of clusters as 4."
   ]
  },
  {
   "cell_type": "markdown",
   "id": "45e854e7",
   "metadata": {},
   "source": [
    "#### Applying KMeans Clustering "
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 42,
   "id": "8ffd88de",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "text/plain": [
       "array([0, 3, 0, 2, 0, 1, 0, 2, 2, 0, 0, 0, 0, 2, 2, 2])"
      ]
     },
     "execution_count": 42,
     "metadata": {},
     "output_type": "execute_result"
    }
   ],
   "source": [
    "kclusters = 4\n",
    "loc_grouped_clustering = loc_grouped.drop('Neighborhood', 1)\n",
    "# applying model\n",
    "kmeans = KMeans(n_clusters=kclusters, random_state=0).fit(loc_grouped_clustering)\n",
    "# checking the clusters\n",
    "kmeans.labels_"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 43,
   "id": "3152cfdb",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "text/html": [
       "<div>\n",
       "<style scoped>\n",
       "    .dataframe tbody tr th:only-of-type {\n",
       "        vertical-align: middle;\n",
       "    }\n",
       "\n",
       "    .dataframe tbody tr th {\n",
       "        vertical-align: top;\n",
       "    }\n",
       "\n",
       "    .dataframe thead th {\n",
       "        text-align: right;\n",
       "    }\n",
       "</style>\n",
       "<table border=\"1\" class=\"dataframe\">\n",
       "  <thead>\n",
       "    <tr style=\"text-align: right;\">\n",
       "      <th></th>\n",
       "      <th>neighborhood</th>\n",
       "      <th>Latitude</th>\n",
       "      <th>Longitude</th>\n",
       "      <th>Cluster Labels</th>\n",
       "      <th>1st Most Common Venue</th>\n",
       "      <th>2nd Most Common Venue</th>\n",
       "      <th>3rd Most Common Venue</th>\n",
       "      <th>4th Most Common Venue</th>\n",
       "      <th>5th Most Common Venue</th>\n",
       "      <th>6th Most Common Venue</th>\n",
       "      <th>7th Most Common Venue</th>\n",
       "      <th>8th Most Common Venue</th>\n",
       "      <th>9th Most Common Venue</th>\n",
       "      <th>10th Most Common Venue</th>\n",
       "    </tr>\n",
       "  </thead>\n",
       "  <tbody>\n",
       "    <tr>\n",
       "      <th>402</th>\n",
       "      <td>Bargate</td>\n",
       "      <td>50.902650</td>\n",
       "      <td>-1.404190</td>\n",
       "      <td>0</td>\n",
       "      <td>Italian Restaurant</td>\n",
       "      <td>Hotel</td>\n",
       "      <td>Coffee Shop</td>\n",
       "      <td>Pub</td>\n",
       "      <td>Portuguese Restaurant</td>\n",
       "      <td>Bookstore</td>\n",
       "      <td>Furniture / Home Store</td>\n",
       "      <td>Historic Site</td>\n",
       "      <td>Clothing Store</td>\n",
       "      <td>Park</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>403</th>\n",
       "      <td>Bassett</td>\n",
       "      <td>50.947819</td>\n",
       "      <td>-1.404591</td>\n",
       "      <td>3</td>\n",
       "      <td>Arcade</td>\n",
       "      <td>Bar</td>\n",
       "      <td>Kids Store</td>\n",
       "      <td>Park</td>\n",
       "      <td>Outdoor Supply Store</td>\n",
       "      <td>Nightclub</td>\n",
       "      <td>Newsagent</td>\n",
       "      <td>Movie Theater</td>\n",
       "      <td>Middle Eastern Restaurant</td>\n",
       "      <td>Mexican Restaurant</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>404</th>\n",
       "      <td>Bevois</td>\n",
       "      <td>50.919690</td>\n",
       "      <td>-1.395334</td>\n",
       "      <td>0</td>\n",
       "      <td>Pub</td>\n",
       "      <td>Bar</td>\n",
       "      <td>Mexican Restaurant</td>\n",
       "      <td>American Restaurant</td>\n",
       "      <td>Convenience Store</td>\n",
       "      <td>Tapas Restaurant</td>\n",
       "      <td>Supermarket</td>\n",
       "      <td>Hookah Bar</td>\n",
       "      <td>Grocery Store</td>\n",
       "      <td>Greek Restaurant</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>405</th>\n",
       "      <td>Bitterne</td>\n",
       "      <td>50.914540</td>\n",
       "      <td>-1.338460</td>\n",
       "      <td>2</td>\n",
       "      <td>Grocery Store</td>\n",
       "      <td>Fast Food Restaurant</td>\n",
       "      <td>Pizza Place</td>\n",
       "      <td>Indian Restaurant</td>\n",
       "      <td>American Restaurant</td>\n",
       "      <td>Outdoor Supply Store</td>\n",
       "      <td>Nightclub</td>\n",
       "      <td>Newsagent</td>\n",
       "      <td>Movie Theater</td>\n",
       "      <td>Middle Eastern Restaurant</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>406</th>\n",
       "      <td>Bitterne Park</td>\n",
       "      <td>50.914840</td>\n",
       "      <td>-1.363278</td>\n",
       "      <td>0</td>\n",
       "      <td>Pharmacy</td>\n",
       "      <td>Gift Shop</td>\n",
       "      <td>Pizza Place</td>\n",
       "      <td>Fast Food Restaurant</td>\n",
       "      <td>Bus Stop</td>\n",
       "      <td>Park</td>\n",
       "      <td>Gym / Fitness Center</td>\n",
       "      <td>Supermarket</td>\n",
       "      <td>Grocery Store</td>\n",
       "      <td>Indian Restaurant</td>\n",
       "    </tr>\n",
       "  </tbody>\n",
       "</table>\n",
       "</div>"
      ],
      "text/plain": [
       "      neighborhood   Latitude  Longitude  Cluster Labels  \\\n",
       "402        Bargate  50.902650  -1.404190               0   \n",
       "403        Bassett  50.947819  -1.404591               3   \n",
       "404         Bevois  50.919690  -1.395334               0   \n",
       "405       Bitterne  50.914540  -1.338460               2   \n",
       "406  Bitterne Park  50.914840  -1.363278               0   \n",
       "\n",
       "    1st Most Common Venue 2nd Most Common Venue 3rd Most Common Venue  \\\n",
       "402    Italian Restaurant                 Hotel           Coffee Shop   \n",
       "403                Arcade                   Bar            Kids Store   \n",
       "404                   Pub                   Bar    Mexican Restaurant   \n",
       "405         Grocery Store  Fast Food Restaurant           Pizza Place   \n",
       "406              Pharmacy             Gift Shop           Pizza Place   \n",
       "\n",
       "    4th Most Common Venue  5th Most Common Venue 6th Most Common Venue  \\\n",
       "402                   Pub  Portuguese Restaurant             Bookstore   \n",
       "403                  Park   Outdoor Supply Store             Nightclub   \n",
       "404   American Restaurant      Convenience Store      Tapas Restaurant   \n",
       "405     Indian Restaurant    American Restaurant  Outdoor Supply Store   \n",
       "406  Fast Food Restaurant               Bus Stop                  Park   \n",
       "\n",
       "      7th Most Common Venue 8th Most Common Venue      9th Most Common Venue  \\\n",
       "402  Furniture / Home Store         Historic Site             Clothing Store   \n",
       "403               Newsagent         Movie Theater  Middle Eastern Restaurant   \n",
       "404             Supermarket            Hookah Bar              Grocery Store   \n",
       "405               Nightclub             Newsagent              Movie Theater   \n",
       "406    Gym / Fitness Center           Supermarket              Grocery Store   \n",
       "\n",
       "        10th Most Common Venue  \n",
       "402                       Park  \n",
       "403         Mexican Restaurant  \n",
       "404           Greek Restaurant  \n",
       "405  Middle Eastern Restaurant  \n",
       "406          Indian Restaurant  "
      ]
     },
     "execution_count": 43,
     "metadata": {},
     "output_type": "execute_result"
    }
   ],
   "source": [
    "#adding the labels to the dataframe\n",
    "neighborhoods_venues_sorted.insert(0, 'Cluster Labels', kmeans.labels_)\n",
    "loc_merged = loc_neighborhoods\n",
    "loc_merged = loc_merged.join(neighborhoods_venues_sorted.set_index('Neighborhood'), on='neighborhood')\n",
    "loc_merged.head()"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 45,
   "id": "e16e0429",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "text/html": [
       "<div style=\"width:100%;\"><div style=\"position:relative;width:100%;height:0;padding-bottom:60%;\"><span style=\"color:#565656\">Make this Notebook Trusted to load map: File -> Trust Notebook</span><iframe srcdoc=\"&lt;!DOCTYPE html&gt;\n",
       "&lt;head&gt;    \n",
       "    &lt;meta http-equiv=&quot;content-type&quot; content=&quot;text/html; charset=UTF-8&quot; /&gt;\n",
       "    \n",
       "        &lt;script&gt;\n",
       "            L_NO_TOUCH = false;\n",
       "            L_DISABLE_3D = false;\n",
       "        &lt;/script&gt;\n",
       "    \n",
       "    &lt;style&gt;html, body {width: 100%;height: 100%;margin: 0;padding: 0;}&lt;/style&gt;\n",
       "    &lt;style&gt;#map {position:absolute;top:0;bottom:0;right:0;left:0;}&lt;/style&gt;\n",
       "    &lt;script src=&quot;https://cdn.jsdelivr.net/npm/leaflet@1.6.0/dist/leaflet.js&quot;&gt;&lt;/script&gt;\n",
       "    &lt;script src=&quot;https://code.jquery.com/jquery-1.12.4.min.js&quot;&gt;&lt;/script&gt;\n",
       "    &lt;script src=&quot;https://maxcdn.bootstrapcdn.com/bootstrap/3.2.0/js/bootstrap.min.js&quot;&gt;&lt;/script&gt;\n",
       "    &lt;script src=&quot;https://cdnjs.cloudflare.com/ajax/libs/Leaflet.awesome-markers/2.0.2/leaflet.awesome-markers.js&quot;&gt;&lt;/script&gt;\n",
       "    &lt;link rel=&quot;stylesheet&quot; href=&quot;https://cdn.jsdelivr.net/npm/leaflet@1.6.0/dist/leaflet.css&quot;/&gt;\n",
       "    &lt;link rel=&quot;stylesheet&quot; href=&quot;https://maxcdn.bootstrapcdn.com/bootstrap/3.2.0/css/bootstrap.min.css&quot;/&gt;\n",
       "    &lt;link rel=&quot;stylesheet&quot; href=&quot;https://maxcdn.bootstrapcdn.com/bootstrap/3.2.0/css/bootstrap-theme.min.css&quot;/&gt;\n",
       "    &lt;link rel=&quot;stylesheet&quot; href=&quot;https://maxcdn.bootstrapcdn.com/font-awesome/4.6.3/css/font-awesome.min.css&quot;/&gt;\n",
       "    &lt;link rel=&quot;stylesheet&quot; href=&quot;https://cdnjs.cloudflare.com/ajax/libs/Leaflet.awesome-markers/2.0.2/leaflet.awesome-markers.css&quot;/&gt;\n",
       "    &lt;link rel=&quot;stylesheet&quot; href=&quot;https://cdn.jsdelivr.net/gh/python-visualization/folium/folium/templates/leaflet.awesome.rotate.min.css&quot;/&gt;\n",
       "    \n",
       "            &lt;meta name=&quot;viewport&quot; content=&quot;width=device-width,\n",
       "                initial-scale=1.0, maximum-scale=1.0, user-scalable=no&quot; /&gt;\n",
       "            &lt;style&gt;\n",
       "                #map_a7e78d16eb157bf70520469d9cfada6d {\n",
       "                    position: relative;\n",
       "                    width: 100.0%;\n",
       "                    height: 100.0%;\n",
       "                    left: 0.0%;\n",
       "                    top: 0.0%;\n",
       "                }\n",
       "            &lt;/style&gt;\n",
       "        \n",
       "&lt;/head&gt;\n",
       "&lt;body&gt;    \n",
       "    \n",
       "            &lt;div class=&quot;folium-map&quot; id=&quot;map_a7e78d16eb157bf70520469d9cfada6d&quot; &gt;&lt;/div&gt;\n",
       "        \n",
       "&lt;/body&gt;\n",
       "&lt;script&gt;    \n",
       "    \n",
       "            var map_a7e78d16eb157bf70520469d9cfada6d = L.map(\n",
       "                &quot;map_a7e78d16eb157bf70520469d9cfada6d&quot;,\n",
       "                {\n",
       "                    center: [50.90488212100007, -1.4043038709999678],\n",
       "                    crs: L.CRS.EPSG3857,\n",
       "                    zoom: 12.3,\n",
       "                    zoomControl: true,\n",
       "                    preferCanvas: false,\n",
       "                }\n",
       "            );\n",
       "\n",
       "            \n",
       "\n",
       "        \n",
       "    \n",
       "            var tile_layer_748a601f1d622b017cf891676baa6a5c = L.tileLayer(\n",
       "                &quot;https://{s}.tile.openstreetmap.org/{z}/{x}/{y}.png&quot;,\n",
       "                {&quot;attribution&quot;: &quot;Data by \\u0026copy; \\u003ca href=\\&quot;http://openstreetmap.org\\&quot;\\u003eOpenStreetMap\\u003c/a\\u003e, under \\u003ca href=\\&quot;http://www.openstreetmap.org/copyright\\&quot;\\u003eODbL\\u003c/a\\u003e.&quot;, &quot;detectRetina&quot;: false, &quot;maxNativeZoom&quot;: 18, &quot;maxZoom&quot;: 18, &quot;minZoom&quot;: 0, &quot;noWrap&quot;: false, &quot;opacity&quot;: 1, &quot;subdomains&quot;: &quot;abc&quot;, &quot;tms&quot;: false}\n",
       "            ).addTo(map_a7e78d16eb157bf70520469d9cfada6d);\n",
       "        \n",
       "    \n",
       "            var circle_marker_a14c41f12e1436ec0b6ab233774ae270 = L.circleMarker(\n",
       "                [50.90265000000005, -1.4041899999999714],\n",
       "                {&quot;bubblingMouseEvents&quot;: true, &quot;color&quot;: &quot;#ff0000&quot;, &quot;dashArray&quot;: null, &quot;dashOffset&quot;: null, &quot;fill&quot;: true, &quot;fillColor&quot;: &quot;#ff0000&quot;, &quot;fillOpacity&quot;: 0.7, &quot;fillRule&quot;: &quot;evenodd&quot;, &quot;lineCap&quot;: &quot;round&quot;, &quot;lineJoin&quot;: &quot;round&quot;, &quot;opacity&quot;: 1.0, &quot;radius&quot;: 10, &quot;stroke&quot;: true, &quot;weight&quot;: 3}\n",
       "            ).addTo(map_a7e78d16eb157bf70520469d9cfada6d);\n",
       "        \n",
       "    \n",
       "        var popup_f26df2b30d39a784d267a48de05ea02a = L.popup({&quot;maxWidth&quot;: &quot;100%&quot;});\n",
       "\n",
       "        \n",
       "            var html_559238487a6d9aabdf4c274311a76338 = $(`&lt;div id=&quot;html_559238487a6d9aabdf4c274311a76338&quot; style=&quot;width: 100.0%; height: 100.0%;&quot;&gt; Cluster 1Bargate&lt;/div&gt;`)[0];\n",
       "            popup_f26df2b30d39a784d267a48de05ea02a.setContent(html_559238487a6d9aabdf4c274311a76338);\n",
       "        \n",
       "\n",
       "        circle_marker_a14c41f12e1436ec0b6ab233774ae270.bindPopup(popup_f26df2b30d39a784d267a48de05ea02a)\n",
       "        ;\n",
       "\n",
       "        \n",
       "    \n",
       "    \n",
       "            var circle_marker_98092e4236994d201ef931afc026547e = L.circleMarker(\n",
       "                [50.947819490224404, -1.4045911432397613],\n",
       "                {&quot;bubblingMouseEvents&quot;: true, &quot;color&quot;: &quot;#d4dd80&quot;, &quot;dashArray&quot;: null, &quot;dashOffset&quot;: null, &quot;fill&quot;: true, &quot;fillColor&quot;: &quot;#d4dd80&quot;, &quot;fillOpacity&quot;: 0.7, &quot;fillRule&quot;: &quot;evenodd&quot;, &quot;lineCap&quot;: &quot;round&quot;, &quot;lineJoin&quot;: &quot;round&quot;, &quot;opacity&quot;: 1.0, &quot;radius&quot;: 10, &quot;stroke&quot;: true, &quot;weight&quot;: 3}\n",
       "            ).addTo(map_a7e78d16eb157bf70520469d9cfada6d);\n",
       "        \n",
       "    \n",
       "        var popup_39e1f2d2e9a4e0c04daacc1082c295e5 = L.popup({&quot;maxWidth&quot;: &quot;100%&quot;});\n",
       "\n",
       "        \n",
       "            var html_177c43a79303648d7a3bafad9281be60 = $(`&lt;div id=&quot;html_177c43a79303648d7a3bafad9281be60&quot; style=&quot;width: 100.0%; height: 100.0%;&quot;&gt; Cluster 4Bassett&lt;/div&gt;`)[0];\n",
       "            popup_39e1f2d2e9a4e0c04daacc1082c295e5.setContent(html_177c43a79303648d7a3bafad9281be60);\n",
       "        \n",
       "\n",
       "        circle_marker_98092e4236994d201ef931afc026547e.bindPopup(popup_39e1f2d2e9a4e0c04daacc1082c295e5)\n",
       "        ;\n",
       "\n",
       "        \n",
       "    \n",
       "    \n",
       "            var circle_marker_ae2870e317c02ba57fc110cbebdb72f3 = L.circleMarker(\n",
       "                [50.91969010144991, -1.3953344241759458],\n",
       "                {&quot;bubblingMouseEvents&quot;: true, &quot;color&quot;: &quot;#ff0000&quot;, &quot;dashArray&quot;: null, &quot;dashOffset&quot;: null, &quot;fill&quot;: true, &quot;fillColor&quot;: &quot;#ff0000&quot;, &quot;fillOpacity&quot;: 0.7, &quot;fillRule&quot;: &quot;evenodd&quot;, &quot;lineCap&quot;: &quot;round&quot;, &quot;lineJoin&quot;: &quot;round&quot;, &quot;opacity&quot;: 1.0, &quot;radius&quot;: 10, &quot;stroke&quot;: true, &quot;weight&quot;: 3}\n",
       "            ).addTo(map_a7e78d16eb157bf70520469d9cfada6d);\n",
       "        \n",
       "    \n",
       "        var popup_0846009afcf4173ddf12dfe6a0f774c2 = L.popup({&quot;maxWidth&quot;: &quot;100%&quot;});\n",
       "\n",
       "        \n",
       "            var html_241f363a5a05416d97fbd30bb7b170af = $(`&lt;div id=&quot;html_241f363a5a05416d97fbd30bb7b170af&quot; style=&quot;width: 100.0%; height: 100.0%;&quot;&gt; Cluster 1Bevois&lt;/div&gt;`)[0];\n",
       "            popup_0846009afcf4173ddf12dfe6a0f774c2.setContent(html_241f363a5a05416d97fbd30bb7b170af);\n",
       "        \n",
       "\n",
       "        circle_marker_ae2870e317c02ba57fc110cbebdb72f3.bindPopup(popup_0846009afcf4173ddf12dfe6a0f774c2)\n",
       "        ;\n",
       "\n",
       "        \n",
       "    \n",
       "    \n",
       "            var circle_marker_ad0610ed0beca15c370c3c0496f20103 = L.circleMarker(\n",
       "                [50.914540000000045, -1.338459999999941],\n",
       "                {&quot;bubblingMouseEvents&quot;: true, &quot;color&quot;: &quot;#2adddd&quot;, &quot;dashArray&quot;: null, &quot;dashOffset&quot;: null, &quot;fill&quot;: true, &quot;fillColor&quot;: &quot;#2adddd&quot;, &quot;fillOpacity&quot;: 0.7, &quot;fillRule&quot;: &quot;evenodd&quot;, &quot;lineCap&quot;: &quot;round&quot;, &quot;lineJoin&quot;: &quot;round&quot;, &quot;opacity&quot;: 1.0, &quot;radius&quot;: 10, &quot;stroke&quot;: true, &quot;weight&quot;: 3}\n",
       "            ).addTo(map_a7e78d16eb157bf70520469d9cfada6d);\n",
       "        \n",
       "    \n",
       "        var popup_3577f161e7b1062e8475ceee29ace82a = L.popup({&quot;maxWidth&quot;: &quot;100%&quot;});\n",
       "\n",
       "        \n",
       "            var html_36ac4058cbf85800577081e349946aa8 = $(`&lt;div id=&quot;html_36ac4058cbf85800577081e349946aa8&quot; style=&quot;width: 100.0%; height: 100.0%;&quot;&gt; Cluster 3Bitterne&lt;/div&gt;`)[0];\n",
       "            popup_3577f161e7b1062e8475ceee29ace82a.setContent(html_36ac4058cbf85800577081e349946aa8);\n",
       "        \n",
       "\n",
       "        circle_marker_ad0610ed0beca15c370c3c0496f20103.bindPopup(popup_3577f161e7b1062e8475ceee29ace82a)\n",
       "        ;\n",
       "\n",
       "        \n",
       "    \n",
       "    \n",
       "            var circle_marker_5a8872898a5aa454a869c288a6f24104 = L.circleMarker(\n",
       "                [50.91483967933845, -1.3632775884247788],\n",
       "                {&quot;bubblingMouseEvents&quot;: true, &quot;color&quot;: &quot;#ff0000&quot;, &quot;dashArray&quot;: null, &quot;dashOffset&quot;: null, &quot;fill&quot;: true, &quot;fillColor&quot;: &quot;#ff0000&quot;, &quot;fillOpacity&quot;: 0.7, &quot;fillRule&quot;: &quot;evenodd&quot;, &quot;lineCap&quot;: &quot;round&quot;, &quot;lineJoin&quot;: &quot;round&quot;, &quot;opacity&quot;: 1.0, &quot;radius&quot;: 10, &quot;stroke&quot;: true, &quot;weight&quot;: 3}\n",
       "            ).addTo(map_a7e78d16eb157bf70520469d9cfada6d);\n",
       "        \n",
       "    \n",
       "        var popup_df0aaf4602df54854720a048b9b09b4d = L.popup({&quot;maxWidth&quot;: &quot;100%&quot;});\n",
       "\n",
       "        \n",
       "            var html_2e4f18ba966e1cb8c5a9d6d52cef9461 = $(`&lt;div id=&quot;html_2e4f18ba966e1cb8c5a9d6d52cef9461&quot; style=&quot;width: 100.0%; height: 100.0%;&quot;&gt; Cluster 1Bitterne Park&lt;/div&gt;`)[0];\n",
       "            popup_df0aaf4602df54854720a048b9b09b4d.setContent(html_2e4f18ba966e1cb8c5a9d6d52cef9461);\n",
       "        \n",
       "\n",
       "        circle_marker_5a8872898a5aa454a869c288a6f24104.bindPopup(popup_df0aaf4602df54854720a048b9b09b4d)\n",
       "        ;\n",
       "\n",
       "        \n",
       "    \n",
       "    \n",
       "            var circle_marker_f55756a634fe62e8b978981dfd503f5d = L.circleMarker(\n",
       "                [50.936443431954544, -1.430980786191456],\n",
       "                {&quot;bubblingMouseEvents&quot;: true, &quot;color&quot;: &quot;#8000ff&quot;, &quot;dashArray&quot;: null, &quot;dashOffset&quot;: null, &quot;fill&quot;: true, &quot;fillColor&quot;: &quot;#8000ff&quot;, &quot;fillOpacity&quot;: 0.7, &quot;fillRule&quot;: &quot;evenodd&quot;, &quot;lineCap&quot;: &quot;round&quot;, &quot;lineJoin&quot;: &quot;round&quot;, &quot;opacity&quot;: 1.0, &quot;radius&quot;: 10, &quot;stroke&quot;: true, &quot;weight&quot;: 3}\n",
       "            ).addTo(map_a7e78d16eb157bf70520469d9cfada6d);\n",
       "        \n",
       "    \n",
       "        var popup_dd9b3e3f2998f9e0f99ceb342a69bfaa = L.popup({&quot;maxWidth&quot;: &quot;100%&quot;});\n",
       "\n",
       "        \n",
       "            var html_2307d57cd5c098be5c6d7bc40c1c6d92 = $(`&lt;div id=&quot;html_2307d57cd5c098be5c6d7bc40c1c6d92&quot; style=&quot;width: 100.0%; height: 100.0%;&quot;&gt; Cluster 2Coxford&lt;/div&gt;`)[0];\n",
       "            popup_dd9b3e3f2998f9e0f99ceb342a69bfaa.setContent(html_2307d57cd5c098be5c6d7bc40c1c6d92);\n",
       "        \n",
       "\n",
       "        circle_marker_f55756a634fe62e8b978981dfd503f5d.bindPopup(popup_dd9b3e3f2998f9e0f99ceb342a69bfaa)\n",
       "        ;\n",
       "\n",
       "        \n",
       "    \n",
       "    \n",
       "            var circle_marker_cd7b2154536f7fe129bdaf5cb75b9f6c = L.circleMarker(\n",
       "                [50.913380000000075, -1.424639999999954],\n",
       "                {&quot;bubblingMouseEvents&quot;: true, &quot;color&quot;: &quot;#ff0000&quot;, &quot;dashArray&quot;: null, &quot;dashOffset&quot;: null, &quot;fill&quot;: true, &quot;fillColor&quot;: &quot;#ff0000&quot;, &quot;fillOpacity&quot;: 0.7, &quot;fillRule&quot;: &quot;evenodd&quot;, &quot;lineCap&quot;: &quot;round&quot;, &quot;lineJoin&quot;: &quot;round&quot;, &quot;opacity&quot;: 1.0, &quot;radius&quot;: 10, &quot;stroke&quot;: true, &quot;weight&quot;: 3}\n",
       "            ).addTo(map_a7e78d16eb157bf70520469d9cfada6d);\n",
       "        \n",
       "    \n",
       "        var popup_c3fee5dcbdc4ee3b208e8649c599190b = L.popup({&quot;maxWidth&quot;: &quot;100%&quot;});\n",
       "\n",
       "        \n",
       "            var html_e2003349c5a4ca6059c92547cafdbcae = $(`&lt;div id=&quot;html_e2003349c5a4ca6059c92547cafdbcae&quot; style=&quot;width: 100.0%; height: 100.0%;&quot;&gt; Cluster 1Freemantle&lt;/div&gt;`)[0];\n",
       "            popup_c3fee5dcbdc4ee3b208e8649c599190b.setContent(html_e2003349c5a4ca6059c92547cafdbcae);\n",
       "        \n",
       "\n",
       "        circle_marker_cd7b2154536f7fe129bdaf5cb75b9f6c.bindPopup(popup_c3fee5dcbdc4ee3b208e8649c599190b)\n",
       "        ;\n",
       "\n",
       "        \n",
       "    \n",
       "    \n",
       "            var circle_marker_1402543d3ee91039b2739ae9805582ca = L.circleMarker(\n",
       "                [50.93707470029122, -1.3848751263212484],\n",
       "                {&quot;bubblingMouseEvents&quot;: true, &quot;color&quot;: &quot;#2adddd&quot;, &quot;dashArray&quot;: null, &quot;dashOffset&quot;: null, &quot;fill&quot;: true, &quot;fillColor&quot;: &quot;#2adddd&quot;, &quot;fillOpacity&quot;: 0.7, &quot;fillRule&quot;: &quot;evenodd&quot;, &quot;lineCap&quot;: &quot;round&quot;, &quot;lineJoin&quot;: &quot;round&quot;, &quot;opacity&quot;: 1.0, &quot;radius&quot;: 10, &quot;stroke&quot;: true, &quot;weight&quot;: 3}\n",
       "            ).addTo(map_a7e78d16eb157bf70520469d9cfada6d);\n",
       "        \n",
       "    \n",
       "        var popup_c32658fa035b72834f0d931d771d603e = L.popup({&quot;maxWidth&quot;: &quot;100%&quot;});\n",
       "\n",
       "        \n",
       "            var html_39a1d309406f96384e0c20339f196d47 = $(`&lt;div id=&quot;html_39a1d309406f96384e0c20339f196d47&quot; style=&quot;width: 100.0%; height: 100.0%;&quot;&gt; Cluster 3Harefield&lt;/div&gt;`)[0];\n",
       "            popup_c32658fa035b72834f0d931d771d603e.setContent(html_39a1d309406f96384e0c20339f196d47);\n",
       "        \n",
       "\n",
       "        circle_marker_1402543d3ee91039b2739ae9805582ca.bindPopup(popup_c32658fa035b72834f0d931d771d603e)\n",
       "        ;\n",
       "\n",
       "        \n",
       "    \n",
       "    \n",
       "            var circle_marker_24be6e771e8e4abad4bc3f8e5e65328c = L.circleMarker(\n",
       "                [50.91409821283812, -1.449217174942095],\n",
       "                {&quot;bubblingMouseEvents&quot;: true, &quot;color&quot;: &quot;#2adddd&quot;, &quot;dashArray&quot;: null, &quot;dashOffset&quot;: null, &quot;fill&quot;: true, &quot;fillColor&quot;: &quot;#2adddd&quot;, &quot;fillOpacity&quot;: 0.7, &quot;fillRule&quot;: &quot;evenodd&quot;, &quot;lineCap&quot;: &quot;round&quot;, &quot;lineJoin&quot;: &quot;round&quot;, &quot;opacity&quot;: 1.0, &quot;radius&quot;: 10, &quot;stroke&quot;: true, &quot;weight&quot;: 3}\n",
       "            ).addTo(map_a7e78d16eb157bf70520469d9cfada6d);\n",
       "        \n",
       "    \n",
       "        var popup_1db948af691a26848aac7701bcc3ea0a = L.popup({&quot;maxWidth&quot;: &quot;100%&quot;});\n",
       "\n",
       "        \n",
       "            var html_da12858beba02b71255fd50f741f761c = $(`&lt;div id=&quot;html_da12858beba02b71255fd50f741f761c&quot; style=&quot;width: 100.0%; height: 100.0%;&quot;&gt; Cluster 3Millbrook&lt;/div&gt;`)[0];\n",
       "            popup_1db948af691a26848aac7701bcc3ea0a.setContent(html_da12858beba02b71255fd50f741f761c);\n",
       "        \n",
       "\n",
       "        circle_marker_24be6e771e8e4abad4bc3f8e5e65328c.bindPopup(popup_1db948af691a26848aac7701bcc3ea0a)\n",
       "        ;\n",
       "\n",
       "        \n",
       "    \n",
       "    \n",
       "            var circle_marker_6a88a80b1c5a5872747bf332945a1ec1 = L.circleMarker(\n",
       "                [50.92822000000007, -1.2808199999999488],\n",
       "                {&quot;bubblingMouseEvents&quot;: true, &quot;color&quot;: &quot;#ff0000&quot;, &quot;dashArray&quot;: null, &quot;dashOffset&quot;: null, &quot;fill&quot;: true, &quot;fillColor&quot;: &quot;#ff0000&quot;, &quot;fillOpacity&quot;: 0.7, &quot;fillRule&quot;: &quot;evenodd&quot;, &quot;lineCap&quot;: &quot;round&quot;, &quot;lineJoin&quot;: &quot;round&quot;, &quot;opacity&quot;: 1.0, &quot;radius&quot;: 10, &quot;stroke&quot;: true, &quot;weight&quot;: 3}\n",
       "            ).addTo(map_a7e78d16eb157bf70520469d9cfada6d);\n",
       "        \n",
       "    \n",
       "        var popup_e48e767b0ca8abcb98e8586a93cef345 = L.popup({&quot;maxWidth&quot;: &quot;100%&quot;});\n",
       "\n",
       "        \n",
       "            var html_f2fbb39cb5aee23583b2c90d422c5480 = $(`&lt;div id=&quot;html_f2fbb39cb5aee23583b2c90d422c5480&quot; style=&quot;width: 100.0%; height: 100.0%;&quot;&gt; Cluster 1Peartree&lt;/div&gt;`)[0];\n",
       "            popup_e48e767b0ca8abcb98e8586a93cef345.setContent(html_f2fbb39cb5aee23583b2c90d422c5480);\n",
       "        \n",
       "\n",
       "        circle_marker_6a88a80b1c5a5872747bf332945a1ec1.bindPopup(popup_e48e767b0ca8abcb98e8586a93cef345)\n",
       "        ;\n",
       "\n",
       "        \n",
       "    \n",
       "    \n",
       "            var circle_marker_ce0166083c88fd7d657dfae4cca7332a = L.circleMarker(\n",
       "                [50.926600000000064, -1.3916299999999637],\n",
       "                {&quot;bubblingMouseEvents&quot;: true, &quot;color&quot;: &quot;#ff0000&quot;, &quot;dashArray&quot;: null, &quot;dashOffset&quot;: null, &quot;fill&quot;: true, &quot;fillColor&quot;: &quot;#ff0000&quot;, &quot;fillOpacity&quot;: 0.7, &quot;fillRule&quot;: &quot;evenodd&quot;, &quot;lineCap&quot;: &quot;round&quot;, &quot;lineJoin&quot;: &quot;round&quot;, &quot;opacity&quot;: 1.0, &quot;radius&quot;: 10, &quot;stroke&quot;: true, &quot;weight&quot;: 3}\n",
       "            ).addTo(map_a7e78d16eb157bf70520469d9cfada6d);\n",
       "        \n",
       "    \n",
       "        var popup_6d75913abd75cf94f4aa98b84658a51c = L.popup({&quot;maxWidth&quot;: &quot;100%&quot;});\n",
       "\n",
       "        \n",
       "            var html_de0c67ce975a94539f4cf35f3f6f9206 = $(`&lt;div id=&quot;html_de0c67ce975a94539f4cf35f3f6f9206&quot; style=&quot;width: 100.0%; height: 100.0%;&quot;&gt; Cluster 1Portswood&lt;/div&gt;`)[0];\n",
       "            popup_6d75913abd75cf94f4aa98b84658a51c.setContent(html_de0c67ce975a94539f4cf35f3f6f9206);\n",
       "        \n",
       "\n",
       "        circle_marker_ce0166083c88fd7d657dfae4cca7332a.bindPopup(popup_6d75913abd75cf94f4aa98b84658a51c)\n",
       "        ;\n",
       "\n",
       "        \n",
       "    \n",
       "    \n",
       "            var circle_marker_00158b3a622857ce18c8a9646fee4634 = L.circleMarker(\n",
       "                [50.919940000000054, -1.4702799999999456],\n",
       "                {&quot;bubblingMouseEvents&quot;: true, &quot;color&quot;: &quot;#ff0000&quot;, &quot;dashArray&quot;: null, &quot;dashOffset&quot;: null, &quot;fill&quot;: true, &quot;fillColor&quot;: &quot;#ff0000&quot;, &quot;fillOpacity&quot;: 0.7, &quot;fillRule&quot;: &quot;evenodd&quot;, &quot;lineCap&quot;: &quot;round&quot;, &quot;lineJoin&quot;: &quot;round&quot;, &quot;opacity&quot;: 1.0, &quot;radius&quot;: 10, &quot;stroke&quot;: true, &quot;weight&quot;: 3}\n",
       "            ).addTo(map_a7e78d16eb157bf70520469d9cfada6d);\n",
       "        \n",
       "    \n",
       "        var popup_d94e8f5be08a7d496a4bf8f528fa25b2 = L.popup({&quot;maxWidth&quot;: &quot;100%&quot;});\n",
       "\n",
       "        \n",
       "            var html_bca344d0f8b593bf2c80f0c1dc49521a = $(`&lt;div id=&quot;html_bca344d0f8b593bf2c80f0c1dc49521a&quot; style=&quot;width: 100.0%; height: 100.0%;&quot;&gt; Cluster 1Redbridge&lt;/div&gt;`)[0];\n",
       "            popup_d94e8f5be08a7d496a4bf8f528fa25b2.setContent(html_bca344d0f8b593bf2c80f0c1dc49521a);\n",
       "        \n",
       "\n",
       "        circle_marker_00158b3a622857ce18c8a9646fee4634.bindPopup(popup_d94e8f5be08a7d496a4bf8f528fa25b2)\n",
       "        ;\n",
       "\n",
       "        \n",
       "    \n",
       "    \n",
       "            var circle_marker_4f9ed1b87b5354ed99ba15c9a321ba82 = L.circleMarker(\n",
       "                [50.92764751696376, -1.4233003538816025],\n",
       "                {&quot;bubblingMouseEvents&quot;: true, &quot;color&quot;: &quot;#ff0000&quot;, &quot;dashArray&quot;: null, &quot;dashOffset&quot;: null, &quot;fill&quot;: true, &quot;fillColor&quot;: &quot;#ff0000&quot;, &quot;fillOpacity&quot;: 0.7, &quot;fillRule&quot;: &quot;evenodd&quot;, &quot;lineCap&quot;: &quot;round&quot;, &quot;lineJoin&quot;: &quot;round&quot;, &quot;opacity&quot;: 1.0, &quot;radius&quot;: 10, &quot;stroke&quot;: true, &quot;weight&quot;: 3}\n",
       "            ).addTo(map_a7e78d16eb157bf70520469d9cfada6d);\n",
       "        \n",
       "    \n",
       "        var popup_3053ff5dc6abc002bb734a7e86f7bbfd = L.popup({&quot;maxWidth&quot;: &quot;100%&quot;});\n",
       "\n",
       "        \n",
       "            var html_e69f49acd5fe20f9de23b92c15536f6c = $(`&lt;div id=&quot;html_e69f49acd5fe20f9de23b92c15536f6c&quot; style=&quot;width: 100.0%; height: 100.0%;&quot;&gt; Cluster 1Shirley&lt;/div&gt;`)[0];\n",
       "            popup_3053ff5dc6abc002bb734a7e86f7bbfd.setContent(html_e69f49acd5fe20f9de23b92c15536f6c);\n",
       "        \n",
       "\n",
       "        circle_marker_4f9ed1b87b5354ed99ba15c9a321ba82.bindPopup(popup_3053ff5dc6abc002bb734a7e86f7bbfd)\n",
       "        ;\n",
       "\n",
       "        \n",
       "    \n",
       "    \n",
       "            var circle_marker_a6385027faaac6f5ad2f2dabca5e4593 = L.circleMarker(\n",
       "                [50.897190049708456, -1.3486548845417161],\n",
       "                {&quot;bubblingMouseEvents&quot;: true, &quot;color&quot;: &quot;#2adddd&quot;, &quot;dashArray&quot;: null, &quot;dashOffset&quot;: null, &quot;fill&quot;: true, &quot;fillColor&quot;: &quot;#2adddd&quot;, &quot;fillOpacity&quot;: 0.7, &quot;fillRule&quot;: &quot;evenodd&quot;, &quot;lineCap&quot;: &quot;round&quot;, &quot;lineJoin&quot;: &quot;round&quot;, &quot;opacity&quot;: 1.0, &quot;radius&quot;: 10, &quot;stroke&quot;: true, &quot;weight&quot;: 3}\n",
       "            ).addTo(map_a7e78d16eb157bf70520469d9cfada6d);\n",
       "        \n",
       "    \n",
       "        var popup_8da06580b6af16fed08cfcaf0f34850e = L.popup({&quot;maxWidth&quot;: &quot;100%&quot;});\n",
       "\n",
       "        \n",
       "            var html_70553df662a4ce258f7106e469fd960b = $(`&lt;div id=&quot;html_70553df662a4ce258f7106e469fd960b&quot; style=&quot;width: 100.0%; height: 100.0%;&quot;&gt; Cluster 3Sholing&lt;/div&gt;`)[0];\n",
       "            popup_8da06580b6af16fed08cfcaf0f34850e.setContent(html_70553df662a4ce258f7106e469fd960b);\n",
       "        \n",
       "\n",
       "        circle_marker_a6385027faaac6f5ad2f2dabca5e4593.bindPopup(popup_8da06580b6af16fed08cfcaf0f34850e)\n",
       "        ;\n",
       "\n",
       "        \n",
       "    \n",
       "    \n",
       "            var circle_marker_dbce0958eab590a248710318a17d51c7 = L.circleMarker(\n",
       "                [50.93959812511566, -1.3823642631876976],\n",
       "                {&quot;bubblingMouseEvents&quot;: true, &quot;color&quot;: &quot;#2adddd&quot;, &quot;dashArray&quot;: null, &quot;dashOffset&quot;: null, &quot;fill&quot;: true, &quot;fillColor&quot;: &quot;#2adddd&quot;, &quot;fillOpacity&quot;: 0.7, &quot;fillRule&quot;: &quot;evenodd&quot;, &quot;lineCap&quot;: &quot;round&quot;, &quot;lineJoin&quot;: &quot;round&quot;, &quot;opacity&quot;: 1.0, &quot;radius&quot;: 10, &quot;stroke&quot;: true, &quot;weight&quot;: 3}\n",
       "            ).addTo(map_a7e78d16eb157bf70520469d9cfada6d);\n",
       "        \n",
       "    \n",
       "        var popup_392824b41cac1811b75c59aff9b8cb79 = L.popup({&quot;maxWidth&quot;: &quot;100%&quot;});\n",
       "\n",
       "        \n",
       "            var html_87201b13eb451a38d7630b5850617810 = $(`&lt;div id=&quot;html_87201b13eb451a38d7630b5850617810&quot; style=&quot;width: 100.0%; height: 100.0%;&quot;&gt; Cluster 3Swaythling&lt;/div&gt;`)[0];\n",
       "            popup_392824b41cac1811b75c59aff9b8cb79.setContent(html_87201b13eb451a38d7630b5850617810);\n",
       "        \n",
       "\n",
       "        circle_marker_dbce0958eab590a248710318a17d51c7.bindPopup(popup_392824b41cac1811b75c59aff9b8cb79)\n",
       "        ;\n",
       "\n",
       "        \n",
       "    \n",
       "    \n",
       "            var circle_marker_2c44d03e6f45360ea77a687d20eab7b1 = L.circleMarker(\n",
       "                [50.888353015126036, -1.372320068412269],\n",
       "                {&quot;bubblingMouseEvents&quot;: true, &quot;color&quot;: &quot;#2adddd&quot;, &quot;dashArray&quot;: null, &quot;dashOffset&quot;: null, &quot;fill&quot;: true, &quot;fillColor&quot;: &quot;#2adddd&quot;, &quot;fillOpacity&quot;: 0.7, &quot;fillRule&quot;: &quot;evenodd&quot;, &quot;lineCap&quot;: &quot;round&quot;, &quot;lineJoin&quot;: &quot;round&quot;, &quot;opacity&quot;: 1.0, &quot;radius&quot;: 10, &quot;stroke&quot;: true, &quot;weight&quot;: 3}\n",
       "            ).addTo(map_a7e78d16eb157bf70520469d9cfada6d);\n",
       "        \n",
       "    \n",
       "        var popup_bffec47353cae986a521bc96aab599a9 = L.popup({&quot;maxWidth&quot;: &quot;100%&quot;});\n",
       "\n",
       "        \n",
       "            var html_b29e514cf2a73b2ad9cbdba3b2604739 = $(`&lt;div id=&quot;html_b29e514cf2a73b2ad9cbdba3b2604739&quot; style=&quot;width: 100.0%; height: 100.0%;&quot;&gt; Cluster 3Woolston&lt;/div&gt;`)[0];\n",
       "            popup_bffec47353cae986a521bc96aab599a9.setContent(html_b29e514cf2a73b2ad9cbdba3b2604739);\n",
       "        \n",
       "\n",
       "        circle_marker_2c44d03e6f45360ea77a687d20eab7b1.bindPopup(popup_bffec47353cae986a521bc96aab599a9)\n",
       "        ;\n",
       "\n",
       "        \n",
       "    \n",
       "&lt;/script&gt;\" style=\"position:absolute;width:100%;height:100%;left:0;top:0;border:none !important;\" allowfullscreen webkitallowfullscreen mozallowfullscreen></iframe></div></div>"
      ],
      "text/plain": [
       "<folium.folium.Map at 0x1dcd3856a60>"
      ]
     },
     "execution_count": 45,
     "metadata": {},
     "output_type": "execute_result"
    }
   ],
   "source": [
    "# create map with clustersing\n",
    "map_clusters = folium.Map(location=[latlang[0], latlang[1]], zoom_start=12.3)\n",
    "\n",
    "# set color scheme for the clusters\n",
    "x = np.arange(kclusters)\n",
    "ys = [i + x + (i*x)**2 for i in range(kclusters)]\n",
    "colors_array = cm.rainbow(np.linspace(0, 1, len(ys)))\n",
    "rainbow = [colors.rgb2hex(i) for i in colors_array]\n",
    "\n",
    "markers_colors = []\n",
    "for lat, lon, poi, cluster in zip(loc_merged['Latitude'], loc_merged['Longitude'], loc_merged['neighborhood'], loc_merged['Cluster Labels']):\n",
    "    label = folium.Popup(' Cluster ' + str(cluster + 1) + str(poi), parse_html=True)\n",
    "    folium.CircleMarker(\n",
    "        [lat, lon],\n",
    "        radius=10,\n",
    "        popup=label,\n",
    "        color=rainbow[cluster-1],\n",
    "        fill=True,\n",
    "        fill_color=rainbow[cluster-1],\n",
    "        fill_opacity=0.7).add_to(map_clusters)\n",
    "       \n",
    "map_clusters"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 46,
   "id": "1a36f107",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "text/plain": [
       "<AxesSubplot:title={'center':'Busiest Venues of Southampton per culster'}, xlabel='Cluster Labels,1st Most Common Venue'>"
      ]
     },
     "execution_count": 46,
     "metadata": {},
     "output_type": "execute_result"
    },
    {
     "data": {
      "image/png": "\n",
      "text/plain": [
       "<Figure size 720x288 with 1 Axes>"
      ]
     },
     "metadata": {},
     "output_type": "display_data"
    }
   ],
   "source": [
    "#plotting the bar chart of the busiest venues\n",
    "tmp = loc_merged.groupby(\"Cluster Labels\")[\"1st Most Common Venue\"]\n",
    "fig = plt.figure(figsize=(10,4))\n",
    "colormap = cm.rainbow(np.linspace(0, 1, pop_loc_venues.shape[0]))\n",
    "plt.title(\"Busiest Venues of {} per culster\".format(loc))\n",
    "tmp.value_counts().plot.bar(color = colormap)"
   ]
  },
  {
   "cell_type": "markdown",
   "id": "c3908b60",
   "metadata": {},
   "source": [
    "#### Cluster No 1:"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 47,
   "id": "90b03280",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "text/html": [
       "<div>\n",
       "<style scoped>\n",
       "    .dataframe tbody tr th:only-of-type {\n",
       "        vertical-align: middle;\n",
       "    }\n",
       "\n",
       "    .dataframe tbody tr th {\n",
       "        vertical-align: top;\n",
       "    }\n",
       "\n",
       "    .dataframe thead th {\n",
       "        text-align: right;\n",
       "    }\n",
       "</style>\n",
       "<table border=\"1\" class=\"dataframe\">\n",
       "  <thead>\n",
       "    <tr style=\"text-align: right;\">\n",
       "      <th></th>\n",
       "      <th>neighborhood</th>\n",
       "      <th>Latitude</th>\n",
       "      <th>Longitude</th>\n",
       "      <th>Cluster Labels</th>\n",
       "      <th>1st Most Common Venue</th>\n",
       "      <th>2nd Most Common Venue</th>\n",
       "      <th>3rd Most Common Venue</th>\n",
       "      <th>4th Most Common Venue</th>\n",
       "      <th>5th Most Common Venue</th>\n",
       "      <th>6th Most Common Venue</th>\n",
       "      <th>7th Most Common Venue</th>\n",
       "      <th>8th Most Common Venue</th>\n",
       "      <th>9th Most Common Venue</th>\n",
       "      <th>10th Most Common Venue</th>\n",
       "    </tr>\n",
       "  </thead>\n",
       "  <tbody>\n",
       "    <tr>\n",
       "      <th>402</th>\n",
       "      <td>Bargate</td>\n",
       "      <td>50.90265</td>\n",
       "      <td>-1.404190</td>\n",
       "      <td>0</td>\n",
       "      <td>Italian Restaurant</td>\n",
       "      <td>Hotel</td>\n",
       "      <td>Coffee Shop</td>\n",
       "      <td>Pub</td>\n",
       "      <td>Portuguese Restaurant</td>\n",
       "      <td>Bookstore</td>\n",
       "      <td>Furniture / Home Store</td>\n",
       "      <td>Historic Site</td>\n",
       "      <td>Clothing Store</td>\n",
       "      <td>Park</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>404</th>\n",
       "      <td>Bevois</td>\n",
       "      <td>50.91969</td>\n",
       "      <td>-1.395334</td>\n",
       "      <td>0</td>\n",
       "      <td>Pub</td>\n",
       "      <td>Bar</td>\n",
       "      <td>Mexican Restaurant</td>\n",
       "      <td>American Restaurant</td>\n",
       "      <td>Convenience Store</td>\n",
       "      <td>Tapas Restaurant</td>\n",
       "      <td>Supermarket</td>\n",
       "      <td>Hookah Bar</td>\n",
       "      <td>Grocery Store</td>\n",
       "      <td>Greek Restaurant</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>406</th>\n",
       "      <td>Bitterne Park</td>\n",
       "      <td>50.91484</td>\n",
       "      <td>-1.363278</td>\n",
       "      <td>0</td>\n",
       "      <td>Pharmacy</td>\n",
       "      <td>Gift Shop</td>\n",
       "      <td>Pizza Place</td>\n",
       "      <td>Fast Food Restaurant</td>\n",
       "      <td>Bus Stop</td>\n",
       "      <td>Park</td>\n",
       "      <td>Gym / Fitness Center</td>\n",
       "      <td>Supermarket</td>\n",
       "      <td>Grocery Store</td>\n",
       "      <td>Indian Restaurant</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>408</th>\n",
       "      <td>Freemantle</td>\n",
       "      <td>50.91338</td>\n",
       "      <td>-1.424640</td>\n",
       "      <td>0</td>\n",
       "      <td>Pub</td>\n",
       "      <td>Convenience Store</td>\n",
       "      <td>Fish &amp; Chips Shop</td>\n",
       "      <td>Grocery Store</td>\n",
       "      <td>Park</td>\n",
       "      <td>Outdoor Supply Store</td>\n",
       "      <td>Nightclub</td>\n",
       "      <td>Newsagent</td>\n",
       "      <td>Movie Theater</td>\n",
       "      <td>Middle Eastern Restaurant</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>411</th>\n",
       "      <td>Peartree</td>\n",
       "      <td>50.92822</td>\n",
       "      <td>-1.280820</td>\n",
       "      <td>0</td>\n",
       "      <td>Gym</td>\n",
       "      <td>Hotel</td>\n",
       "      <td>Diner</td>\n",
       "      <td>Playground</td>\n",
       "      <td>Pub</td>\n",
       "      <td>American Restaurant</td>\n",
       "      <td>Middle Eastern Restaurant</td>\n",
       "      <td>Outdoor Supply Store</td>\n",
       "      <td>Nightclub</td>\n",
       "      <td>Newsagent</td>\n",
       "    </tr>\n",
       "  </tbody>\n",
       "</table>\n",
       "</div>"
      ],
      "text/plain": [
       "      neighborhood  Latitude  Longitude  Cluster Labels 1st Most Common Venue  \\\n",
       "402        Bargate  50.90265  -1.404190               0    Italian Restaurant   \n",
       "404         Bevois  50.91969  -1.395334               0                   Pub   \n",
       "406  Bitterne Park  50.91484  -1.363278               0              Pharmacy   \n",
       "408     Freemantle  50.91338  -1.424640               0                   Pub   \n",
       "411       Peartree  50.92822  -1.280820               0                   Gym   \n",
       "\n",
       "    2nd Most Common Venue 3rd Most Common Venue 4th Most Common Venue  \\\n",
       "402                 Hotel           Coffee Shop                   Pub   \n",
       "404                   Bar    Mexican Restaurant   American Restaurant   \n",
       "406             Gift Shop           Pizza Place  Fast Food Restaurant   \n",
       "408     Convenience Store     Fish & Chips Shop         Grocery Store   \n",
       "411                 Hotel                 Diner            Playground   \n",
       "\n",
       "     5th Most Common Venue 6th Most Common Venue      7th Most Common Venue  \\\n",
       "402  Portuguese Restaurant             Bookstore     Furniture / Home Store   \n",
       "404      Convenience Store      Tapas Restaurant                Supermarket   \n",
       "406               Bus Stop                  Park       Gym / Fitness Center   \n",
       "408                   Park  Outdoor Supply Store                  Nightclub   \n",
       "411                    Pub   American Restaurant  Middle Eastern Restaurant   \n",
       "\n",
       "    8th Most Common Venue 9th Most Common Venue     10th Most Common Venue  \n",
       "402         Historic Site        Clothing Store                       Park  \n",
       "404            Hookah Bar         Grocery Store           Greek Restaurant  \n",
       "406           Supermarket         Grocery Store          Indian Restaurant  \n",
       "408             Newsagent         Movie Theater  Middle Eastern Restaurant  \n",
       "411  Outdoor Supply Store             Nightclub                  Newsagent  "
      ]
     },
     "execution_count": 47,
     "metadata": {},
     "output_type": "execute_result"
    }
   ],
   "source": [
    "clus1 = loc_merged.loc[loc_merged['Cluster Labels'] == 0]\n",
    "clus1.head()"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 48,
   "id": "b0926567",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "text/plain": [
       "array(['Italian Restaurant', 'Pub', 'Pharmacy', 'Pub', 'Gym',\n",
       "       'Grocery Store', 'Train Station', 'Pub'], dtype=object)"
      ]
     },
     "execution_count": 48,
     "metadata": {},
     "output_type": "execute_result"
    }
   ],
   "source": [
    "#making a temperary dataframe for plotting on map\n",
    "dft_tmp_clus1 = pd.DataFrame(\n",
    "    clus1.groupby(\"neighborhood\")[\"1st Most Common Venue\"].apply(\n",
    "        lambda x: ','.join(x.unique())).reset_index())\n",
    "dft_tmp_clus1.rename(columns={\n",
    "    'neighborhood': 'neighborhood',\n",
    "    '1st Most Common Venue': 'top_venues'\n",
    "},\n",
    "                     inplace=True)\n",
    "dft_tmp_clus1[\"top_venues\"].values"
   ]
  },
  {
   "cell_type": "markdown",
   "id": "0de71218",
   "metadata": {},
   "source": [
    "### We can see that the venues in Cluster 1 is majority is of Pubs."
   ]
  },
  {
   "cell_type": "markdown",
   "id": "9113a1d5",
   "metadata": {},
   "source": [
    "## Cluster No 2:"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 49,
   "id": "74fa3525",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "text/html": [
       "<div>\n",
       "<style scoped>\n",
       "    .dataframe tbody tr th:only-of-type {\n",
       "        vertical-align: middle;\n",
       "    }\n",
       "\n",
       "    .dataframe tbody tr th {\n",
       "        vertical-align: top;\n",
       "    }\n",
       "\n",
       "    .dataframe thead th {\n",
       "        text-align: right;\n",
       "    }\n",
       "</style>\n",
       "<table border=\"1\" class=\"dataframe\">\n",
       "  <thead>\n",
       "    <tr style=\"text-align: right;\">\n",
       "      <th></th>\n",
       "      <th>neighborhood</th>\n",
       "      <th>Latitude</th>\n",
       "      <th>Longitude</th>\n",
       "      <th>Cluster Labels</th>\n",
       "      <th>1st Most Common Venue</th>\n",
       "      <th>2nd Most Common Venue</th>\n",
       "      <th>3rd Most Common Venue</th>\n",
       "      <th>4th Most Common Venue</th>\n",
       "      <th>5th Most Common Venue</th>\n",
       "      <th>6th Most Common Venue</th>\n",
       "      <th>7th Most Common Venue</th>\n",
       "      <th>8th Most Common Venue</th>\n",
       "      <th>9th Most Common Venue</th>\n",
       "      <th>10th Most Common Venue</th>\n",
       "    </tr>\n",
       "  </thead>\n",
       "  <tbody>\n",
       "    <tr>\n",
       "      <th>407</th>\n",
       "      <td>Coxford</td>\n",
       "      <td>50.936443</td>\n",
       "      <td>-1.430981</td>\n",
       "      <td>1</td>\n",
       "      <td>CafÃ©</td>\n",
       "      <td>Grocery Store</td>\n",
       "      <td>Newsagent</td>\n",
       "      <td>American Restaurant</td>\n",
       "      <td>Mexican Restaurant</td>\n",
       "      <td>Park</td>\n",
       "      <td>Outdoor Supply Store</td>\n",
       "      <td>Nightclub</td>\n",
       "      <td>Movie Theater</td>\n",
       "      <td>Middle Eastern Restaurant</td>\n",
       "    </tr>\n",
       "  </tbody>\n",
       "</table>\n",
       "</div>"
      ],
      "text/plain": [
       "    neighborhood   Latitude  Longitude  Cluster Labels 1st Most Common Venue  \\\n",
       "407      Coxford  50.936443  -1.430981               1                  CafÃ©   \n",
       "\n",
       "    2nd Most Common Venue 3rd Most Common Venue 4th Most Common Venue  \\\n",
       "407         Grocery Store             Newsagent   American Restaurant   \n",
       "\n",
       "    5th Most Common Venue 6th Most Common Venue 7th Most Common Venue  \\\n",
       "407    Mexican Restaurant                  Park  Outdoor Supply Store   \n",
       "\n",
       "    8th Most Common Venue 9th Most Common Venue     10th Most Common Venue  \n",
       "407             Nightclub         Movie Theater  Middle Eastern Restaurant  "
      ]
     },
     "execution_count": 49,
     "metadata": {},
     "output_type": "execute_result"
    }
   ],
   "source": [
    "clus2 = loc_merged.loc[loc_merged['Cluster Labels'] == 1]\n",
    "clus2.head()"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 50,
   "id": "30207c8a",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "text/plain": [
       "array(['CafÃ©'], dtype=object)"
      ]
     },
     "execution_count": 50,
     "metadata": {},
     "output_type": "execute_result"
    }
   ],
   "source": [
    "#creating a dataframe for plotting on map\n",
    "dft_tmp_clus2 = pd.DataFrame(\n",
    "    clus2.groupby(\"neighborhood\")[\"1st Most Common Venue\"].apply(\n",
    "        lambda x: ','.join(x.unique())).reset_index())\n",
    "dft_tmp_clus2.rename(columns={\n",
    "    'neighborhood': 'neighborhood',\n",
    "    '1st Most Common Venue': 'top_venues'\n",
    "},\n",
    "                     inplace=True)\n",
    "dft_tmp_clus2[\"top_venues\"].values"
   ]
  },
  {
   "cell_type": "markdown",
   "id": "8d74f224",
   "metadata": {},
   "source": [
    "### Cluster no 2 basically consists of Cafes."
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 51,
   "id": "70740634",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "text/html": [
       "<div>\n",
       "<style scoped>\n",
       "    .dataframe tbody tr th:only-of-type {\n",
       "        vertical-align: middle;\n",
       "    }\n",
       "\n",
       "    .dataframe tbody tr th {\n",
       "        vertical-align: top;\n",
       "    }\n",
       "\n",
       "    .dataframe thead th {\n",
       "        text-align: right;\n",
       "    }\n",
       "</style>\n",
       "<table border=\"1\" class=\"dataframe\">\n",
       "  <thead>\n",
       "    <tr style=\"text-align: right;\">\n",
       "      <th></th>\n",
       "      <th>neighborhood</th>\n",
       "      <th>Latitude</th>\n",
       "      <th>Longitude</th>\n",
       "      <th>Cluster Labels</th>\n",
       "      <th>1st Most Common Venue</th>\n",
       "      <th>2nd Most Common Venue</th>\n",
       "      <th>3rd Most Common Venue</th>\n",
       "      <th>4th Most Common Venue</th>\n",
       "      <th>5th Most Common Venue</th>\n",
       "      <th>6th Most Common Venue</th>\n",
       "      <th>7th Most Common Venue</th>\n",
       "      <th>8th Most Common Venue</th>\n",
       "      <th>9th Most Common Venue</th>\n",
       "      <th>10th Most Common Venue</th>\n",
       "    </tr>\n",
       "  </thead>\n",
       "  <tbody>\n",
       "    <tr>\n",
       "      <th>405</th>\n",
       "      <td>Bitterne</td>\n",
       "      <td>50.914540</td>\n",
       "      <td>-1.338460</td>\n",
       "      <td>2</td>\n",
       "      <td>Grocery Store</td>\n",
       "      <td>Fast Food Restaurant</td>\n",
       "      <td>Pizza Place</td>\n",
       "      <td>Indian Restaurant</td>\n",
       "      <td>American Restaurant</td>\n",
       "      <td>Outdoor Supply Store</td>\n",
       "      <td>Nightclub</td>\n",
       "      <td>Newsagent</td>\n",
       "      <td>Movie Theater</td>\n",
       "      <td>Middle Eastern Restaurant</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>409</th>\n",
       "      <td>Harefield</td>\n",
       "      <td>50.937075</td>\n",
       "      <td>-1.384875</td>\n",
       "      <td>2</td>\n",
       "      <td>Grocery Store</td>\n",
       "      <td>Fast Food Restaurant</td>\n",
       "      <td>Rock Club</td>\n",
       "      <td>Restaurant</td>\n",
       "      <td>Pizza Place</td>\n",
       "      <td>Playground</td>\n",
       "      <td>Convenience Store</td>\n",
       "      <td>Supermarket</td>\n",
       "      <td>Italian Restaurant</td>\n",
       "      <td>Japanese Restaurant</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>410</th>\n",
       "      <td>Millbrook</td>\n",
       "      <td>50.914098</td>\n",
       "      <td>-1.449217</td>\n",
       "      <td>2</td>\n",
       "      <td>Grocery Store</td>\n",
       "      <td>Outdoor Supply Store</td>\n",
       "      <td>Discount Store</td>\n",
       "      <td>Bowling Alley</td>\n",
       "      <td>American Restaurant</td>\n",
       "      <td>Middle Eastern Restaurant</td>\n",
       "      <td>Park</td>\n",
       "      <td>Nightclub</td>\n",
       "      <td>Newsagent</td>\n",
       "      <td>Movie Theater</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>415</th>\n",
       "      <td>Sholing</td>\n",
       "      <td>50.897190</td>\n",
       "      <td>-1.348655</td>\n",
       "      <td>2</td>\n",
       "      <td>Grocery Store</td>\n",
       "      <td>Photography Studio</td>\n",
       "      <td>Bus Stop</td>\n",
       "      <td>Mexican Restaurant</td>\n",
       "      <td>Park</td>\n",
       "      <td>Outdoor Supply Store</td>\n",
       "      <td>Nightclub</td>\n",
       "      <td>Newsagent</td>\n",
       "      <td>Movie Theater</td>\n",
       "      <td>Middle Eastern Restaurant</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>416</th>\n",
       "      <td>Swaythling</td>\n",
       "      <td>50.939598</td>\n",
       "      <td>-1.382364</td>\n",
       "      <td>2</td>\n",
       "      <td>Fast Food Restaurant</td>\n",
       "      <td>Grocery Store</td>\n",
       "      <td>Sandwich Place</td>\n",
       "      <td>Restaurant</td>\n",
       "      <td>Convenience Store</td>\n",
       "      <td>Indian Restaurant</td>\n",
       "      <td>Italian Restaurant</td>\n",
       "      <td>Japanese Restaurant</td>\n",
       "      <td>Kids Store</td>\n",
       "      <td>Mexican Restaurant</td>\n",
       "    </tr>\n",
       "  </tbody>\n",
       "</table>\n",
       "</div>"
      ],
      "text/plain": [
       "    neighborhood   Latitude  Longitude  Cluster Labels 1st Most Common Venue  \\\n",
       "405     Bitterne  50.914540  -1.338460               2         Grocery Store   \n",
       "409    Harefield  50.937075  -1.384875               2         Grocery Store   \n",
       "410    Millbrook  50.914098  -1.449217               2         Grocery Store   \n",
       "415      Sholing  50.897190  -1.348655               2         Grocery Store   \n",
       "416   Swaythling  50.939598  -1.382364               2  Fast Food Restaurant   \n",
       "\n",
       "    2nd Most Common Venue 3rd Most Common Venue 4th Most Common Venue  \\\n",
       "405  Fast Food Restaurant           Pizza Place     Indian Restaurant   \n",
       "409  Fast Food Restaurant             Rock Club            Restaurant   \n",
       "410  Outdoor Supply Store        Discount Store         Bowling Alley   \n",
       "415    Photography Studio              Bus Stop    Mexican Restaurant   \n",
       "416         Grocery Store        Sandwich Place            Restaurant   \n",
       "\n",
       "    5th Most Common Venue      6th Most Common Venue 7th Most Common Venue  \\\n",
       "405   American Restaurant       Outdoor Supply Store             Nightclub   \n",
       "409           Pizza Place                 Playground     Convenience Store   \n",
       "410   American Restaurant  Middle Eastern Restaurant                  Park   \n",
       "415                  Park       Outdoor Supply Store             Nightclub   \n",
       "416     Convenience Store          Indian Restaurant    Italian Restaurant   \n",
       "\n",
       "    8th Most Common Venue 9th Most Common Venue     10th Most Common Venue  \n",
       "405             Newsagent         Movie Theater  Middle Eastern Restaurant  \n",
       "409           Supermarket    Italian Restaurant        Japanese Restaurant  \n",
       "410             Nightclub             Newsagent              Movie Theater  \n",
       "415             Newsagent         Movie Theater  Middle Eastern Restaurant  \n",
       "416   Japanese Restaurant            Kids Store         Mexican Restaurant  "
      ]
     },
     "execution_count": 51,
     "metadata": {},
     "output_type": "execute_result"
    }
   ],
   "source": [
    "clus3 = loc_merged.loc[loc_merged['Cluster Labels'] == 2]\n",
    "clus3.head()"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 52,
   "id": "2f1abec8",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "text/plain": [
       "array(['Grocery Store', 'Grocery Store', 'Grocery Store', 'Grocery Store',\n",
       "       'Fast Food Restaurant', 'Food Stand'], dtype=object)"
      ]
     },
     "execution_count": 52,
     "metadata": {},
     "output_type": "execute_result"
    }
   ],
   "source": [
    "#creating a temporary dataframe to plot on map\n",
    "dft_tmp_clus3 = pd.DataFrame(\n",
    "    clus3.groupby(\"neighborhood\")[\"1st Most Common Venue\"].apply(\n",
    "        lambda x: ','.join(x.unique())).reset_index())\n",
    "dft_tmp_clus3.rename(columns={\n",
    "    'neighborhood': 'neighborhood',\n",
    "    '1st Most Common Venue': 'top_venues'\n",
    "},\n",
    "                     inplace=True)\n",
    "dft_tmp_clus3[\"top_venues\"].values"
   ]
  },
  {
   "cell_type": "markdown",
   "id": "2da628a7",
   "metadata": {},
   "source": [
    "### We can see that Cluster No 3 consists of Grocery stores  , i.e. Supermarkets"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 53,
   "id": "4b1274a5",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "text/html": [
       "<div>\n",
       "<style scoped>\n",
       "    .dataframe tbody tr th:only-of-type {\n",
       "        vertical-align: middle;\n",
       "    }\n",
       "\n",
       "    .dataframe tbody tr th {\n",
       "        vertical-align: top;\n",
       "    }\n",
       "\n",
       "    .dataframe thead th {\n",
       "        text-align: right;\n",
       "    }\n",
       "</style>\n",
       "<table border=\"1\" class=\"dataframe\">\n",
       "  <thead>\n",
       "    <tr style=\"text-align: right;\">\n",
       "      <th></th>\n",
       "      <th>neighborhood</th>\n",
       "      <th>Latitude</th>\n",
       "      <th>Longitude</th>\n",
       "      <th>Cluster Labels</th>\n",
       "      <th>1st Most Common Venue</th>\n",
       "      <th>2nd Most Common Venue</th>\n",
       "      <th>3rd Most Common Venue</th>\n",
       "      <th>4th Most Common Venue</th>\n",
       "      <th>5th Most Common Venue</th>\n",
       "      <th>6th Most Common Venue</th>\n",
       "      <th>7th Most Common Venue</th>\n",
       "      <th>8th Most Common Venue</th>\n",
       "      <th>9th Most Common Venue</th>\n",
       "      <th>10th Most Common Venue</th>\n",
       "    </tr>\n",
       "  </thead>\n",
       "  <tbody>\n",
       "    <tr>\n",
       "      <th>403</th>\n",
       "      <td>Bassett</td>\n",
       "      <td>50.947819</td>\n",
       "      <td>-1.404591</td>\n",
       "      <td>3</td>\n",
       "      <td>Arcade</td>\n",
       "      <td>Bar</td>\n",
       "      <td>Kids Store</td>\n",
       "      <td>Park</td>\n",
       "      <td>Outdoor Supply Store</td>\n",
       "      <td>Nightclub</td>\n",
       "      <td>Newsagent</td>\n",
       "      <td>Movie Theater</td>\n",
       "      <td>Middle Eastern Restaurant</td>\n",
       "      <td>Mexican Restaurant</td>\n",
       "    </tr>\n",
       "  </tbody>\n",
       "</table>\n",
       "</div>"
      ],
      "text/plain": [
       "    neighborhood   Latitude  Longitude  Cluster Labels 1st Most Common Venue  \\\n",
       "403      Bassett  50.947819  -1.404591               3                Arcade   \n",
       "\n",
       "    2nd Most Common Venue 3rd Most Common Venue 4th Most Common Venue  \\\n",
       "403                   Bar            Kids Store                  Park   \n",
       "\n",
       "    5th Most Common Venue 6th Most Common Venue 7th Most Common Venue  \\\n",
       "403  Outdoor Supply Store             Nightclub             Newsagent   \n",
       "\n",
       "    8th Most Common Venue      9th Most Common Venue 10th Most Common Venue  \n",
       "403         Movie Theater  Middle Eastern Restaurant     Mexican Restaurant  "
      ]
     },
     "execution_count": 53,
     "metadata": {},
     "output_type": "execute_result"
    }
   ],
   "source": [
    "clus4 = loc_merged.loc[loc_merged['Cluster Labels'] == 3]\n",
    "clus4.head()"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 54,
   "id": "53c88d1a",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "text/plain": [
       "array(['Arcade'], dtype=object)"
      ]
     },
     "execution_count": 54,
     "metadata": {},
     "output_type": "execute_result"
    }
   ],
   "source": [
    "#creating a temporary dataframe to plot on map\n",
    "dft_tmp_clus4 = pd.DataFrame(\n",
    "    clus4.groupby(\"neighborhood\")[\"1st Most Common Venue\"].apply(\n",
    "        lambda x: ','.join(x.unique())).reset_index())\n",
    "dft_tmp_clus4.rename(columns={\n",
    "    'neighborhood': 'neighborhood',\n",
    "    '1st Most Common Venue': 'top_venues'\n",
    "},\n",
    "                     inplace=True)\n",
    "dft_tmp_clus4[\"top_venues\"].values"
   ]
  },
  {
   "cell_type": "markdown",
   "id": "0f0d5098",
   "metadata": {},
   "source": [
    "### Cluster No 4 consists of Arcade (games)"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 57,
   "id": "2fc3a5df",
   "metadata": {},
   "outputs": [
    {
     "data": {
      "text/html": [
       "<div style=\"width:100%;\"><div style=\"position:relative;width:100%;height:0;padding-bottom:60%;\"><span style=\"color:#565656\">Make this Notebook Trusted to load map: File -> Trust Notebook</span><iframe srcdoc=\"&lt;!DOCTYPE html&gt;\n",
       "&lt;head&gt;    \n",
       "    &lt;meta http-equiv=&quot;content-type&quot; content=&quot;text/html; charset=UTF-8&quot; /&gt;\n",
       "    \n",
       "        &lt;script&gt;\n",
       "            L_NO_TOUCH = false;\n",
       "            L_DISABLE_3D = false;\n",
       "        &lt;/script&gt;\n",
       "    \n",
       "    &lt;style&gt;html, body {width: 100%;height: 100%;margin: 0;padding: 0;}&lt;/style&gt;\n",
       "    &lt;style&gt;#map {position:absolute;top:0;bottom:0;right:0;left:0;}&lt;/style&gt;\n",
       "    &lt;script src=&quot;https://cdn.jsdelivr.net/npm/leaflet@1.6.0/dist/leaflet.js&quot;&gt;&lt;/script&gt;\n",
       "    &lt;script src=&quot;https://code.jquery.com/jquery-1.12.4.min.js&quot;&gt;&lt;/script&gt;\n",
       "    &lt;script src=&quot;https://maxcdn.bootstrapcdn.com/bootstrap/3.2.0/js/bootstrap.min.js&quot;&gt;&lt;/script&gt;\n",
       "    &lt;script src=&quot;https://cdnjs.cloudflare.com/ajax/libs/Leaflet.awesome-markers/2.0.2/leaflet.awesome-markers.js&quot;&gt;&lt;/script&gt;\n",
       "    &lt;link rel=&quot;stylesheet&quot; href=&quot;https://cdn.jsdelivr.net/npm/leaflet@1.6.0/dist/leaflet.css&quot;/&gt;\n",
       "    &lt;link rel=&quot;stylesheet&quot; href=&quot;https://maxcdn.bootstrapcdn.com/bootstrap/3.2.0/css/bootstrap.min.css&quot;/&gt;\n",
       "    &lt;link rel=&quot;stylesheet&quot; href=&quot;https://maxcdn.bootstrapcdn.com/bootstrap/3.2.0/css/bootstrap-theme.min.css&quot;/&gt;\n",
       "    &lt;link rel=&quot;stylesheet&quot; href=&quot;https://maxcdn.bootstrapcdn.com/font-awesome/4.6.3/css/font-awesome.min.css&quot;/&gt;\n",
       "    &lt;link rel=&quot;stylesheet&quot; href=&quot;https://cdnjs.cloudflare.com/ajax/libs/Leaflet.awesome-markers/2.0.2/leaflet.awesome-markers.css&quot;/&gt;\n",
       "    &lt;link rel=&quot;stylesheet&quot; href=&quot;https://cdn.jsdelivr.net/gh/python-visualization/folium/folium/templates/leaflet.awesome.rotate.min.css&quot;/&gt;\n",
       "    \n",
       "            &lt;meta name=&quot;viewport&quot; content=&quot;width=device-width,\n",
       "                initial-scale=1.0, maximum-scale=1.0, user-scalable=no&quot; /&gt;\n",
       "            &lt;style&gt;\n",
       "                #map_3967f64c3ae224e8154dcea6ddd056eb {\n",
       "                    position: relative;\n",
       "                    width: 100.0%;\n",
       "                    height: 100.0%;\n",
       "                    left: 0.0%;\n",
       "                    top: 0.0%;\n",
       "                }\n",
       "            &lt;/style&gt;\n",
       "        \n",
       "&lt;/head&gt;\n",
       "&lt;body&gt;    \n",
       "    \n",
       "            &lt;div class=&quot;folium-map&quot; id=&quot;map_3967f64c3ae224e8154dcea6ddd056eb&quot; &gt;&lt;/div&gt;\n",
       "        \n",
       "&lt;/body&gt;\n",
       "&lt;script&gt;    \n",
       "    \n",
       "            var map_3967f64c3ae224e8154dcea6ddd056eb = L.map(\n",
       "                &quot;map_3967f64c3ae224e8154dcea6ddd056eb&quot;,\n",
       "                {\n",
       "                    center: [50.90488212100007, -1.4043038709999678],\n",
       "                    crs: L.CRS.EPSG3857,\n",
       "                    zoom: 12,\n",
       "                    zoomControl: true,\n",
       "                    preferCanvas: false,\n",
       "                }\n",
       "            );\n",
       "\n",
       "            \n",
       "\n",
       "        \n",
       "    \n",
       "            var tile_layer_287e7d0938f49474bc37797fdf4e6230 = L.tileLayer(\n",
       "                &quot;https://{s}.tile.openstreetmap.org/{z}/{x}/{y}.png&quot;,\n",
       "                {&quot;attribution&quot;: &quot;Data by \\u0026copy; \\u003ca href=\\&quot;http://openstreetmap.org\\&quot;\\u003eOpenStreetMap\\u003c/a\\u003e, under \\u003ca href=\\&quot;http://www.openstreetmap.org/copyright\\&quot;\\u003eODbL\\u003c/a\\u003e.&quot;, &quot;detectRetina&quot;: false, &quot;maxNativeZoom&quot;: 18, &quot;maxZoom&quot;: 18, &quot;minZoom&quot;: 0, &quot;noWrap&quot;: false, &quot;opacity&quot;: 1, &quot;subdomains&quot;: &quot;abc&quot;, &quot;tms&quot;: false}\n",
       "            ).addTo(map_3967f64c3ae224e8154dcea6ddd056eb);\n",
       "        \n",
       "    \n",
       "            var circle_marker_85b2e5245d4fbb1650c379b3452e0ddc = L.circleMarker(\n",
       "                [50.90265000000005, -1.4041899999999714],\n",
       "                {&quot;bubblingMouseEvents&quot;: true, &quot;color&quot;: &quot;#ff0000&quot;, &quot;dashArray&quot;: null, &quot;dashOffset&quot;: null, &quot;fill&quot;: true, &quot;fillColor&quot;: &quot;#ff0000&quot;, &quot;fillOpacity&quot;: 0.7, &quot;fillRule&quot;: &quot;evenodd&quot;, &quot;lineCap&quot;: &quot;round&quot;, &quot;lineJoin&quot;: &quot;round&quot;, &quot;opacity&quot;: 1.0, &quot;radius&quot;: 7, &quot;stroke&quot;: true, &quot;weight&quot;: 3}\n",
       "            ).addTo(map_3967f64c3ae224e8154dcea6ddd056eb);\n",
       "        \n",
       "    \n",
       "        var popup_61f4562560182aa35c75ce8faebe68f4 = L.popup({&quot;maxWidth&quot;: &quot;100%&quot;});\n",
       "\n",
       "        \n",
       "            var html_9c251b0a3d8a14bbfc81c32ba4e6043f = $(`&lt;div id=&quot;html_9c251b0a3d8a14bbfc81c32ba4e6043f&quot; style=&quot;width: 100.0%; height: 100.0%;&quot;&gt;&lt;h6&gt; &lt;center&gt; Pubs &lt;/center&gt;&lt;/h6&gt;                              &lt;h6&gt;&lt;b&gt; Bargate&lt;/b&gt; : Italian Restaurant&lt;/h6&gt;                           &lt;h6&gt;  : [] &lt;/h6&gt; &lt;/div&gt;`)[0];\n",
       "            popup_61f4562560182aa35c75ce8faebe68f4.setContent(html_9c251b0a3d8a14bbfc81c32ba4e6043f);\n",
       "        \n",
       "\n",
       "        circle_marker_85b2e5245d4fbb1650c379b3452e0ddc.bindPopup(popup_61f4562560182aa35c75ce8faebe68f4)\n",
       "        ;\n",
       "\n",
       "        \n",
       "    \n",
       "    \n",
       "            var circle_marker_6ec610aba479f6b8a1bfe4335d303f8b = L.circleMarker(\n",
       "                [50.947819490224404, -1.4045911432397613],\n",
       "                {&quot;bubblingMouseEvents&quot;: true, &quot;color&quot;: &quot;#d4dd80&quot;, &quot;dashArray&quot;: null, &quot;dashOffset&quot;: null, &quot;fill&quot;: true, &quot;fillColor&quot;: &quot;#d4dd80&quot;, &quot;fillOpacity&quot;: 0.7, &quot;fillRule&quot;: &quot;evenodd&quot;, &quot;lineCap&quot;: &quot;round&quot;, &quot;lineJoin&quot;: &quot;round&quot;, &quot;opacity&quot;: 1.0, &quot;radius&quot;: 7, &quot;stroke&quot;: true, &quot;weight&quot;: 3}\n",
       "            ).addTo(map_3967f64c3ae224e8154dcea6ddd056eb);\n",
       "        \n",
       "    \n",
       "        var popup_fb90e3e529bde8b46a712f4672eb4836 = L.popup({&quot;maxWidth&quot;: &quot;100%&quot;});\n",
       "\n",
       "        \n",
       "            var html_5b5c7b3014b2afd2b78f335589123a7a = $(`&lt;div id=&quot;html_5b5c7b3014b2afd2b78f335589123a7a&quot; style=&quot;width: 100.0%; height: 100.0%;&quot;&gt;&lt;h6&gt; &lt;center&gt; Market &lt;/center&gt; &lt;/h6&gt;                              &lt;h6&gt;&lt;b&gt; Bassett&lt;/b&gt; : Arcade&lt;/h6&gt;                           &lt;h6&gt; : [] &lt;/h6&gt; &lt;/div&gt;`)[0];\n",
       "            popup_fb90e3e529bde8b46a712f4672eb4836.setContent(html_5b5c7b3014b2afd2b78f335589123a7a);\n",
       "        \n",
       "\n",
       "        circle_marker_6ec610aba479f6b8a1bfe4335d303f8b.bindPopup(popup_fb90e3e529bde8b46a712f4672eb4836)\n",
       "        ;\n",
       "\n",
       "        \n",
       "    \n",
       "    \n",
       "            var circle_marker_efa3a16db45a9ff77a1f4ef17bbb7ebf = L.circleMarker(\n",
       "                [50.91969010144991, -1.3953344241759458],\n",
       "                {&quot;bubblingMouseEvents&quot;: true, &quot;color&quot;: &quot;#ff0000&quot;, &quot;dashArray&quot;: null, &quot;dashOffset&quot;: null, &quot;fill&quot;: true, &quot;fillColor&quot;: &quot;#ff0000&quot;, &quot;fillOpacity&quot;: 0.7, &quot;fillRule&quot;: &quot;evenodd&quot;, &quot;lineCap&quot;: &quot;round&quot;, &quot;lineJoin&quot;: &quot;round&quot;, &quot;opacity&quot;: 1.0, &quot;radius&quot;: 7, &quot;stroke&quot;: true, &quot;weight&quot;: 3}\n",
       "            ).addTo(map_3967f64c3ae224e8154dcea6ddd056eb);\n",
       "        \n",
       "    \n",
       "        var popup_2721f926cc2fedddb3d433c52d96fc26 = L.popup({&quot;maxWidth&quot;: &quot;100%&quot;});\n",
       "\n",
       "        \n",
       "            var html_3de94b06eabee2ed962adfa57895d837 = $(`&lt;div id=&quot;html_3de94b06eabee2ed962adfa57895d837&quot; style=&quot;width: 100.0%; height: 100.0%;&quot;&gt;&lt;h6&gt; &lt;center&gt; Pubs &lt;/center&gt;&lt;/h6&gt;                              &lt;h6&gt;&lt;b&gt; Bevois&lt;/b&gt; : Pub&lt;/h6&gt;                           &lt;h6&gt;  : [] &lt;/h6&gt; &lt;/div&gt;`)[0];\n",
       "            popup_2721f926cc2fedddb3d433c52d96fc26.setContent(html_3de94b06eabee2ed962adfa57895d837);\n",
       "        \n",
       "\n",
       "        circle_marker_efa3a16db45a9ff77a1f4ef17bbb7ebf.bindPopup(popup_2721f926cc2fedddb3d433c52d96fc26)\n",
       "        ;\n",
       "\n",
       "        \n",
       "    \n",
       "    \n",
       "            var circle_marker_8a183701d9e4e0aa63b6b1eea6c0162f = L.circleMarker(\n",
       "                [50.914540000000045, -1.338459999999941],\n",
       "                {&quot;bubblingMouseEvents&quot;: true, &quot;color&quot;: &quot;#2adddd&quot;, &quot;dashArray&quot;: null, &quot;dashOffset&quot;: null, &quot;fill&quot;: true, &quot;fillColor&quot;: &quot;#2adddd&quot;, &quot;fillOpacity&quot;: 0.7, &quot;fillRule&quot;: &quot;evenodd&quot;, &quot;lineCap&quot;: &quot;round&quot;, &quot;lineJoin&quot;: &quot;round&quot;, &quot;opacity&quot;: 1.0, &quot;radius&quot;: 7, &quot;stroke&quot;: true, &quot;weight&quot;: 3}\n",
       "            ).addTo(map_3967f64c3ae224e8154dcea6ddd056eb);\n",
       "        \n",
       "    \n",
       "        var popup_a8703f9da4b04cd8295f0cd29f39c013 = L.popup({&quot;maxWidth&quot;: &quot;100%&quot;});\n",
       "\n",
       "        \n",
       "            var html_8b104ccee8f91b47737fd57997898c69 = $(`&lt;div id=&quot;html_8b104ccee8f91b47737fd57997898c69&quot; style=&quot;width: 100.0%; height: 100.0%;&quot;&gt;&lt;h6&gt; &lt;center&gt; Bars &lt;/center&gt; &lt;/h6&gt;                              &lt;h6&gt;&lt;b&gt; Bitterne&lt;/b&gt; : Grocery Store&lt;/h6&gt;                           &lt;h6&gt;  : [&#x27;Food Stand&#x27;] &lt;/h6&gt; &lt;/div&gt;`)[0];\n",
       "            popup_a8703f9da4b04cd8295f0cd29f39c013.setContent(html_8b104ccee8f91b47737fd57997898c69);\n",
       "        \n",
       "\n",
       "        circle_marker_8a183701d9e4e0aa63b6b1eea6c0162f.bindPopup(popup_a8703f9da4b04cd8295f0cd29f39c013)\n",
       "        ;\n",
       "\n",
       "        \n",
       "    \n",
       "    \n",
       "            var circle_marker_0524f5fe15a72a540b461168c3309d7f = L.circleMarker(\n",
       "                [50.91483967933845, -1.3632775884247788],\n",
       "                {&quot;bubblingMouseEvents&quot;: true, &quot;color&quot;: &quot;#ff0000&quot;, &quot;dashArray&quot;: null, &quot;dashOffset&quot;: null, &quot;fill&quot;: true, &quot;fillColor&quot;: &quot;#ff0000&quot;, &quot;fillOpacity&quot;: 0.7, &quot;fillRule&quot;: &quot;evenodd&quot;, &quot;lineCap&quot;: &quot;round&quot;, &quot;lineJoin&quot;: &quot;round&quot;, &quot;opacity&quot;: 1.0, &quot;radius&quot;: 7, &quot;stroke&quot;: true, &quot;weight&quot;: 3}\n",
       "            ).addTo(map_3967f64c3ae224e8154dcea6ddd056eb);\n",
       "        \n",
       "    \n",
       "        var popup_3cf5960b96c60f1c229b5ad7298af78c = L.popup({&quot;maxWidth&quot;: &quot;100%&quot;});\n",
       "\n",
       "        \n",
       "            var html_03d5c60e439575c76303a106f2da6d36 = $(`&lt;div id=&quot;html_03d5c60e439575c76303a106f2da6d36&quot; style=&quot;width: 100.0%; height: 100.0%;&quot;&gt;&lt;h6&gt; &lt;center&gt; Pubs &lt;/center&gt;&lt;/h6&gt;                              &lt;h6&gt;&lt;b&gt; Bitterne Park&lt;/b&gt; : Pharmacy&lt;/h6&gt;                           &lt;h6&gt;  : [] &lt;/h6&gt; &lt;/div&gt;`)[0];\n",
       "            popup_3cf5960b96c60f1c229b5ad7298af78c.setContent(html_03d5c60e439575c76303a106f2da6d36);\n",
       "        \n",
       "\n",
       "        circle_marker_0524f5fe15a72a540b461168c3309d7f.bindPopup(popup_3cf5960b96c60f1c229b5ad7298af78c)\n",
       "        ;\n",
       "\n",
       "        \n",
       "    \n",
       "    \n",
       "            var circle_marker_b17a4a3ac86b7565aa0d547c010f5a24 = L.circleMarker(\n",
       "                [50.936443431954544, -1.430980786191456],\n",
       "                {&quot;bubblingMouseEvents&quot;: true, &quot;color&quot;: &quot;#8000ff&quot;, &quot;dashArray&quot;: null, &quot;dashOffset&quot;: null, &quot;fill&quot;: true, &quot;fillColor&quot;: &quot;#8000ff&quot;, &quot;fillOpacity&quot;: 0.7, &quot;fillRule&quot;: &quot;evenodd&quot;, &quot;lineCap&quot;: &quot;round&quot;, &quot;lineJoin&quot;: &quot;round&quot;, &quot;opacity&quot;: 1.0, &quot;radius&quot;: 7, &quot;stroke&quot;: true, &quot;weight&quot;: 3}\n",
       "            ).addTo(map_3967f64c3ae224e8154dcea6ddd056eb);\n",
       "        \n",
       "    \n",
       "        var popup_a640ebf5ad659c62c49eb0c2cb7e9e50 = L.popup({&quot;maxWidth&quot;: &quot;100%&quot;});\n",
       "\n",
       "        \n",
       "            var html_f9110ff768374ab604188cc3c1ee4a5b = $(`&lt;div id=&quot;html_f9110ff768374ab604188cc3c1ee4a5b&quot; style=&quot;width: 100.0%; height: 100.0%;&quot;&gt;&lt;center&gt;Museums &lt;/center&gt;                             &lt;h6&gt;&lt;b&gt; Coxford&lt;/b&gt; : CafÃ©&lt;/h6&gt;                           &lt;h6&gt;  : [] &lt;/h6&gt; &lt;/div&gt;`)[0];\n",
       "            popup_a640ebf5ad659c62c49eb0c2cb7e9e50.setContent(html_f9110ff768374ab604188cc3c1ee4a5b);\n",
       "        \n",
       "\n",
       "        circle_marker_b17a4a3ac86b7565aa0d547c010f5a24.bindPopup(popup_a640ebf5ad659c62c49eb0c2cb7e9e50)\n",
       "        ;\n",
       "\n",
       "        \n",
       "    \n",
       "    \n",
       "            var circle_marker_6861200ddd54dd2c03158f126b736702 = L.circleMarker(\n",
       "                [50.913380000000075, -1.424639999999954],\n",
       "                {&quot;bubblingMouseEvents&quot;: true, &quot;color&quot;: &quot;#ff0000&quot;, &quot;dashArray&quot;: null, &quot;dashOffset&quot;: null, &quot;fill&quot;: true, &quot;fillColor&quot;: &quot;#ff0000&quot;, &quot;fillOpacity&quot;: 0.7, &quot;fillRule&quot;: &quot;evenodd&quot;, &quot;lineCap&quot;: &quot;round&quot;, &quot;lineJoin&quot;: &quot;round&quot;, &quot;opacity&quot;: 1.0, &quot;radius&quot;: 7, &quot;stroke&quot;: true, &quot;weight&quot;: 3}\n",
       "            ).addTo(map_3967f64c3ae224e8154dcea6ddd056eb);\n",
       "        \n",
       "    \n",
       "        var popup_82c4cf746543cc7d901276ef80c78233 = L.popup({&quot;maxWidth&quot;: &quot;100%&quot;});\n",
       "\n",
       "        \n",
       "            var html_85b5b6b486587f38f28dbe9e47374daf = $(`&lt;div id=&quot;html_85b5b6b486587f38f28dbe9e47374daf&quot; style=&quot;width: 100.0%; height: 100.0%;&quot;&gt;&lt;h6&gt; &lt;center&gt; Pubs &lt;/center&gt;&lt;/h6&gt;                              &lt;h6&gt;&lt;b&gt; Freemantle&lt;/b&gt; : Pub&lt;/h6&gt;                           &lt;h6&gt;  : [] &lt;/h6&gt; &lt;/div&gt;`)[0];\n",
       "            popup_82c4cf746543cc7d901276ef80c78233.setContent(html_85b5b6b486587f38f28dbe9e47374daf);\n",
       "        \n",
       "\n",
       "        circle_marker_6861200ddd54dd2c03158f126b736702.bindPopup(popup_82c4cf746543cc7d901276ef80c78233)\n",
       "        ;\n",
       "\n",
       "        \n",
       "    \n",
       "    \n",
       "            var circle_marker_afc4be381e4a2d919b491c18ba21183f = L.circleMarker(\n",
       "                [50.93707470029122, -1.3848751263212484],\n",
       "                {&quot;bubblingMouseEvents&quot;: true, &quot;color&quot;: &quot;#2adddd&quot;, &quot;dashArray&quot;: null, &quot;dashOffset&quot;: null, &quot;fill&quot;: true, &quot;fillColor&quot;: &quot;#2adddd&quot;, &quot;fillOpacity&quot;: 0.7, &quot;fillRule&quot;: &quot;evenodd&quot;, &quot;lineCap&quot;: &quot;round&quot;, &quot;lineJoin&quot;: &quot;round&quot;, &quot;opacity&quot;: 1.0, &quot;radius&quot;: 7, &quot;stroke&quot;: true, &quot;weight&quot;: 3}\n",
       "            ).addTo(map_3967f64c3ae224e8154dcea6ddd056eb);\n",
       "        \n",
       "    \n",
       "        var popup_1ec40b3ee3dea0652e7cddc461d5c5b8 = L.popup({&quot;maxWidth&quot;: &quot;100%&quot;});\n",
       "\n",
       "        \n",
       "            var html_8b3a2806147e6a0765502eb4fa8f4dd8 = $(`&lt;div id=&quot;html_8b3a2806147e6a0765502eb4fa8f4dd8&quot; style=&quot;width: 100.0%; height: 100.0%;&quot;&gt;&lt;h6&gt; &lt;center&gt; Bars &lt;/center&gt; &lt;/h6&gt;                              &lt;h6&gt;&lt;b&gt; Harefield&lt;/b&gt; : Grocery Store&lt;/h6&gt;                           &lt;h6&gt;  : [&#x27;Food Stand&#x27;] &lt;/h6&gt; &lt;/div&gt;`)[0];\n",
       "            popup_1ec40b3ee3dea0652e7cddc461d5c5b8.setContent(html_8b3a2806147e6a0765502eb4fa8f4dd8);\n",
       "        \n",
       "\n",
       "        circle_marker_afc4be381e4a2d919b491c18ba21183f.bindPopup(popup_1ec40b3ee3dea0652e7cddc461d5c5b8)\n",
       "        ;\n",
       "\n",
       "        \n",
       "    \n",
       "    \n",
       "            var circle_marker_9e953eddcd366e317eb39fb6fb51b85e = L.circleMarker(\n",
       "                [50.91409821283812, -1.449217174942095],\n",
       "                {&quot;bubblingMouseEvents&quot;: true, &quot;color&quot;: &quot;#2adddd&quot;, &quot;dashArray&quot;: null, &quot;dashOffset&quot;: null, &quot;fill&quot;: true, &quot;fillColor&quot;: &quot;#2adddd&quot;, &quot;fillOpacity&quot;: 0.7, &quot;fillRule&quot;: &quot;evenodd&quot;, &quot;lineCap&quot;: &quot;round&quot;, &quot;lineJoin&quot;: &quot;round&quot;, &quot;opacity&quot;: 1.0, &quot;radius&quot;: 7, &quot;stroke&quot;: true, &quot;weight&quot;: 3}\n",
       "            ).addTo(map_3967f64c3ae224e8154dcea6ddd056eb);\n",
       "        \n",
       "    \n",
       "        var popup_45a7e1e85009b7b28455230dbdc16a43 = L.popup({&quot;maxWidth&quot;: &quot;100%&quot;});\n",
       "\n",
       "        \n",
       "            var html_ef83c11cd6c2379c746f870dce495a20 = $(`&lt;div id=&quot;html_ef83c11cd6c2379c746f870dce495a20&quot; style=&quot;width: 100.0%; height: 100.0%;&quot;&gt;&lt;h6&gt; &lt;center&gt; Bars &lt;/center&gt; &lt;/h6&gt;                              &lt;h6&gt;&lt;b&gt; Millbrook&lt;/b&gt; : Grocery Store&lt;/h6&gt;                           &lt;h6&gt;  : [&#x27;Food Stand&#x27;] &lt;/h6&gt; &lt;/div&gt;`)[0];\n",
       "            popup_45a7e1e85009b7b28455230dbdc16a43.setContent(html_ef83c11cd6c2379c746f870dce495a20);\n",
       "        \n",
       "\n",
       "        circle_marker_9e953eddcd366e317eb39fb6fb51b85e.bindPopup(popup_45a7e1e85009b7b28455230dbdc16a43)\n",
       "        ;\n",
       "\n",
       "        \n",
       "    \n",
       "    \n",
       "            var circle_marker_17bd6553dae6886efabab7c7422029df = L.circleMarker(\n",
       "                [50.92822000000007, -1.2808199999999488],\n",
       "                {&quot;bubblingMouseEvents&quot;: true, &quot;color&quot;: &quot;#ff0000&quot;, &quot;dashArray&quot;: null, &quot;dashOffset&quot;: null, &quot;fill&quot;: true, &quot;fillColor&quot;: &quot;#ff0000&quot;, &quot;fillOpacity&quot;: 0.7, &quot;fillRule&quot;: &quot;evenodd&quot;, &quot;lineCap&quot;: &quot;round&quot;, &quot;lineJoin&quot;: &quot;round&quot;, &quot;opacity&quot;: 1.0, &quot;radius&quot;: 7, &quot;stroke&quot;: true, &quot;weight&quot;: 3}\n",
       "            ).addTo(map_3967f64c3ae224e8154dcea6ddd056eb);\n",
       "        \n",
       "    \n",
       "        var popup_078caeaa1497cebf6c63cd84c9e6afb8 = L.popup({&quot;maxWidth&quot;: &quot;100%&quot;});\n",
       "\n",
       "        \n",
       "            var html_16e7ddb9267d5b9464e8b4fa28d7e6b2 = $(`&lt;div id=&quot;html_16e7ddb9267d5b9464e8b4fa28d7e6b2&quot; style=&quot;width: 100.0%; height: 100.0%;&quot;&gt;&lt;h6&gt; &lt;center&gt; Pubs &lt;/center&gt;&lt;/h6&gt;                              &lt;h6&gt;&lt;b&gt; Peartree&lt;/b&gt; : Gym&lt;/h6&gt;                           &lt;h6&gt;  : [] &lt;/h6&gt; &lt;/div&gt;`)[0];\n",
       "            popup_078caeaa1497cebf6c63cd84c9e6afb8.setContent(html_16e7ddb9267d5b9464e8b4fa28d7e6b2);\n",
       "        \n",
       "\n",
       "        circle_marker_17bd6553dae6886efabab7c7422029df.bindPopup(popup_078caeaa1497cebf6c63cd84c9e6afb8)\n",
       "        ;\n",
       "\n",
       "        \n",
       "    \n",
       "    \n",
       "            var circle_marker_3940a318b38c2ae245f6c76052625731 = L.circleMarker(\n",
       "                [50.926600000000064, -1.3916299999999637],\n",
       "                {&quot;bubblingMouseEvents&quot;: true, &quot;color&quot;: &quot;#ff0000&quot;, &quot;dashArray&quot;: null, &quot;dashOffset&quot;: null, &quot;fill&quot;: true, &quot;fillColor&quot;: &quot;#ff0000&quot;, &quot;fillOpacity&quot;: 0.7, &quot;fillRule&quot;: &quot;evenodd&quot;, &quot;lineCap&quot;: &quot;round&quot;, &quot;lineJoin&quot;: &quot;round&quot;, &quot;opacity&quot;: 1.0, &quot;radius&quot;: 7, &quot;stroke&quot;: true, &quot;weight&quot;: 3}\n",
       "            ).addTo(map_3967f64c3ae224e8154dcea6ddd056eb);\n",
       "        \n",
       "    \n",
       "        var popup_33feb2f5974f199c879c10a77c98d725 = L.popup({&quot;maxWidth&quot;: &quot;100%&quot;});\n",
       "\n",
       "        \n",
       "            var html_fb74299877132061359b37a95b9a0c79 = $(`&lt;div id=&quot;html_fb74299877132061359b37a95b9a0c79&quot; style=&quot;width: 100.0%; height: 100.0%;&quot;&gt;&lt;h6&gt; &lt;center&gt; Pubs &lt;/center&gt;&lt;/h6&gt;                              &lt;h6&gt;&lt;b&gt; Portswood&lt;/b&gt; : Grocery Store&lt;/h6&gt;                           &lt;h6&gt;  : [] &lt;/h6&gt; &lt;/div&gt;`)[0];\n",
       "            popup_33feb2f5974f199c879c10a77c98d725.setContent(html_fb74299877132061359b37a95b9a0c79);\n",
       "        \n",
       "\n",
       "        circle_marker_3940a318b38c2ae245f6c76052625731.bindPopup(popup_33feb2f5974f199c879c10a77c98d725)\n",
       "        ;\n",
       "\n",
       "        \n",
       "    \n",
       "    \n",
       "            var circle_marker_4913595be543f696461541069e2ab601 = L.circleMarker(\n",
       "                [50.919940000000054, -1.4702799999999456],\n",
       "                {&quot;bubblingMouseEvents&quot;: true, &quot;color&quot;: &quot;#ff0000&quot;, &quot;dashArray&quot;: null, &quot;dashOffset&quot;: null, &quot;fill&quot;: true, &quot;fillColor&quot;: &quot;#ff0000&quot;, &quot;fillOpacity&quot;: 0.7, &quot;fillRule&quot;: &quot;evenodd&quot;, &quot;lineCap&quot;: &quot;round&quot;, &quot;lineJoin&quot;: &quot;round&quot;, &quot;opacity&quot;: 1.0, &quot;radius&quot;: 7, &quot;stroke&quot;: true, &quot;weight&quot;: 3}\n",
       "            ).addTo(map_3967f64c3ae224e8154dcea6ddd056eb);\n",
       "        \n",
       "    \n",
       "        var popup_4875637db758741cd48d8399e68dfe87 = L.popup({&quot;maxWidth&quot;: &quot;100%&quot;});\n",
       "\n",
       "        \n",
       "            var html_4083920dfa343b1aed26d26a6b489cef = $(`&lt;div id=&quot;html_4083920dfa343b1aed26d26a6b489cef&quot; style=&quot;width: 100.0%; height: 100.0%;&quot;&gt;&lt;h6&gt; &lt;center&gt; Pubs &lt;/center&gt;&lt;/h6&gt;                              &lt;h6&gt;&lt;b&gt; Redbridge&lt;/b&gt; : Train Station&lt;/h6&gt;                           &lt;h6&gt;  : [] &lt;/h6&gt; &lt;/div&gt;`)[0];\n",
       "            popup_4875637db758741cd48d8399e68dfe87.setContent(html_4083920dfa343b1aed26d26a6b489cef);\n",
       "        \n",
       "\n",
       "        circle_marker_4913595be543f696461541069e2ab601.bindPopup(popup_4875637db758741cd48d8399e68dfe87)\n",
       "        ;\n",
       "\n",
       "        \n",
       "    \n",
       "    \n",
       "            var circle_marker_c070b89d5cefa8712282dbf4d4475246 = L.circleMarker(\n",
       "                [50.92764751696376, -1.4233003538816025],\n",
       "                {&quot;bubblingMouseEvents&quot;: true, &quot;color&quot;: &quot;#ff0000&quot;, &quot;dashArray&quot;: null, &quot;dashOffset&quot;: null, &quot;fill&quot;: true, &quot;fillColor&quot;: &quot;#ff0000&quot;, &quot;fillOpacity&quot;: 0.7, &quot;fillRule&quot;: &quot;evenodd&quot;, &quot;lineCap&quot;: &quot;round&quot;, &quot;lineJoin&quot;: &quot;round&quot;, &quot;opacity&quot;: 1.0, &quot;radius&quot;: 7, &quot;stroke&quot;: true, &quot;weight&quot;: 3}\n",
       "            ).addTo(map_3967f64c3ae224e8154dcea6ddd056eb);\n",
       "        \n",
       "    \n",
       "        var popup_7c845ff3f2829bedee22437d73eba2de = L.popup({&quot;maxWidth&quot;: &quot;100%&quot;});\n",
       "\n",
       "        \n",
       "            var html_b76484a044da8800929f04522fbe589b = $(`&lt;div id=&quot;html_b76484a044da8800929f04522fbe589b&quot; style=&quot;width: 100.0%; height: 100.0%;&quot;&gt;&lt;h6&gt; &lt;center&gt; Pubs &lt;/center&gt;&lt;/h6&gt;                              &lt;h6&gt;&lt;b&gt; Shirley&lt;/b&gt; : Pub&lt;/h6&gt;                           &lt;h6&gt;  : [] &lt;/h6&gt; &lt;/div&gt;`)[0];\n",
       "            popup_7c845ff3f2829bedee22437d73eba2de.setContent(html_b76484a044da8800929f04522fbe589b);\n",
       "        \n",
       "\n",
       "        circle_marker_c070b89d5cefa8712282dbf4d4475246.bindPopup(popup_7c845ff3f2829bedee22437d73eba2de)\n",
       "        ;\n",
       "\n",
       "        \n",
       "    \n",
       "    \n",
       "            var circle_marker_c950b63cb99cbc7c2c04c670eeaddbe9 = L.circleMarker(\n",
       "                [50.897190049708456, -1.3486548845417161],\n",
       "                {&quot;bubblingMouseEvents&quot;: true, &quot;color&quot;: &quot;#2adddd&quot;, &quot;dashArray&quot;: null, &quot;dashOffset&quot;: null, &quot;fill&quot;: true, &quot;fillColor&quot;: &quot;#2adddd&quot;, &quot;fillOpacity&quot;: 0.7, &quot;fillRule&quot;: &quot;evenodd&quot;, &quot;lineCap&quot;: &quot;round&quot;, &quot;lineJoin&quot;: &quot;round&quot;, &quot;opacity&quot;: 1.0, &quot;radius&quot;: 7, &quot;stroke&quot;: true, &quot;weight&quot;: 3}\n",
       "            ).addTo(map_3967f64c3ae224e8154dcea6ddd056eb);\n",
       "        \n",
       "    \n",
       "        var popup_b35af54d36fefa67a58376e328290a51 = L.popup({&quot;maxWidth&quot;: &quot;100%&quot;});\n",
       "\n",
       "        \n",
       "            var html_f87e001b1c7e1e04ede5f6b008b28c49 = $(`&lt;div id=&quot;html_f87e001b1c7e1e04ede5f6b008b28c49&quot; style=&quot;width: 100.0%; height: 100.0%;&quot;&gt;&lt;h6&gt; &lt;center&gt; Bars &lt;/center&gt; &lt;/h6&gt;                              &lt;h6&gt;&lt;b&gt; Sholing&lt;/b&gt; : Grocery Store&lt;/h6&gt;                           &lt;h6&gt;  : [&#x27;Food Stand&#x27;] &lt;/h6&gt; &lt;/div&gt;`)[0];\n",
       "            popup_b35af54d36fefa67a58376e328290a51.setContent(html_f87e001b1c7e1e04ede5f6b008b28c49);\n",
       "        \n",
       "\n",
       "        circle_marker_c950b63cb99cbc7c2c04c670eeaddbe9.bindPopup(popup_b35af54d36fefa67a58376e328290a51)\n",
       "        ;\n",
       "\n",
       "        \n",
       "    \n",
       "    \n",
       "            var circle_marker_1ddc95a1dac2e6096cadc53a70f4732f = L.circleMarker(\n",
       "                [50.93959812511566, -1.3823642631876976],\n",
       "                {&quot;bubblingMouseEvents&quot;: true, &quot;color&quot;: &quot;#2adddd&quot;, &quot;dashArray&quot;: null, &quot;dashOffset&quot;: null, &quot;fill&quot;: true, &quot;fillColor&quot;: &quot;#2adddd&quot;, &quot;fillOpacity&quot;: 0.7, &quot;fillRule&quot;: &quot;evenodd&quot;, &quot;lineCap&quot;: &quot;round&quot;, &quot;lineJoin&quot;: &quot;round&quot;, &quot;opacity&quot;: 1.0, &quot;radius&quot;: 7, &quot;stroke&quot;: true, &quot;weight&quot;: 3}\n",
       "            ).addTo(map_3967f64c3ae224e8154dcea6ddd056eb);\n",
       "        \n",
       "    \n",
       "        var popup_a4efcfe71ecb83e6231da291b82c62ba = L.popup({&quot;maxWidth&quot;: &quot;100%&quot;});\n",
       "\n",
       "        \n",
       "            var html_ff0af020b7b879ac403c0f7b604bc90f = $(`&lt;div id=&quot;html_ff0af020b7b879ac403c0f7b604bc90f&quot; style=&quot;width: 100.0%; height: 100.0%;&quot;&gt;&lt;h6&gt; &lt;center&gt; Bars &lt;/center&gt; &lt;/h6&gt;                              &lt;h6&gt;&lt;b&gt; Swaythling&lt;/b&gt; : Fast Food Restaurant&lt;/h6&gt;                           &lt;h6&gt;  : [&#x27;Food Stand&#x27;] &lt;/h6&gt; &lt;/div&gt;`)[0];\n",
       "            popup_a4efcfe71ecb83e6231da291b82c62ba.setContent(html_ff0af020b7b879ac403c0f7b604bc90f);\n",
       "        \n",
       "\n",
       "        circle_marker_1ddc95a1dac2e6096cadc53a70f4732f.bindPopup(popup_a4efcfe71ecb83e6231da291b82c62ba)\n",
       "        ;\n",
       "\n",
       "        \n",
       "    \n",
       "    \n",
       "            var circle_marker_a0bf53e1c9b6a89673f53dfd52ddc642 = L.circleMarker(\n",
       "                [50.888353015126036, -1.372320068412269],\n",
       "                {&quot;bubblingMouseEvents&quot;: true, &quot;color&quot;: &quot;#2adddd&quot;, &quot;dashArray&quot;: null, &quot;dashOffset&quot;: null, &quot;fill&quot;: true, &quot;fillColor&quot;: &quot;#2adddd&quot;, &quot;fillOpacity&quot;: 0.7, &quot;fillRule&quot;: &quot;evenodd&quot;, &quot;lineCap&quot;: &quot;round&quot;, &quot;lineJoin&quot;: &quot;round&quot;, &quot;opacity&quot;: 1.0, &quot;radius&quot;: 7, &quot;stroke&quot;: true, &quot;weight&quot;: 3}\n",
       "            ).addTo(map_3967f64c3ae224e8154dcea6ddd056eb);\n",
       "        \n",
       "    \n",
       "        var popup_8f4e73d99985a5c3dddbf1485f2891a9 = L.popup({&quot;maxWidth&quot;: &quot;100%&quot;});\n",
       "\n",
       "        \n",
       "            var html_83af7bf658359971b6e92b4b7225399c = $(`&lt;div id=&quot;html_83af7bf658359971b6e92b4b7225399c&quot; style=&quot;width: 100.0%; height: 100.0%;&quot;&gt;&lt;h6&gt; &lt;center&gt; Bars &lt;/center&gt; &lt;/h6&gt;                              &lt;h6&gt;&lt;b&gt; Woolston&lt;/b&gt; : Food Stand&lt;/h6&gt;                           &lt;h6&gt;  : [&#x27;Food Stand&#x27;] &lt;/h6&gt; &lt;/div&gt;`)[0];\n",
       "            popup_8f4e73d99985a5c3dddbf1485f2891a9.setContent(html_83af7bf658359971b6e92b4b7225399c);\n",
       "        \n",
       "\n",
       "        circle_marker_a0bf53e1c9b6a89673f53dfd52ddc642.bindPopup(popup_8f4e73d99985a5c3dddbf1485f2891a9)\n",
       "        ;\n",
       "\n",
       "        \n",
       "    \n",
       "&lt;/script&gt;\" style=\"position:absolute;width:100%;height:100%;left:0;top:0;border:none !important;\" allowfullscreen webkitallowfullscreen mozallowfullscreen></iframe></div></div>"
      ],
      "text/plain": [
       "<folium.folium.Map at 0x1dcd48e4310>"
      ]
     },
     "execution_count": 57,
     "metadata": {},
     "output_type": "execute_result"
    }
   ],
   "source": [
    "# create map to show the clusters\n",
    "map_clusters = folium.Map(location=[latlang[0], latlang[1]], zoom_start=12)\n",
    "\n",
    "# set color scheme for the clusters\n",
    "x = np.arange(kclusters)\n",
    "ys = [i + x + (i * x)**2 for i in range(kclusters)]\n",
    "colors_array = cm.rainbow(np.linspace(0, 1, len(ys)))\n",
    "rainbow = [colors.rgb2hex(i) for i in colors_array]\n",
    "\n",
    "markers_colors = []\n",
    "for lat, lon, poi, cluster, top_spot in zip(\n",
    "        loc_merged['Latitude'], loc_merged['Longitude'],\n",
    "        loc_merged['neighborhood'], loc_merged['Cluster Labels'],\n",
    "        loc_merged['1st Most Common Venue']):\n",
    "    # putting the extra options to explore in each cluster on the popups\n",
    "    if cluster == 0:\n",
    "        label = folium.Popup(\"<h6> <center> Pubs </center></h6> \\\n",
    "                             <h6><b> {}</b> : {}</h6> \\\n",
    "                          <h6>  : {} </h6> \".format(\n",
    "            str(poi), str(top_spot),\n",
    "            str(dft_tmp_clus1.loc[dft_tmp_clus1.neighborhood == neighborhood,\n",
    "                                  \"top_venues\"].values)),\n",
    "                             parse_html=False)\n",
    "    elif cluster == 1:\n",
    "        label = folium.Popup(\"<center>Museums </center>\\\n",
    "                             <h6><b> {}</b> : {}</h6> \\\n",
    "                          <h6>  : {} </h6> \".format(\n",
    "            str(poi), str(top_spot),\n",
    "            str(dft_tmp_clus2.loc[dft_tmp_clus2.neighborhood == neighborhood,\n",
    "                                  \"top_venues\"].values)),\n",
    "                             parse_html=False)\n",
    "\n",
    "    elif cluster == 2:\n",
    "        label = folium.Popup(\"<h6> <center> Bars </center> </h6> \\\n",
    "                             <h6><b> {}</b> : {}</h6> \\\n",
    "                          <h6>  : {} </h6> \".format(\n",
    "            str(poi), str(top_spot),\n",
    "            str(dft_tmp_clus3.loc[dft_tmp_clus3.neighborhood == neighborhood,\n",
    "                                  \"top_venues\"].values)),\n",
    "                             parse_html=False)\n",
    "\n",
    "    elif cluster == 3:\n",
    "        label = folium.Popup(\"<h6> <center> Market </center> </h6> \\\n",
    "                             <h6><b> {}</b> : {}</h6> \\\n",
    "                          <h6> : {} </h6> \".format(\n",
    "            str(poi), str(top_spot), \n",
    "            str(dft_tmp_clus4.loc[dft_tmp_clus4.neighborhood == neighborhood,\n",
    "                                  \"top_venues\"].values)),\n",
    "                             parse_html=False)\n",
    "\n",
    "\n",
    "    folium.CircleMarker([lat, lon],\n",
    "                        radius=7,\n",
    "                        popup=label,\n",
    "                        color=rainbow[cluster - 1],\n",
    "                        fill=True,\n",
    "                        fill_color=rainbow[cluster - 1],\n",
    "                        fill_opacity=0.7).add_to(map_clusters)\n",
    "\n",
    "map_clusters"
   ]
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