Trinity Saint David University of Wales
Artificial Intelligence and Machine Learning (ACCA6011)




	Author:
	Tutor:

	Chris Hampton
	Dr. Seena Joseph

	2116517@student.uwstd.ac.uk
	seena.joseph@uwtsd.ac.uk





09/12/2024
















Contents
Table of Figures	2
1.	Introduction	4
1.1	Abstract	4
1.2	Introduction	4
2.	Research	4
2.1 Artificial Intelligence Background	4
3.	Practical Element	5
3.1 Data Exploration	6
3.2 Pre-Processing Data	7
3.2.1 Data Analysis	8
3.2.1.1 Encoding	12
3.2.1.2 Outliers	13
3.2.1.3 Chi-Square Test	14
3.2.1.4 Variance Inflation Factor	15
3.3 Data Modelling	16
3.3.1 Train and Test subsets	16
3.3.2 Logistic Regression (LR)	17
3.3.3 Support Vector Machine (SVM)	19
3.3.4 Hyperparameters	22
3.3.4.1 Hyperparameter Performance and Model Performance	22
3.3.5 AUC-ROC	24
3.4 Insights and Recommendations	25
Conclusion	25
Personal Reflection	25
References	25


[bookmark: _Toc184903614]Table of Figures
Figure 1 - Script Flow Diagram	6
Figure 2 - Data Exploration	6
Figure 3 - Dataframe Structure	7
Figure 4 - Pre-Processing	8
Figure 5 - Monthly Charges without null values	8
Figure 6 - Monthly Charges with null values	8
Figure 7 - Data Analysis - Gender Script	9
Figure 8 - Data Analysis - Gender Visual	9
Figure 9 - Data Analysis - Contract Type Script	10
Figure 10  - Data Analysis - Contract Type Visual	10
Figure 11 - Data Analysis - Monthly Charges Script 1	10
Figure 12 - Data Analysis - Monthly Charges Script 2	11
Figure 13 - Data Analysis - Monthly Charges Visual 1	11
Figure 14  - Data Analysis - Monthly Charges Visual 2	12
Figure 15 - Encoding - One-Hot encoding	12
Figure 16 – Encoding	13
Figure 17 - Z-Score	13
Figure 18 - Z-Score Results	14
Figure 19 - Chi-Square Test Script	14
Figure 20 - Chi-Square Test Results	15
Figure 21 - VIF Script	15
Figure 22 – Correlation	16
Figure 23 - VIF Results	16
Figure 24 - Train/Test subsets	16
Figure 25 - LR Model	17
Figure 26 - LR Confusion Matrix – Train	17
Figure 27  - LR Confusion Matrix – Test	18
Figure 28 - LR Classification Report – Train	18
Figure 29 - LR Classification Report – Test 1	19
Figure 30 - LR Classification Report - Test 2	19
Figure 31 - SVM Script	19
Figure 32 - SVM - Confusion Matrix – Train	20
Figure 33 - SVM Classification Report - Train	20
Figure 34 - SVM - Confusion Matrix – Test	21
Figure 35 - SVM Classification Report – Test 1	21
Figure 36 - SVM Classification Report - Test 2	22
Figure 37 - LR Hyperparameter Tuning	22
Figure 38 - LR Hyperparameter Tuning	23
Figure 39 - SVM Hyperparameter Tuning	23
Figure 40 - SVM Hyperparameter Tuning Results	23
Figure 41 - AUC-ROC Script	24
Figure 42 - AUC-ROC Results	24


1. [bookmark: _Toc184903615]Introduction
1.1 [bookmark: _Toc184903616]Abstract 
It is more cost effective for businesses to retain customers than acquiring new ones. For this reason, businesses face challenges posed by customer churn. By predicting churn, a business can identify customers who are likely to cease using their services or products. By engaging in proactive retention strategies, through accurate prediction models, businesses can retain at-risk customers. This allows business to minimise revenue loss and enhance customer loyalty. By leveraging Logistic Regression (LR) and Support Vector Machine (SVM) machine learning models this study will be used to predict customer churn utilising the Teclo customer Churn Dataset.
1.2 [bookmark: _Toc184903617]Introduction
The purpose of this study is to is to apply and evaluate the performance of Logistic Regression (LR) and Support Vector Machine (SVM) on a customer churn dataset for predicting customer churn.
To interpret the results, and to provide actionable insights and recommendations several objectives will need to be achieved.
The main objectives are:
· Develop and analyse the customer churn dataset into predictive models using LR and SVM,
· Tuning hyperparameters to optimise model performance, and
· Analyse and compare the performance of the models for the most effective customer churn predictions. 
To achieve these objectives several tasks will need to be undertaken. The main tasks include:
· Data exploration and preprocessing,
· Develop LR and SVM models,
· Explore metrics such as accuracy, precision, recall, F1 score, and AUC-ROC to evaluate the performance of the models,
· To enhance hyperparameter tuning for model performance, and
· Understand and analyse the impact of model tuning.
The aim to identify the most effective way for predicting customer churn, this study will systematically develop and evaluate these models to provide insight into strategies for customer retention.
2. [bookmark: _Toc184903618]Research
[bookmark: _Toc184903619]2.1 Artificial Intelligence Background
Since the early ages of computers there has been some form of artificial intelligence (AI). Alan Turing created the Turing machine in the 1930’s/40’s to solve mathematical equations on a computational basis. This has led to a huge growth of AI and machine learning techniques that are starting to become commercialised and used in real life scenarios. Key organizations and conferences, such as AAAI and IJCAI, were established to support AI research and development [1].
Ai can be categorised into two categories, supervised and unsupervised learning.
Examples of supervised learning include:
· Classification – email spam detection, image recognition, sentiment analysis,
· Regression – predicting house prices, weather predictions,
· Time Series Forecasting – predicting sale volumes, electricity demand,
· Natural Language Processing – classifying text, translating languages
For supervised learning a model is trained on a labelled dataset, this enables the training example to be paired with an output label. The goal of a supervised model is to map outputs from inputs that can be used to predict labels of new, unseen data. Supervised learning is a rules-based model structure that reduces errors in predictions [2].
Machine learning is a big factor of supervised learning, it involves detecting patterns and forecasting data. This is based on using a training dataset to train a model to predict output values for test datasets. Machine learning techniques have been rooted with statistical practices. Many AI systems use machine learning for decision making in everyday life such as predicting weather to security systems for electric vehicles [3] [4].
Unlike supervised learning, where models are trained on labelled data, unsupervised learning is based on data that is unlabelled. The algorithm in an unsupervised model will try to learn patterns from data without instructions of what to predict. Clustering is a big part of unsupervised learning; some examples of clustering are:
· K-Means Clustering – Data is divided into clusters based on the nearest mean point,
· Hierarchical Clustering – builds a tree of clusters,
· Density-Based Spatial Clustering of Applications with Noise (DBSCAN) – whilst grouping data it marks outliers in low density regions
Unsupervised learning use cases form from data with unknown probability distribution to generate data samples that match observed statistics. This allows for modelling complex datasets without explicit labels [5].
3. [bookmark: _Toc184903620]Practical Element
To create Machine Learning models there are several steps that need to be considered. The flow diagram below outlines the high-level flow on the scripted programme to apply logistic regression and support vector machine ML techniques to the Telco customer churn dataset. Each aspect will be discussed and used to create the models.
[image: A diagram of a company
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[bookmark: _Toc184903639]Figure 1 - Script Flow Diagram

[bookmark: _Toc184903621]3.1 Data Exploration
To enable effective modelling, it is important to understand the dataset. 
This snippet also drops the ‘customerID’ field. This field does not hold any relevant information that the models can use, only an identifier for the customer within the dataset. This field can be removed from the dataset.
[image: A screenshot of a computer program
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[bookmark: _Toc184903640]Figure 2 - Data Exploration
The output from df.describe().T gives a brief statistical summary of the numeric fields within the dataset.
[image: A screenshot of a computer
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[bookmark: _Toc184903622]3.2 Pre-Processing Data
The dataset needs to be pre-processed and cleaned up to ensure the data is appropriate for the model training. When looking at the datatypes from the dataset it has been noticed that one of the fields does not contain the correct data type.
[image: A screenshot of a computer
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[bookmark: _Toc184903641]Figure 3 - Dataframe Structure
The ‘TotalCharges’ column has the datatype of ‘object’. This datatype is usually reserved for columns with mixed data types. In this case this column should be a numerical value – such as ‘float64’ or ‘int64’. 
The code snippet below details the changing on the datatype for this field to a numeric datatype. The ‘coerce’ feature forces any values that are not a number to display ‘NaN’.
[image: A computer screen with colorful text
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[bookmark: _Toc184903642]Figure 4 - Pre-Processing
The isnull().sum() function summarises the data to show any null values. It was noted that these data rows were customers who have recently signed up for the services indicated by their value of zero in the tenure column. These records can be removed as they will provide no insight for the data models.

[image: A screen shot of a computer
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Description automatically generated][bookmark: _Toc184903643]Figure 5 - Monthly Charges without null values
[bookmark: _Toc184903644]Figure 6 - Monthly Charges with null values

The figures above show a before and after of the ‘TotalCharges’ column where the records have been removed.
[bookmark: _Toc184903623]3.2.1 Data Analysis
To understand the data further some data analysis can be performed on the dataset.
The below snippet creates a bar graph to show how churn is represented by gender.
[image: A screen shot of a computer code
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[bookmark: _Toc184903645]Figure 7 - Data Analysis - Gender Script
[image: A chart with blue and orange squares
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[bookmark: _Toc184903646]Figure 8 - Data Analysis - Gender Visual
The visual shows that there are no discerning differences between the churn rate and gender. This suggests that the gender of the customer is not affected whether they will stay with the company or not.
The next code snippet builds a visual to show the churn rate depending on the contract type of the customer.
[image: A screen shot of a computer code
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[bookmark: _Toc184903647]Figure 9 - Data Analysis - Contract Type Script
[image: A chart with blue and orange squares

Description automatically generated]
[bookmark: _Toc184903648]Figure 10  - Data Analysis - Contract Type Visual
The visual suggest that customers on a Month-to-Month contract show a higher rate of churn than those customers on a two-year contract.
To analyse the churn rate of customers against their monthly charges the following two code snippets shows the distribution of all monthly charges and monthly charges of customers who churn.
[image: A black screen with colorful text
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[bookmark: _Toc184903649]Figure 11 - Data Analysis - Monthly Charges Script 1
[image: A screen shot of a computer program
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[bookmark: _Toc184903650]Figure 12 - Data Analysis - Monthly Charges Script 2
[image: A graph of a distribution of charge
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[bookmark: _Toc184903651]Figure 13 - Data Analysis - Monthly Charges Visual 1
[image: A graph of a number of red bars

Description automatically generated with medium confidence]
[bookmark: _Toc184903652]Figure 14  - Data Analysis - Monthly Charges Visual 2
With the distribution visuals above and comparing the two shows the spread of distribution of monthly charges is highly favoured to low-cost services. Whereas the distribution for customers who churn show a high monthly cost distribution suggesting that the monthly charges could be a leading factor in a customer leaving.
[bookmark: _Toc184903624]3.2.1.1 Encoding
For ML models such as Linear Regression and Support Vector Machine encoding is an important aspect of data cleansing. The models need to use binary column values to use in the algorithms. Certain columns need different types of encoding and only applies to columns that have categorical values. For the columns that cannot be converted into binary values i.e. columns that contain more than two distinct values one-hot encoding is used [6].
[image: A screen shot of a computer code
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[bookmark: _Toc184903653]Figure 15 - Encoding - One-Hot encoding
For the code snippet above, and using the contract field as an example, will create 3 additional columns – Contract – Month-to-Month, One Year, Two Year. The encoding will create binary values in each column based on the value in the source data.
For all other categorical columns, the code below uses a label encoder to transform the remained columns into binary values. 
[image: A screenshot of a computer program
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[bookmark: _Toc184903654]Figure 16 – Encoding
The two datasets from these coding techniques are the concatenated together to create a new data frame for the models to use.
[bookmark: _Toc184903625]3.2.1.2 Outliers
Outliers often skew data analysis and can cause incorrect outputs. Handling outliers can vary depending on the context. A statistical method of identifying outliers is using a z-score. A z-score is the measurement of how many standard deviations a value is from the mean. Generally, a +3 or -3 z-score is seen as on outlier [7].
[image: A screen shot of a computer program
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[bookmark: _Toc184903655]Figure 17 - Z-Score
The code snippet looks at the numerical columns, apart from SeniorCitizen column, and applies the z-score function. The results below show that no values are 3 standard deviations away.
[image: A screenshot of a computer screen
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[bookmark: _Toc184903656]Figure 18 - Z-Score Results
If there was to be outliers within the data, there are a few options available to rectify. Outliers could be replaced with statistical values such as averages – mean or median. 
[bookmark: _Toc184903626]3.2.1.3 Chi-Square Test
A Chi-Square test is used to assess whether two categorical values are related or independent [8]. To show if there is any association between the categorical columns in the data set a Chi-Square test will be performed.
[image: A screen shot of a computer program
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[bookmark: _Toc184903657]Figure 19 - Chi-Square Test Script
[image: A screenshot of a computer
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[bookmark: _Toc184903658]Figure 20 - Chi-Square Test Results
The results show the p-value as below the threshold on 0.05. This shows that there is a significant association between churn and all the categorical columns listed.
[bookmark: _Toc184903627]3.2.1.4 Variance Inflation Factor
When values are highly correlated it could impact the performance of a model known as multicollinearity. By measuring the Variance Inflation Factor (VIF) a correlation can be calculated. VIF quantifies how much the variance of a regression coefficient is inflated due to multicollinearity.

[image: A computer screen shot of text
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[bookmark: _Toc184903659]Figure 21 - VIF Script
The script above will look for correlation between the Churn column and the other categorical columns. The results below show some correlation between the columns. 
[image: A computer screen with white text
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[bookmark: _Toc184903660]Figure 22 – Correlation
The output from the VIF function shows the VIF levels of each column.
Usually, a VIF score of 1 means no multicollinearity, between 1 and 5 is moderate multicollinearity, and above 5 is high multicollinearity. [9]
[image: A screen shot of a computer code
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[bookmark: _Toc184903661]Figure 23 - VIF Results
[bookmark: _Toc184903628]3.3 Data Modelling
[bookmark: _Toc184903629]3.3.1 Train and Test subsets
The code snippet below splits the dataset into a train and test subsets. By using the test_size parameter the split of the data can be determined. Initially this will be set to 0.25 – indicating that the data will be split 75% train and 25% test.
[image: A screen shot of a computer program
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[bookmark: _Toc184903662]Figure 24 - Train/Test subsets
[bookmark: _Toc184903630]3.3.2 Logistic Regression (LR)
The Logistic Regression function is used to predict our values based on the training set. The code snippet below passes these values to a confusion matrix to visualise the predicted model.
[image: A black rectangular object with white text
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[bookmark: _Toc184903663]Figure 25 - LR Model
The two confusion matrices below show the insights into how the model is performing.
The layout of the confusion matrix is as follows:
	
	Predicted Positive
	Predicted Negative

	Actual Positive
	True Positive (TN)
	False Negative (FN)

	Actual Negative
	False Positive (FP)
	True Negative (TN)



[image: A screenshot of a graph
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[bookmark: _Toc184903664]Figure 26 - LR Confusion Matrix – Train
The LR model, using the training subset, correctly identified 3470 customers as No churn, however it falsely predicted 400 customers as no churn when they did in fact churn.
The model correctly identified 609 customers as churning, but incorrectly identified 795 customers as churning when they did not.
[image: A screenshot of a computer screen
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[bookmark: _Toc184903665]Figure 27  - LR Confusion Matrix – Test
On the test subset 1161 where true positive and 132 as false negative. It predicted 224 as false positive and 241 as true negative.
Analysing the performance, it can be suggested that the accuracy of it predicting a customer not to churn is better than the accuracy of a customer that churn.
Precision is the percentage of true positives.
Recall shows out of all the actual positive instances, how many were correctly predicted as positive.
F1-Score is to mean of Precision and Recall.
[image: A screenshot of a computer screen
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[bookmark: _Toc184903666]Figure 28 - LR Classification Report – Train
The classification shows an accuracy of 81%. It also indicates as stated above that the model is better performing when predicting no churn compared to churn.
[image: A screenshot of a computer screen
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[bookmark: _Toc184903667]Figure 29 - LR Classification Report – Test 1
The test subset shows a slightly less accuracy level by 1 point.
[image: A screenshot of a computer screen
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[bookmark: _Toc184903668]Figure 30 - LR Classification Report - Test 2
By changing the train/test data split from 75/25 to 70/30 the classification report increases to 81% accuracy.
It would suggest that a 70/30 is more appropriate.
[bookmark: _Toc184903631]3.3.3 Support Vector Machine (SVM)
In the same way as the LR model, the SVM model is constructed in the same way. Different types of SVM kernels can be applied to model. The performance can be analysed to determine which kernel to use.
[image: A black rectangular object with white text
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[bookmark: _Toc184903669]Figure 31 - SVM Script
[image: A screenshot of a graph

Description automatically generated]
[bookmark: _Toc184903670]Figure 32 - SVM - Confusion Matrix – Train
	
	Predicted Positive
	Predicted Negative

	Actual Positive
	True Positive (TN) = 3469
	False Negative (FN) = 401

	Actual Negative
	False Positive (FP) = 618
	True Negative (TN) = 786



[image: A screenshot of a computer
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[bookmark: _Toc184903671]Figure 33 - SVM Classification Report - Train
[image: A screenshot of a graph
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[bookmark: _Toc184903672]Figure 34 - SVM - Confusion Matrix – Test
	
	Predicted Positive
	Predicted Negative

	Actual Positive
	True Positive (TN) = 1154
	False Negative (FN) = 139

	Actual Negative
	False Positive (FP) = 234
	True Negative (TN)= 231



[image: A screenshot of a computer screen
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[bookmark: _Toc184903673]Figure 35 - SVM Classification Report – Test 1
The SVM model shows similar accuracy on the training dataset, but less accuracy on the test subset.
[image: A screenshot of a computer screen
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[bookmark: _Toc184903674]Figure 36 - SVM Classification Report - Test 2
Again, as with the LR model the accuracy has increased when changing the train test split to 70/30.
[bookmark: _Toc184903632]3.3.4 Hyperparameters
There are many techniques that can be used the tune ML models, and in this instance the use of a parameter grid will be used to determine the best parameters to use for the models. By tuning models, it can help with overfitting and underfitting. This is where there are imbalances between the training and testing datasets [10].
[bookmark: _Toc184903633]3.3.4.1 Hyperparameter Performance and Model Performance
The code snippet below uses an array of parameters in a grid to iterate through the model to decide which parameters allow the model to perform the best. 
[image: A screen shot of a computer
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[bookmark: _Toc184903675]Figure 37 - LR Hyperparameter Tuning
It is suggested that the best parameters for the LR model is {'C': 10, 'penalty': 'l1', 'solver': 'saga'}. Relating the results of the accuracy to the original accuracy results it is shown that there is no improvement, suggesting that the model is already optimised to the best of its capabilities.
[image: A screenshot of a computer screen
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[bookmark: _Toc184903676]Figure 38 - LR Hyperparameter Tuning
Again, as with the LR model, the SVM model uses a grid parameter approach.
[image: A screen shot of a computer program
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[bookmark: _Toc184903677]Figure 39 - SVM Hyperparameter Tuning
The ideal parameters for the SVM model are {'C': 10, 'gamma': 'scale', 'kernel': 'linear'}. There was no reflection in the accuracy for the model, again, suggesting that the model is optimised to its capabilities.

[image: A screenshot of a computer screen
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[bookmark: _Toc184903678]Figure 40 - SVM Hyperparameter Tuning Results
[bookmark: _Toc184903634]3.3.5 AUC-ROC
The AUC-ROC curve is used to establish the performance of a model. For classification models such as LR, the AUC-ROC function gives a score to assess how well the model is at predicting binary values. The high the score the more accurate the model [11].
[image: A screen shot of a computer program
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[bookmark: _Toc184903679]Figure 41 - AUC-ROC Script
[image: A graph of a line
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[bookmark: _Toc184903680]Figure 42 - AUC-ROC Results
An AUC-ROC score of 1 will indicate that the model is perfect at predicting outputs. A model with a score of less than 0.5 is classed as worse performing than random guesses. The results from this model suggest that the model is good with a good discriminatory ability.
[bookmark: _Toc184903635]3.4 Insights and Recommendations
A model achieving 80-81% accuracy, as shown above with the LR and SVM models, is relatively reliable for predicting customer churn, there is always room to make a model more accurate. The models are reliable at predicting ‘no churn’ but fall short when predicting churn. This could be down to the class balances and the distribution of the churn and no churn customers. The models can predict no churn more efficiently suggesting that there is more data in this cohort for the models to train on.
By comparing both LR and SVM models, they both perform very similar, but the LR model has a slightly better accuracy and would be considered over the SVM model.

[bookmark: _Toc184903636]Conclusion
With an accuracy level of 81% the Logistic Regression model is commendable. Beyond accuracy it is important to consider additional metrics like precision, recall, F1 score, and AUC-ROC to get a comprehensive understanding of the model's performance, especially in the context of imbalanced datasets.
Hyperparameter tuning plays a critical role in model optimisation and ensures robustness. By using GridSearchCV can help in identifying the best parameters enhancing the model’s predictive power.
Understanding the dataset and the features within also provides valuable insight to development predictive models. By use-case examples, such as customer churn, allows organisations to proactively address the needs of their clientele.
Overall, while the current model shows strong performance, there is always room for further improvements through advanced feature engineering, experimenting with other algorithms, and continuous monitoring and updating of the model.
[bookmark: _Toc184903637]Personal Reflection
Reflecting on the assignment I have gauged a good understanding of not only how machine learning models work, but how to implement them in my working life. For example, ML models can have s huge benefit to the healthcare industry, namely the NHS. Examples where ML can be implemented for the NHS include predicting the Length of Stay for a patient, predicting the volume of admissions and predicting whether a person will be admitted to hospital.
All these examples can pave the way for success in my work and benefiting the organisation I work for.
Link to Recording
https://1drv.ms/v/c/45a55e6fdc2111b7/ETs45VRWadVKjI5R7dR-mCQBoDpcF8pPb84e5IaQGgWdaA?e=fa3bz6
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# Declare variable for filename
FileName = 'Telco-Customer-Churn.csv'

# Use pandas library to read csv file
df = pd.read_csv(FileName)

# Display the top 5 rows of the dataset (.head() function defaults to 5 rows - to increase row count use .head(n))
df.head()

# Display last 5 rows

df.tail()

# Using .info() to give a brief summary of the dataset

df.info()

# Using the .describe() function to display the statistical summary from the dataframe
# - only applies to the column that are classed as int64

# - 'T' transposes the data into a more readable format

df.describe().T

# Customer ID field is not needed for the analysis and this can be dropped from the dataframe
f = df.drop('customerID', axis=1)

# Display the columns from the dataframe
print(df.columns)

Python
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# Convert 'TotalCharges' column to numberic values
# Any values that cannot be converted will be converted to NaN (Not a Number) using error='coerce'
df['TotalCharges'] = pd.to_numeric(df['TotalCharges'], errors='coerce')

# Summarise the df to show null values in columns
df.isnull().sum()

# 'TotalCharges' shows 11 null values
# Display the rows where 'TotalCharges' is NaN
df[np.isnan(df['TotalCharges'])]

# Drop rows where tenure is eaqual to ©
df.drop(labels=df[df[ 'tenure'] == ©].index, axis=0, inplace=True)

Python
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# Create a new dataframe for churn counts by gender
churn_by_gender = df.groupby(['gender', 'Churn']).size().unstack()

# Calculate the proportion of churn by gender
churn_proportion = churn_by_gender.div(churn_by_gender.sum(axis=1), axis=0)

# Plot the proportions

churn_proportion.plot(kind="bar', stacked=True, color=['#1f77b4', '#ff7fee'], figsize=(1e, 6))

plt.title('Proportion of Customer Churn by Gender')
plt.xlabel('Gender')

plt.ylabel('Proportion')

plt.legend(['No Churn', 'Churn'], title='Churn')
plt.xticks(rotation=0)

plt.show()
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# Create a new dataframe for churn counts by contract type
churn_by_contract = df.groupby(['Contract’, 'Churn']).size().unstack()

# Calculate the proportion of churn by contract type
churn_proportion = churn_by_contract.div(churn_by_contract.sum(axis=1), axis=0)

# Plot the proportions

churn_proportion.plot(kind="bar', stacked=True, color=['#1f77b4', '#ff7fee'], figsize=(1e, 6))
plt.title('Proportion of Customer Churn by Contract Type')

plt.xlabel('Contract Type')

plt.ylabel('Proportion')

plt.legend(['No Churn', 'Churn'], title='Churn')

plt.xticks(rotation=0)

plt.show()
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# Plot the distribution of MonthlyCharges using a histogram
plt.figure(figsize=(10, 6))

plt.hist(df[ 'MonthlyCharges'], bins=3@, color='skyblue', edgecolor='black')
plt.title('Distribution of Monthly Charges')

plt.xlabel('Monthly Charges ($)')

plt.ylabel('Frequency"')

plt.grid(True)

plt.show()

Vv 01s Python




image13.png
# Filter the dataframe for customers who have churned
churned_customers = df[df['Churn'] == 'Yes']

# Plot the distribution of MonthlyCharges for customers who have churned using a histogram
plt.figure(figsize=(10, 6))

plt.hist(churned_customers['MonthlyCharges'], bins=3@, color='red', edgecolor='black')
plt.title('Distribution of Monthly Charges for Customers Who Churned')
plt.xlabel('Monthly Charges ($)')

plt.ylabel('Frequency"')

plt.grid(True)

plt.show()
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# Define the columns to encode
columns = ['Contract', 'MultiplelLines', 'InternetService', 'PaymentMethod']

# Initiate the OneHotEncoder with specified parameters - drop if_binary to avoid multicollinearity
encoder = OneHotEncoder(sparse_output=False, drop='if binary')

# Fit and transform the data
CatDF = encoder.fit_transform(df[columns])

EncodedCatColumns = encoder.get_feature_names_out(columns)

# Create dataframe of categorical columns encoded
CategoricalEncodedColumns = pd.DataFrame(CatDF, columns=EncodedCatColumns, index=df.index)

print(CategoricalEncodedColumns)
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# Function to encode columns that have datatype of object
def ConvertObjectToBinary(data):
if data.dtype=='object':
data = LabelEncoder().fit_transform(data)
return data

# Apply function to dataframe
NumericalEncodedDF = df.apply(lambda x: ConvertObjectToBinary(x))

# Join categorical and numerical encoded columns into one dataframe

dfEncoded = pd.concat([CategoricalEncodedColumns, NumericalEncodedDF], axis=1)

print(dfEncoded)
v 00s
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# Define numerical columns

numericalColumns = df.select_dtypes(include=["'number']).columns
# Drop 'SeniorCitizen'

numericalColumns = numericalColumns.drop('SeniorCitizen')

# Calculate Z-scores
z_scores = df[numericalColumns].apply(zscore).abs()

# Calcluate Z-scores that are +/- 3
outliers = (z_scores > 3).any(axis=1)

# Show any outliers present within the data
if outliers.any():

print(outliers.sum())
(EH

print('No Outliers')
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# Function to return the values from the chi suqared test

def chiSquareTest(CategoryOne,CategoryTwo):
contingency_table = pd.crosstab(CategoryOne,CategoryTwo)
chi2, p, dof, expected = chi2_contingency(contingency_table)
return chi2,dof,p

# Dataframe for the results to be inserted into
chisquareTestResults = pd.DataFrame(columns=["'Column’,'ChiSquare Stat', 'Degrees of Freedom','p-value','Association'])

# Loop through columns of interest and send churn and column to function
for column in ['Contract', 'MultiplelLines', 'InternetService', 'PaymentMethod']:
chi2,dof,p = chiSquareTest(df['Churn'], df[column])
# Test the P-Value for confidence level
if p < @.05:
association = f'significant association between churn and {column}'

else:
association = f'no significant association between churn and {column}"
# Create row showing results of the test for each column
chisquare = pd.DataFrame([{'Column': column,
'Chisquare Stat': f'{chi2:.2f}',
'Degrees of Freedom': f'{dof}',
‘p-value': f'{p:.4f}",
'Association':association}])
# Add row to dataframe
chisquareTestResults = pd.concat([chiSquareTestResults,chiSquare])

# Print the results
print(chiSquareTestResults)
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# Find categorical columns to use for VIF analysis
print(dfEncoded.corr()['Churn’].sort_values(ascending = False))

# Defining the columns from the correlation
predictors = dfEncoded[['Contract_Month-to-month', 'InternetService_Fiber optic', 'Multiplelines_Yes',
'PaymentMethod_Electronic check', 'MonthlyCharges', 'PaperlessBilling']]

# Add constant for VIF calculation
X = add_constant(predictors)

# Calculate VIF for each variable

vif_data = pd.DataFrame()

vif_data['Feature'] = X.columns

vif_data['VIF'] = [variance_inflation_factor(X.values, i) for i in range(X.shape[1])]
print(vif_data)
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def metrics_score(actual, predicted):
cm = confusion_matrix(actual,predicted)
plt.figure(figsize=(8,5))
sns.heatmap(cm,annot=True,fmt=".2f",xticklabels=['No Churn','Churn'],yticklabels=['No Churn','Churn'])
plt.ylabel('Actual')
plt.xlabel('Predicted"')
plt.show()

numerical_columns = ['tenure', 'MonthlyCharges', 'TotalCharges']
sc = StandardScaler()
dfEncoded[numerical_columns] = sc.fit_transform(dfEncoded[numerical_columns])

X
y

dfEncoded.drop(columns = ['Churn'])
dfEncoded[ 'Churn'].values

X_train, X_test, y_train, y_test = train_test_split(X,y, test_size=0.25, random_state=45)

X_train_scaled
X_train_scaled

sc.fit_transform(X_train)
pd.DataFrame(X_train_scaled,columns = X.columns)

X_test_scaled
X_test_scaled

sc.transform(X_test)
pd.DataFrame(X_test_scaled,columns = X.columns)
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1g = LogisticRegression()
1g.fit(X_train_scaled,y_train)
YPredTrainlG = lg.predict(X_train_scaled)
YPredTestLG = lg.predict(X_test_scaled)

metrics_score(y_train,YPredTrainlG)
metrics_score(y_test,YPredTestLG)
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kernel = ['linear', 'poly', 'rbf', 'sigmoid']

clf=sVC(kernel="linear"')
clf.fit(X_train_scaled,y_train)
YPredTrainSVC = clf.predict(X_train_scaled)
YPredTestSVC = clf.predict(X_test_scaled)

metrics_score(y_train,YPredTrainSVC)
metrics_score(y_test,YPredTestSVC)
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param_grid = {
'c': [e.e1, @.1, 1, 10, 1ee],
‘penalty': ['11', '12', 'elasticnet', 'none'],
'solver': ['newton-cg', 'lbfgs', 'liblinear', 'sag', 'saga']

grid_search = GridSearchCV(estimator=1lg, param_grid=param_grid, cv=5, scoring='accuracy"')
grid_search.fit(X_train_scaled, y_train)

best_params = grid_search.best_params_
best_model = grid_search.best_estimator_

print(“"Best Hyperparameters:", best_params)
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Best Hyperparameters: {'C': 10, 'penalty': 'l1', 'solver': 'saga'}
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# Define the model
sve_model = SVC()

# Define the hyperparameters to tune

param_grid = {
'c': [e.1, 1, 1e],
'kernel': ['linear', 'poly', 'rbf', 'sigmoid'],
‘gamma': ['scale', 'auto']

# Use GridSearchCV for hyperparameter tuning
grid_search_svc = GridSearchCV(estimator=svc_model, param_grid=param_grid, cv=5, scoring='accuracy')
grid_search_svc.fit(X_train_scaled,y_train)

# Print the best parameters and the best score
print(“"Best Hyperparameters:", grid_search_svc.best_params_)
print(“"Best Score:", grid_search_svc.best_score_)

# Evaluate the tuned model on the test set

best_svc_model = grid_search_svc.best_estimator_

y_pred_svc = best_svc_model.predict(X_test_scaled)

print(“Classification Report:\n", classification_report(y_test, y_pred_svc))
metrics_score(y_test, y_pred_svc)

v 1m114s Python

Best Hyperparameters: {'C': 10, 'gamma': 'scale', 'kernel': 'linear'}
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# Predict probabilities for the positive class
y_pred_prob = lg.predict_proba(X_test_scaled)[:, 1]

# Calculate the AUC-ROC score
auc_score = roc_auc_score(y_test, y_pred_prob)
print(f"AUC-ROC Score: {auc_score:.2f}")

# Calculate the ROC curve
fpr, tpr, thresholds = roc_curve(y_test, y_pred_prob)

# Plot the ROC curve

plt.figure(figsize=(8, 6))

plt.plot(fpr, tpr, label=f'AUC = {auc_score:.2f}")
plt.plot([e, 1], [©, 1], 'k--') # Diagonal line
plt.xlabel('False Positive Rate')

plt.ylabel('True Positive Rate')

plt.title('Receiver Operating Characteristic (ROC) Curve')
plt.legend(loc="lower right')

plt.show()
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