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[bookmark: _Toc184732133]Abstract

In an ever-evolving technological world, artificial intelligence is becoming more prominent in all aspects of life, from changing traffic lights and adapting to traffic flow in many directions to creating automation to simplify mundane or repetitive processes in an organisation. AI are machines that perform similar functions to humans for learning and problem solving, to which organisations can perform automation of routine tasks, with advances in power, data and learning techniques performing more crucial tasks and decision-making. However, while AI can have many benefits within everyday life, there are also ethical issues regarding privacy invasion, becoming a continuous cause of concern for individuals and organisations.

Machine learning is a way of instructing computers what to do and how to do it via training to perform actions by developing models for computers to learn and make predictions It has been used for many different applications like customer churning and analysing infectious diseases. However, like artificial intelligence, there are major privacy concerns in the event of an attack. While machine learning can be used for privacy protection, each model requires different schemes and metrics to ensure this can occur.

This report focuses on the creation, evaluation and analysis of logistic regression and support vector machine-supervised learning models to predict customer churn, optimising both model performances via hyperparameter tuning and comparing both models to recommend the most effective. The report concludes by analysing the results and what they mean, recommendations on model preference and why, and future research that could be performed to improve predicted outcomes for customer churn.
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In an ever-evolving technological world, artificial intelligence (AI) is prominent in all aspects of life, from traffic lights changing and adapting to traffic flow, to automation simplifying mundane or repetitive processes. AI are considered machines performing similar human functions for learning and problem-solving, with advances in power, data and learning techniques performing more crucial tasks and decision-making, like in Pfizer’s drug and development processes [1]. However, while AI has many benefits, there are also ethical issues regarding privacy invasion, like one involving a sex worker having their real name shown to real clients on Facebook via the ‘People You May Know’ function, and another illustrating how Alexa devices recorded a private conversation and sending it randomly, despite Amazon’s claims of respecting privacy [2].

Machine Learning (ML) instructs computers what to do and how via training to perform actions by developing models to learn and provide predictions. [3], [4]. ML has been used for different applications, like analysing X-ray and CT scans to detect COVID-19 cases [3], and analysing soil data, how soil has been distributed and improving the understanding of soil variation causes [5]. However, like AI, there are privacy concerns in the event of attacks, with Liu et al [4] proposing that ML could provide privacy protection, though each model requires different protection schemes, with no unified privacy metric.

This report focuses on creating, evaluating and analysing two ML models to predict customer churn using the Telco Customer Churn dataset [6], optimising their performances via hyperparameter tuning and comparing them to provide recommendations for customer churn predictions. The report concludes by analysing results, what they mean, recommendations on model preference and future research to improve customer churn predicted outcomes.
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Customer churn is customers leaving organisations and potentially joining competitors, with a study indicating that telecommunications sectors have annual churn rates between 20% to 40%, customer retention is 5 to 10 times cheaper than customer acquisition, and profits increase from 25% to 85% with 5% churn rate reduction [7]. Another study highlighted quality of service as a churn cause in a Korean mobile phone provider, with price, voice quality and network coverage the main factors, with dissatisfaction and demographics having major effects [8]. This highlights how critical churn is and why retention is better than acquisition, especially as churn has negative impacts on reputation.

As a result, organisations increasingly use customer churn prediction (CCP) models, as they are used as early warnings for identifying potential churn, as churn reasons provide knowledgeable insights and detections, supporting decision-making on engaging with at-risk customers or not [9]. Many studies explore different CCP techniques, including ML methods classifying and predicting churn, with ‘decision trees’ (supervised ML modelling relationships between independent and dependent variables, predicting future outcomes [10]) being most common [7]. However, they do not classify coverage rates and struggle with linear relationships [7]. It is difficult to predict and analyse churn manually due to time consumption and overwhelming volume of data [11].

Vafeiadis, Diamantaras, Sarigiannidis and Chatzisavvas [12] highlighted five established ML techniques for churn.

1. Artificial Neural Networks (ANN) – Addresses complex churn predictions to achieve better outcomes than others.
2. Support Vector Machines (SVM) – Analyses data and recognise classification and regression patterns, outperforming other data types and transformation-dependent.
3. Decision Trees (DT) – Provides classification rules for specific datasets, with high accuracy for churn predictions if data suits its structure, though not performing well on complex and non-linear attribute relationships.
4. Naïve Bayes (NB) – Probabilistic classifiers and an independent feature model, whereby presence or absence of one feature would not affect others, achieving satisfactory results on churn predictions.
5. Logistical Regression (LR) – Estimates relationships between independent and dependent variables, transforming data with decent performance, performing as well as DT.
However, not all churn is negative. According to [13], positive churn occurs when customers achieve needs of services, being satisfied and service obsolete. Five examples are as follows.

1. Online dating – Finding and spending time with potential partners.
2. Employment services – Finding employment with potential employers.
3. Weight-loss clinic – Losing weight with weight-loss experts.
4. Healthcare – Being cured via healthcare experts.
5. University – Getting a degree via lecturers.
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While different ML models perform CCP, this report focuses on LR and SVM.

LR is a supervised ML that focuses on relationships between variables and probability of responses [14], and though providing good insights and analysis for interpretation, they struggle with complex predictions, providing limited accuracy [15]. However, as evidenced in [16], LR remains the standard in credit scoring sectors due to simplicity data interpretation in estimating regulatory scores and default probability, with other models unable to explain credit approval processes to customers and regulators. 

LR is the first choice for researchers when different statistical and AI techniques are used for landslide predictions, allowing for discrete variables or combination types without normal distributed, using a maximum likelihood function to estimate event probabilities [17]. A study by Chen et al [18] highlighted LR remaining an attractive model due to simple structures and good interpretability, for landslide susceptibility, though comparisons against DT and random forests (RF), showed lower (but comparable) scores, with the LR performing worse in landslide susceptibility mapping. 

AWS [19] noted that with LR as a regression analysis technique, there are four areas to understand its workings.

1. Question identification – Questions must provide specific outcomes, like ‘Do we play football if it is sunny?’
2. Historical collection – Required data must be identified and past data collected. For example, how many sunny days and playing football or not for the previous month.
3. Model training – Historical data is processed and different data points connected by mathematical equations.
4. Predicting unknown values – Software uses equations for predictions.

SVM are another supervised ML used for classification and regression analysis, working best for classification problems, high dimensions spaces or having more dimensions than samples, while being string binary classifiers, creating boundaries to categorise points and split by those boundaries [20]. This was evident in stock market predictions, whereby SVM was compared with other models like K Nearest Neighbour (KNN) and Multiple Linear Regression (MLR), with SVM performing well in conjunction or outperforming others [20].

Chanda and Somala [21] used SVM to estimate earthquake magnitudes and locations with one single component of seismic records, confirming 100% accuracy for earthquake magnitude estimation, and elevation angles and hypocentral distance estimations, showing good performance when noise is added, with an advantage noted that SVM can be used by non-experts in the field, as it could predict magnitudes and locations anywhere.

A study by Eke et al [22] detected Alzheimer’s disease in blood plasma proteins using SVM, as they create multivariate models to learn from complex data. Using different blood protein combinations, accuracy and scores ranged from higher than 70% to above 80%, confirming that at the dementia stage, it performed as well as the best models from other studies, suggesting that early detection could be possible to provide support at the earliest stages, benefitting anyone with early intervention.

SVM’s perform classifications by finding high-margin hyperplanes for subsets of input data between classes (the support vector) though if data cannot be separated linearly, it is mapped to high dimensional feature spaces and classified by hyperplanes with fewer training data [23].

When deciding between SVM and LR, there are areas to consider.

1. LR struggles with complex data that cannot be separated linearly, while SVM uses kernels to classify non-linear data [24]
2. SVM performs better in high-dimensional spaces, with LR struggling in high-dimensional spaces when feature numbers are larger than sample numbers [24]
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The following code implements models and confirms churn reasons, with Microsoft Copilot [25] assistance in code creation and understanding.

[bookmark: _Toc184732138]Importing the Required Files, Scales, Algorithms, Metrics and Warnings

The first set of codes imported all required files, datasets, sklearn areas and warnings.

[image: A screenshot of a computer
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[bookmark: _Toc184732150]Fig. 1 Importing Required Sets

The code breakdown is:

· Importing ‘pandas’ (data analysis and manipulation), ‘numpy’ (numeric operations), ‘matplotlib.pyplot’ (data visualisations), and ‘seaborn’ (statistical graphs)
· Importing ‘StandardScaler’ (data standardisation), train_test_split (splitting into train and test datasets), and GridSearchCV (hyperparameter tuning)
· Importing required models
· Importing metrics like ‘confusion matrix’ (evaluating classification accuracy), classification report (showing main classifications), precision-recall curve (providing different probability thresholds), recall (provides recall score), AUC-ROC (provides score from predictions), accuracy (provides accuracy), precision (provides precision) and F1 scores (the mean of precision and recall)
· Importing ‘warnings’ (minimises warnings)
· Importing dataset into the panda dataframe
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The second set of codes provides dataset overviews, understanding the data and checking successful uploaded into the dataframe. 

The below code shows the first five rows, confirming successful and correct upload.

[image: A screenshot of a computer
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[bookmark: _Toc184732151]Fig. 2 First Rows Check

The below code shows the last five rows, confirming successful and correct upload of all data (7043 rows and 33 columns).

[image: A screenshot of a computer
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[bookmark: _Toc184732152]Fig. 3 Last Rows Check
The below code shows a summarised statistical overview.

[image: A screenshot of a computer
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[bookmark: _Toc184732153]Fig. 4 Summary Statistics Overview

This describes the following.

· Count – Number of completed entries to find any missing values.
· Mean – Average of each column for central tendency of data.
· Standard deviation – Measures value spread to show mean difference.
· Minimum – Smallest value to view lowest amount.
· 25% - Lowest percentile to understand lowest amounts
· 50%/Median – Middle value where outliers do not affect data
· 75% - Highest percentile to understand highest amounts
· Maximum – Largest value to view highest amounts.










The below code shows data types and any missing values.

[image: A screenshot of a computer
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[bookmark: _Toc184732154]Fig. 5 Data Types and Missing Values Check

This describes the following.

· The unique identifier from 0 to 7042
· Each dataset column
· Number of cell entries not null
· The column datatype, like ‘object’ (categorical data), ‘int64’ (whole numbers) and ‘float64’ (decimal numbers)

‘Churn Reason’ only had 1869 values, meaning remaining values needed to be populated rows dropped, depending on model requirements.


The below code shows any unique values.

[image: A screenshot of a computer
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[bookmark: _Toc184732155]Fig. 6 Unique Dataset Values

‘Count’, ‘Country’ and ‘State’ have one unique value, meaning the columns can be dropped as the data is redundant.





[bookmark: _Toc184732140]Cleansing the Dataset

The third set of codes providing data cleansing for improved model accuracy, removing columns with one or unique values, adding values to empty cells and changing values and variables.

[image: A screenshot of a computer
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[bookmark: _Toc184732156]Fig. 7 Data Cleansing

The code breakdown is:

· Dropping ‘Count’, ‘Country’, ‘State’, ‘CustomerID’, ‘Lat Long’, ‘Zip Code’, ‘Latitude’ and ‘Longitude’ columns due to having one or unique values that are not viable for prediction.
· Adding ‘Unknown’ to NULL values in the ‘Churn Reason’ column due to prediction issues
· Amending ‘Tenure Months’, ‘Monthly Charges’, Total Charges’, ‘Churn Value’, ‘Churn Score’ and ‘CLTV’ to numerical values
· Dropping numerical columns containing missing values
· Amending other columns to categorical variables, ensuring algorithms are correct.






[bookmark: _Toc184732141]Exploratory Data Analysis and Data Preprocessing

The fourth set of codes analyses and visualises the numerical and categorical columns to analyse patterns or trends.

The below code shows the statistical overview of numerical columns.

[image: A screenshot of a graph
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[bookmark: _Toc184732157]Fig. 8 Checking Numerical Summary Statistics

This describes the numerical dataset like the previous statistical summary.













The below code creates histograms comparing numerical values.

[image: A screenshot of a computer screen
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[bookmark: _Toc184732158]Fig. 9 Histogram Charts Comparing Numerical Values

The code breakdown is:

· Creating the histograms
· Labelling the X and Y axis
· Displaying the histograms

There are approximately 1600 customers paying between £18 to £30 per month, with nearly 1750 customers being with Telco between 0 to 8 months.










The below code performs univariate analysis for categorical columns.

[image: A screenshot of a computer program
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[bookmark: _Toc184732159]Fig. 10 Univariate Categorical Variable Analysis

The code breakdown is:

· Checking each categorical column
· Calculating the column percentage and printing results

There is a near 50/50 gender split, with only 16.24% being senior citizens. 







The below code performs bivariate and multivariate analysis for categorical columns.

[image: A screenshot of a computer program
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[bookmark: _Toc184732160]Fig. 11 Bivariate and Multivariate Analysis for Categorical Variables

The code breakdown is:

· Excluding columns from graph creations
· Checking each categorical column
· Creating tables and bar charts for each categorical column



















This analysis areas like contract length affecting churn, with more churn in rolling monthly contracts.

[image: A graph of blue and orange rectangular bars
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[bookmark: _Toc184732161]Fig. 12 Contract and Churn Relationship Bar Chart

The below code creates a numerical correlation matrix.

[image: A screenshot of a computer code

Description automatically generated]
[bookmark: _Toc184732162]Fig. 13 Correlation Matrix Creation


The code breakdown is:

· Checking each numerical column
· Converting columns to numeric, with non-numeric changed to ‘NaN’ (Not a Number)
· Creating, plotting, and printing the correlation matrix

This shows how strong correlations are between numerical variables, with ‘1’ showing strong positive correlations and ‘-1’ showing strong negative correlation, with strong correlation between tenure months and total charges of 0.83, and weaker correlation between total charges and churn value, indicating less of a link between potential churn and total charges.

[image: A screenshot of a color chart
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[bookmark: _Toc184732163]Fig. 14 Correlation Matrix
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The fifth set of codes performs data preparation by creating and putting dummy variables into a dataframe, before converting categorical data into binary format (‘0’ and ‘1’) and mapping ‘Churn Labels’ to convert ‘Yes’ to ‘1’ and ‘No’ to ‘0’, separating the target variable from other variables. 

The below code shows data preparation.

[image: A screenshot of a computer program

Description automatically generated]
[bookmark: _Toc184732164]Fig. 15 Preparing, Mapping and Separating the Dummy Variables

The code breakdown is:

· Creating categorical columns for dummy variables to change to binary format
· Creating dummy variables and adding to dataframe
· Maps ‘Churn Label’ column to identify ‘Yes’ as ‘1’ and ‘No’ as ‘0’.
· Moving ‘Churn Label’ to Y (main variable) and dropping from X (all other variables)






The below code splits into 70% training and 30% test data, standardising data via scaling, transforming them and creating the confusion matrix function.

[image: A screenshot of a computer program
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[bookmark: _Toc184732165]Fig. 16 Splitting Datasets and Creating Confusion Metrics

The code breakdown is:

· Splitting data into 70% training and 30% test (‘test_size = 0.3’), ensuring proportions are the same (‘stratify = Y’)
· Standardising data via scaling to improve algorithms.
· Transforming both sets using mean and standard deviation
· Defining ‘Actual’ and ‘Predicted’, printing the ‘Classification Report’, and creating and plotting the confusion matrix to ‘Churn’ or ‘Not Churn’.








[bookmark: _Toc184732143]Implementing the Logistic Regression Model

The sixth set of codes implements the LR model by creating and fitting it to training data.

The below code shows the LR model implementation.

[image: A screenshot of a logistic error
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[bookmark: _Toc184732166]Fig. 17 LR Model Implementation

The code breakdown is:

· Creating the model
· Fitting the model via the training set (with ‘x_train_scaled’ as variables and ‘y_train’ as target variable)













The below code shows the performance of training and test dataset and hyperparameter tuning performed.

[image: A screenshot of a computer program
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[bookmark: _Toc184732167]Fig. 18 LR Model Training Implementation

[image: A screenshot of a computer program
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[bookmark: _Toc184732168]Fig. 19 LR Model Test Implementation

The code breakdown is:

· Making training predictions on ‘x_train_scaled’ and storing labels in ‘y_pred_train’ (with ‘x_test_scaled’ and ‘y_pred_test’ for test)
· Evaluating training model to plot confusion matrix
· Defining hyperparameters, including different algorithms and cross-validation
· Printing required headings and results.

The hyperparameter tuning is explained further in discussions.

The below code shows coefficients of the LR model to find churning reasons.

[image: ]
[bookmark: _Toc184732169]Fig. 20 LR Coefficients for Churning Reasons

The code breakdown is:

· Retrieving columns to store in ‘cols’
· Retrieving coefficients to compare relationships between categories and churn target variable
· Creating dataframe of coefficients, transposed for coefficients in columns and sorting in descending order.

The coefficients are explained further in results.

The below code shows odds of coefficients.

[image: A white background with black text
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[bookmark: _Toc184732170]Fig. 21 LR Odds of Coefficients

The code breakdown is:

· Calculating odds the coefficients, changing them to odds ratios
· Creating a dataframe for odds ratio and sorting in descending order

The odds are explained further in results.



























[bookmark: _Toc184732144]Implementing the Support Vector Machine Model

The seventh set of codes implement the SVM model by creating and fitting it to training data.

The below code shows the SVM model implementation.

[image: A screenshot of a computer program
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[bookmark: _Toc184732171]Fig. 22 SVM Model Implementation

The code breakdown is:

· Creating the model from Support Vector Classifier (SVC), using ‘linear’ kernel
· Fitting the model to training set like LR model















The below code shows the performance of training and test dataset and hyperparameter tuning performed.

[image: A screenshot of a computer program

Description automatically generated]
[bookmark: _Toc184732172]Fig. 23 SVM Model Training Implementation


[image: A screenshot of a computer code
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[bookmark: _Toc184732173]Fig. 24 SVM Model Testing Implementation

The code breakdown is:

· Making training predictions on ‘x_train_scaled’ and storing labels in ‘y_pred_train’ (with ‘x_test_scaled’ and ‘y_pred_test’ for test)
· Evaluating training model to plot confusion matrix
· Defining hyperparameters, including different algorithms and cross-validation
· Printing required headings and results.

The hyperparameter tuning is explained further in discussions.





The below code shows coefficients of the LR model to find churning reasons.

[image: ]
[bookmark: _Toc184732174]Fig. 25 SVM Coefficients for Churning Reasons

The code breakdown is as follows.

· Retrieving columns to store in ‘cols’
· Retrieving coefficients to compare relationships between categories and churn target variable
· Creating dataframe of coefficients, transposed for coefficients in columns and sorting in descending order.

The coefficients are explained further in results.


















[bookmark: _Toc184732145]Model Evaluations

The final set of codes calculates and prints the best parameters and scores of the training and test datasets.

[image: A screenshot of a computer screen
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[bookmark: _Toc184732175]Fig. 26 Model Evaluation – Training and Test Datasets

The code breakdown is:

· Printing the best parameters
· Printing all the scores for the training and test datasets

The scores and parameters are explained further in results and discussions.






[bookmark: _Toc184732146]Results

Both models provided perfect scores (‘1.00’) in all areas.

Accuracy – Proportion of all correct classifications [26]
Precision – Proportion of correctly predicted churn customers of all predicted churns, with high precision minimising false positives [15]
Recall – Proportion of correctly identified actual churns, with high recall indicating lots of actual churned customers caught [15]
F1 score – Mean between precision and recall, balancing accuracy and summarising them [15]
AUC-ROC score – Distinguishes between churned and non-churned customers, with higher values showing better performance [15]

The scores are for both sets, indicating both models predicted all instances without errors with correct classification.

[image: A screenshot of a computer program
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[bookmark: _Toc184732176]Fig. 27 Training and Test Dataset Scores

However, it is very rare that models are perfect, suggesting issues with code and imbalances with the dataset, meaning that they would be meaningless and not useful as a metric [26]. Therefore, the code requires further work to understand why they are providing perfect scores, with Google Developer [26] suggesting dataset imbalances and data leaks.

The confusion matrix (classifications of model behaviour [27]) shows the same for both models for the training dataset.

[image: A chart of confusion matrix
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[bookmark: _Toc184732177]Fig. 28 LR and SVM Training Confusion Matrix

This shows 3614 true negatives (correctly predicted as ‘0’) and 1308 true positives (correctly predicted as ‘1’). As a result, the 3614 people should be retained, with 1308 let go.









This is similar for the test dataset.

[image: A diagram of a confusion matrix
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[bookmark: _Toc184732178]Fig. 29 LR and SVM Test Confusion Matrix

This shows 1549 true negatives and 561 true positives. As a result, the 1549 people should be retained, with 561 let go.

When coefficient of variables was performed on the LR model, the highest three associated with churn are:

· Attitude of support person
· Competitor offered higher download speeds.
· Competitor offered more data.

This is because if coefficients are positive, this increases the likeliness of churn and allows organisations to focus on these areas. If coefficients negative, this decreases likeliness of churn.

[image: A screenshot of a data report
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[bookmark: _Toc184732179]Fig. 30 LR Coefficients

There are a few ways that organisations could minimise these churns.

· Attitude of support person – Improved with development opportunities, performance monitoring, improving processes and creating customer centric approaches.
· Competitor offered higher download speeds – Improved by upgrading infrastructures, promotions, and deals, educating customers of way they are better than competitors instead of just download speeds, loyalty programs and flexible plans, performing benchmarking and improving marketing.
· Competitor offered more data – Improved like above, but can include improved data plans for flexibility, and value-added services like free subscriptions.

For negative coefficients, customers with dependents, on two-year contracts or length of time with organisation does not impact churn.





When calculating odds on the LR model, the highest three associated with churn are below.

[image: A screenshot of a computer
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[bookmark: _Toc184732180]Fig. 31 LR Odds Ratio

These are like the LR coefficients, whereby poor attitudes by support have 1.65 churn increase, while competitors offering higher download speeds and more data affect churn by 1.64 and 1.60, respectively.

When coefficient of variables was performed on the SVM model, the highest three associated with churn are:

· Fibre optic internet service
· Do not know.
· Competitor offered high download speeds.

However, these are lower than the LR model, with minimal differences between the highest and lowest coefficients, meaning these may not be dependable. 

[image: A screenshot of a computer program
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[bookmark: _Toc184732181]Fig. 32 SVM Coefficients

There are a few ways that organisations could minimise these churns.

· Internet service (fibre optic) – Improved by upgrading infrastructures, having more reliable services and competitive pricing.
· Do not know – Trying to find reasons is important to understand why customers left to analyse and evaluate patterns and trends.
· Competitor offered higher download speeds – Same as LR model.

For negative coefficients, customers with dependents, having device protection or length of time with organisation does not impact churn.







[bookmark: _Toc184732147]Discussions

When performing hyperparameter tuning for LR, the following code was produced using GridSearchCV (performing exhaustive searches and validations across combinations via defined parameters [28], [29]).

[image: A screenshot of a computer code
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[bookmark: _Toc184732182]Fig. 33 LR Hyperparameter Tuning

When executed, this provides:

· Regularisation for different values, with smaller values being stronger and better [28]
· Optimisation for different algorithms, like ‘liblinear’ and ‘saga’
· Performs 1000 iterations over 3-fold cross validation (cv=3), with verbose set to 2 for detailed printed messages
· Fitting GridSearchCV to training data
· Finding and printing best parameters







Once executed, the following was provided.

[image: A screenshot of a computer program

Description automatically generated]
[bookmark: _Toc184732183]Fig. 34 LR Hyperparameter Tuning Training Set

The best model performance would be ‘0.01’ regularisation, using ‘liblinear’ algorithm, as the times remained consistent throughout against different regularisation levels, with 0.01 performing best and the ‘saga’ algorithm performed worse, especially as the regularisation level increased. 







This was performed on test data with equivalent results, though with ‘0.1’ regularisation instead of ‘0.01’.

[image: A screenshot of a computer code
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[bookmark: _Toc184732184]Fig. 35 LR Hyperparameter Tuning Test Set








Hyperparameter tuning was performed on the SVM model for both sets with similar results, with ‘gamma’ showing how single examples are influenced by defining decision boundaries, with ‘far’ low values and ‘close’ high values [30].
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[bookmark: _Toc184732185]Fig. 36 SVM Hyperparameter Tuning Training Set

[image: A screenshot of a computer program
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[bookmark: _Toc184732186]Fig. 37 SVM Hyperparameter Tuning Test Set

Both sets confirm the best model performance for SVM would be ‘0.1’ regularisation with ‘1’ gamma (meaning close influence) and using ‘linear’ algorithms, as ‘linear’ times remained consistent throughout against different regularisation and gamma levels, while ‘rbf’ algorithms, while not as poor as ‘saga’ algorithms, performed worse and inconsistently.

After implementing both models, retrieving the scores and hyperparameters performed, the best model to fit this dataset would be LR, as while scores are identical and with similar performing hyperparameters for the best kernels, LR is more simplistic, has better interpretability and can be trained faster than SVM. If score differences were significant, SVM would be better to implement, despite being more complex.

[bookmark: _Toc184732148]Conclusion and Recommendations

Decreasing churn is vital to organisations to retain customers and keep reputations in an ever-increasing competitive world, with models requiring strong accuracy for CCP and minimising customer loss, especially when affecting future profits. As retaining customers is better than acquiring customers, an efficient prediction model is vital to find churning customers and quickly take action to keep valuable customers whenever possible [31], using proactive strategies to improve retention rates to ensure organisations are viable long-term [32].

Recommendations include potentially dropping non-churned customers, as the churn reason is blank. Dropping these rows could improve prediction models by having cleaner and less data to improve all scores. This was attempted within coding, but numerous errors and issues occurred and despite attempts to resolve this, errors persisted. Therefore, non-churning customers were kept within the dataset, especially as it is a crucial part of the training model [33].

It is important to check why all scores are perfect across both datasets and models, as while having perfect scores is ideal, it is exceedingly rare for models to show perfection in real world scenarios. It is possible that there could have been data leakage or that the models are overfitting the dataset. Therefore, more code testing needs to be performed to ensure no mistakes were made and all areas covered, as 100% scores are unrealistic and cause issues with correct CCP.

Extra hyperparameter tuning can be performed to ensure both models perform efficiently, while further data and classifications allow more informed decision making to be made. A tuning example would be defining dataset splits like 80/20 and 60/40 for training and test data, as it would increase or decrease scoring for both models, allowing further analysis to be made and further informed decision making on the best model.

Future research includes using different supervised models to use and view whether scores and hyperparameter tuning provides better results. These models would include:

· Random Forest – Appropriate for larger datasets, though uses several decision trees to solve problems, being more suitable for complex data, improving accuracy and controlling overfitting [34]
· K-Nearest Neighbour (KNN) – Though taking time for predictions, it has high accuracy, understandable, performs with non-linear data, and used for classification and regression models, with results showing 2% higher accuracy than LR [35]
· Naïve Bayes – Makes decisions on probabilities, based on all variables being independent from one another, is simplistic, fast, and effective [36]
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# Checking the first 5 rows of the dataset to ensure the dataset has Loaded correctly
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# Checking the statistical overview of

df.describe()
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# Checking the data types and any missing values from the dataset to understand what the data shows

df.info()

<class 'pandas.core.frame.DataFrame’>
RangeIndex: 7043 entries, © to 7042
Data columns (total 33 columns):

#  Column Non-Null Count

©  CustomerID 7043 non-null
1 Count 7043 non-null
2 Country 7043 non-null
3 state 7043 non-null
4 city 7043 non-null
5  Zip Code 7043 non-null
6 Lat Long 7043 non-null
7 Latitude 7043 non-null
8  Longitude 7043 non-null
9 Gender 7043 non-null
10 Senior Citizen 7043 non-null
11 Partner 7043 non-null
12 Dependents 7043 non-null
13 Tenure Months 7043 non-null
14 Phone Service 7043 non-null
15 Multiple Lines 7043 non-null

16 Internet Service 7043 non-null
17 Online Security 7043 non-null

18 Online Backup 7043 non-null
19 Device Protection 743 non-null
20 Tech Support 7043 non-null
21 Streaming TV 7043 non-null
22 Streaming Movies 7043 non-null
23 Contract 7043 non-null

24 Paperless Billing 7043 non-null
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# Checking the dataset for any unique values

df .nunique()

CustomerID 7043
Count 1
Country 1
State 1
city 1129
Zip Code 1652
Lat Long 1652
Latitude 1652
Longitude 1651
Gender 2
Senior Citizen 2
Partner 2
Dependents 2
Tenure Months 73
Phone Service 2
Multiple Lines 3
Internet Service 3
Online Security 3
Online Backup 3
Device Protection 3
Tech Support 3
Streaming TV 3
Streaming Movies 3
Contract 3
Paperless Billing 2
Payment Method a
Monthly Charges 1585
Total Charges 6531
Churn Label 2

Churn Value 2




image7.png
# Dropping columns with only one unique value overall or every vakue being unique to remove unnecessary data for model predictions

# For reference, the column dropped and unique value are:

# Count value is '1'

# Country value is 'United States'

# State value is 'California’

df=df.drop(['Count’, 'Country’, 'State", 'CustomerID', 'Lat Long','Zip Code','Latitude’,'Longitude'],axis=1) # axis=1 is for columns.
# Changing any blank Churn Reason to 'Unknown'

df['Churn Reason'].fillna('Unknown', inplace=True)

# Changing data to numerical values

num_cols=['Tenure Months', 'Monthly Charges','Total Charges','Churn Value','Churn Score’,'CLTV']
df[num_cols] = df[num_cols].apply(pd.to_numeric, errors='coerce')

# Dropping rows with NaN values in numerical columns
f = df.dropna(subset=num_cols)
# Changing data to categorical variables

cat_cols:

'City’,’Gender’,'Senior Citizen','Partner’,’Dependents’,’'Phone Service','Multiple Lines’,
*Internet Service','Online Security’,’Online Backup','Device Protection’,'Tech Support’,’Streaming TV',’Streaming Movies',
*Contract’, 'Paperless Billing','Payment Method',’Churn Label®,’Churn Reason’]
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Univariate Analysis of Numerical Columns

# Checking the summarised statistics of the numerical columns after data cleansing

df[num_cols].describe().T
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# Creating the histograms to plot and compare numerical values

axes = df[num_cols].hist(figsize=(14,14))

# Labelling the x and y axes

for ax in axes.flatten():
ax.set_xlabel('Value')
ax.set_ylabel('Frequency')

# Display the histograms

plt. show()
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Univariate Analysis for Categorical Variables

# Printing the percentage (%) sub categories of each category, rounding to two decimal places

for i in cat_cols:
print(df[i].value_counts (normalize=True).round(4) * 100)
print('*'*40)

city

Los Angeles 4.32
San Diego 2.13
San Jose 1.59
Sacramento 1.54
San Francisco  1.48
Point Arena 0.06
Independence 0.04
Cupertino 0.04
Ben Lomond 0.04
Redcrest 0.04

Name: proportion, Length: 1129, dtype: float6d
B T
Gender

Male 50.47

Female  49.53

Name: proportion, dtype: floaté4

ERERR KRR KRR KR KRR KA KRR KRR KR K
Senior Citizen

No 83.76

Yes  16.24

Name: proportion, dtype: floaté4
e —
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Bivariate and Multivariate Analysis for Categorical Variables

# Excluding the columns from the graph creation

exclude_columns = ['Count','Country’,State’,'CustomerID','Lat Long','Zip Code',’Latitude’,’Longitude’] # List of columns to exclude
# Checking how 'Churn Label' is related to other categorical variables

for i in cat_cols:
if i != 'Churn Label' and i not in exclude_columns:
(pd.crosstab(df[i], df['Churn Label'], normaliz
plt.ylabel('Percentage Churn %')
plt.title(f'Relationship between {i} and Churn Label')
plt.shou()

index') * 100).plot(kind="bar', figsize=(8, 4), stacked=True)
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# Checking the relationship between different numerical variables
# Checking for non-numeric values in numerical columns and converting them to NaN

for col in num_cols:
df[col] = pd.to_numeric(df[col], errors='coerce')

# Plotting the correlation between numerical variables to two decimal places

plt.figure(figsize=(15, 8))
sns.heatmap(df[num_cols].corr(), annot=True, fmt='.2f', cmap=

Y1orRd')
plt.title('Correlation Matrix of Numerical Variables')
plt.show()
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Lorrelation Matlrix of numericCal variables
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Creating Dummy Variables for Categorical Variables

# Creating a List of dummy columns

‘to_get_dummies_for = ['City’, 'Gender', 'Senior Citizen', 'Partner’, 'Dependents’, 'Phone Service', 'Multiple Lines',
"Internet Service', 'Online Security', 'Online Backup', 'Device Protection', 'Tech Support',
'Streaming TV', 'Streaming Movies', 'Contract', 'Paperless Billing', 'Payment Method', 'Churn Reason']

# Creating the dummy variables

df = pd.get_dummies(data=df, columns=to_get_dummies_for, drop_first=True)

# Mapping Churn Label to 'Yes' and 'No'

df['Churn Label'] = df['Churn Label'].map({'Yes': 1, 'No': })

Separating Independent Variables (X) and Dependent Variable (Y)

# Separating the target variable and other variables

Y

df[*Churn Label']
df .drop(columns=["Churn Label'])

>
"
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# Splitting the data to 70% training and 36% test

x_train, x_test, y_train, y_test = train_test_split(X, Y, test_size = 0.3, random_state = 1, stratify = Y)

# Scaling the data to standardise the data to remove the mean and scale to variance

sc = Standardscaler()

# Transforming the training data

x_train_scaled = sc.fit_transform(x_train)
x_train_scaled = pd.DataFrame(x_train_scaled, columns = X.columns)

# Transforming the test data

x_test_scaled = sc.transform(x_test)
x_test_scaled = pd.DataFrame(x_test_scaled, columns = X.columns)

# Creating the confusion metric function, as well as providing the 'Actual’ and Predicted’ values and whether to 'Churn or Not Churn'.

def metrics_score(actual, predicted):
print(classification_report(actual, predicted))

cm = confusion_matrix(actual, predicted)
plt.figure(figsize = (8,5))

sns.heatmap(cm, annot
plt.ylabel('Actual’)
plt.xlabel('Predicted")
plt.title('Confusion Matrix')
plt.shou()

True, fmt = '.2f', xticklabels = ['Not Churn', 'Churn'], yticklabels = ['Not Churn', ‘Churn'])
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[17]: | # Fitting the Logistic Regression model

1g = LogisticRegression()
1g.fit(x_train_scaled, y_train)

LogisticRegression()
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# Checking the Logistic Regression performance on the training dataset

y_pred_train = lg.predict(x_train_scaled)
metrics_score(y_train, y_pred_train)

# Hyperparameter tuning for Logistic Regression training

param_grid_log_reg = {
'C': [@.01, 0.1, 1, 10, 100], # Regularisation, with smaller values being stronger
‘solver': ['liblinear', 'saga'] # Optimising algortihms

¥

grid_search_log_reg = GridSearchCV(LogisticRegression(max_

ter=1000), param_grid_log_reg, cv=3, verbose=2)
grid_search_log_reg.fit(x_train_scaled, y_train)

# Finding the best parameters for Logistic Regression training

best_params_log_reg = grid_search_log_reg.best_params_
print("Best Hyperparameters for Logistic Regression:", best_params_log_reg)

# Evaluating Logistic Regression model on the train set

best_log_reg_model = grid_search_log_reg.best_estimator_
y_pred_log_reg = best_log_reg_model.predict(x_train_scaled)
print("Logistic Regression Classification Report:")
print(classification_report(y_train, y_pred_log reg))
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# Checking the Logistic Regression performance on the test dataset

y_pred_test = lg.predict(x_test_scaled)
metrics_score(y_test, y_pred_test)

# Hyperparameter tuning for Logistic Regression test

param_grid_log_reg = {
'C': [@.01, 0.1, 1, 10, 100], # Regularisation, with smaller values being stronger
*solver': ['liblinear', 'saga'] # Optimising algortihms

¥

grid_search_log_reg = GridSearchCV(LogisticRegression(max_

ter=1000), param_grid_log_reg, cv=3, verbose=2)
grid_search_log_reg.fit(x_test_scaled, y_test)

# Finding the best parameters for Logistic Regression testing

best_params_log_reg = grid_search_log_reg.best_params_
print("Best Hyperparameters for Logistic Regression:", best_params_log_reg)

# Evaluating the best Logistic Regression model on the test set

best_log_reg_model = grid_search_log_reg.best_estimator_
y_pred_log_reg = best_log_reg_model.predict(x_test_scaled)
print("Logistic Regression Classification Report:")
(s Fention rerraly ek, 5 mredl lem )
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# Checking and printing the coefficients of Logistic Regression to find variables leading to churning and not churning

cols = X.columns
coef_lg = lg.coef_

e (Era i, s = @ls))oTosrrt valis((y = @, cseamkas 5 Fa)
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# Finding the odds

odds = np.exp(lg.coef_[0])
# Adding the odds to a dataframe and sorting the values

pd.DataFrame(odds, x_train_scaled.columns, columns

['odds']).sort_values(by

'odds', ascending = False)
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[22]: # Fitting the Support Vector Machine model

svm = SVC(kernel = 'linear')
svm. fit(x_train_scaled, y_train)

[22]:

linear')
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# Checking the Support Vector Machine performance on the training dataset

y_pred_train = svm.predict(x_train_scaled)
metrics_score(y_train, y_pred_train)

# Hyperparameter tuning for Support Vector Machine training

param_grid_svm = {
c': [e.1, 1, 1o, 1e0],
‘gamma': [1, 0.1, 0.01, 0.001],
‘kernel': ['rbf', 'linear']

¥
grid_search_svm = GridSearchCV(SVC(), param_grid_svm, cv=3, verbose=2)
grid_search_svm.fit(x_train_scaled, y_train)

# Finding the best parameters for Support Vector Machine training

best_params_svm = grid_search_svm.best_params_

print("Best Hyperparameters for SVM:", best_params_svm)

# Evaluating Support Vector Machine model on the train set

best_svm_model = grid_search_svm.best_estimator_
y_pred_svm = best_svm_model.predict(x_train_scaled)
print

"Support Vector Machine Classification Repor

(s et rarery Sretn, s el o))




image24.png
# Checking the Support Vector Machine performance on the test dataset

y_pred_test = svm.predict(x_test_scaled)
metrics_score(y_test, y_pred_test)

# Hyperparameter tuning for Support Vector Machine test

param_grid_svm = {
c': [e.1, 1, 1o, 1e0],
‘gamma': [1, 0.1, 0.01, 0.001],
‘kernel': ['rbf', 'linear']

¥
grid_search_svm = GridSearchCV(SVC(), param_grid_svm, cv=3, verbose=2)
grid_search_svm.fit(x_test_scaled, y_test)

# Finding the best parameters for Support Vector Machine test

best_params_svm = grid_search_svm.best_params_

print("Best Hyperparameters for SVM:", best_params_svm)

# Evaluating Support Vector Machine model on the test set

best_svm_model = grid_search_svm.best_estimator_
y_pred_svm = best_svm_model.predict(x_test_scaled)
print("Support Vector Machine Classification Report:")
print(classification_report(y_test, y pred_svm))
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# Checking the coefficients of Support Vector Machine to find variables Leading to churning and not churning

cols = X.columns
coef_svm = svm.coef_
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# Providing the accuracy, precision, recall, F1 score and AUC-ROC, while providing the best parameters for the training set

print("Best Parameters:", grid_search_svm.best_params_)
print(
print("Precision

Accuracy :", metrics.accuracy_score(y_train, y_pred_train))

, metrics.precision_score(y_train, y_pred_train))
print("Recall :", metrics.recall_score(y_train, y_pred_train))
print("F1 score :", metrics.fl_score(y_train, y_pred_train))
print("AUC-ROC

, roc_auc_score(y_train, y_pred_train))

# Providing the accuracy, precision, recall, F1 score and AUC-ROC, while providing the best parameters for the test set

print(
print("Accuracy

Best Parameters:”, grid_search_svm.best_params_)

metrics.accuracy_score(y_test, y_pred_test))
print("Precision :"
print("Recall :
print("F1 score

print("AUC-ROC

, metrics.precision_score(y_test, y_pred_test))

, metrics.recall_score(y_test, y_pred_test))

, metrics.fl_score(y_test, y_pred_test))
, roc_auc_score(y_test, y_pred_test))

Best Parameters: {'C': 0.1, 'gamma’': 1, 'kernel': 'linear'}
Accuracy : 1.8

Precision : 1.0

Recall : 1.0

F1 score : 1.0

AUC-ROC : 1.0

Best Parameters: {'C': 0.1, 'gamma’': 1, 'kernel': 'linear'}
Accuracy : 1.8

Precision : 1.0

Recall : 1.0

F1 score : 1.0

AUC-ROC : 1.0
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# Providing the accuracy, precision, recall, F1 score and AUC-ROC, while providing the best parameters for the training set

print("Best Parameters:", grid_search_svm.best_params_)
print("Accuracy :
print("Precision
print("Recall
print("F1 score :
print("AUC-ROC :

metrics.accuracy_score(y_train, y_pred_train))

metrics.precision_score(y_train, y_pred_train))
metrics.recall_score(y_train, y_pred_train))
, metrics.f1_score(y_train, y_pred_train))

, roc_auc_score(y_train, y_pred_train))
# Providing the accuracy, precision, recall, F1 score and AUC-ROC, while providing the best parameters for the test set

print("Best Parameters:
print("Accuracy

, grid_search_svm.best_params_)

, metrics.accuracy_score(y_test, y_pred_test))
print("Precision
print("Recall :
print("F1 score
print("AUC-ROC

metrics.precision_score(y_test, y_pred_test))

, metrics.recall_score(y_test, y_pred_test))

, metrics.fl_score(y_test, y_pred_test))
, roc_auc_score(y_test, y_pred_test))

Best Parameters: {'C': 0.1, 'gamma
Accuracy : 1.8

Precision : 1.0

Recall : 1.0

F1 score : 1.0

AUC-ROC : 1.0

Best Parameters: {'C': 0.1, 'gamma’': 1, 'kernel': 'linear'}
Accuracy : 1.8

Precision : 1.0

Recall : 1.0

F1 score : 1.0

AUC-ROC : 1.0

1, 'kernel': ‘linear'}
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[20]:
Churn Value
Churn Score
Churn Reason_Attitude of support person
Churn Reason_Competitor offered higher download speeds
Churn Reason_Competitor offered more data
Total Charges
Dependents_Yes
Contract_Two year
Tenure Months

Churn Reason_Unknown

2.392259

0.808473

0.502931

0.492066

0.470662

-0.147175

-0.158703

-0.165549

-0.233913

-2.392259
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[21]: odds
Churn Value 10938171

Churn Score  2.244478

Churn Reason_Attitude of support person  1.653560

Churn Reason_Competitor offered higher download speeds ~ 1.635692

Churn Reason_Competitor offered more data 1601055

Total Charges 0863143

Dependents Yes 0853249

Contract Two year  0.847428

Tenure Months ~ 0.791431

Churn Reason_Unknown  0.091423
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[25]:

Churn Value
Churn Score

Internet Service_Fiber optic

Churn Reason_Don't know

Churn Reason_Competitor offered higher download speeds
Online Backup_Yes

Device Protection_Yes

Tenure Months

Dependents_Yes

Churn Reason_Unknown

0440544

0.022761

0007234

0.006867

0.006726

-0.003150

-0.003345

-0.004434

-0.004744

-0.440544
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# Hyperparameter tuning for Logistic Regression training

param_grid_log_reg = {
‘Cc': [e.e1, 0.1, 1, 10, 100], # Regularisation, with smaller values being stronger
*solver': ['liblinear’, 'saga'] # Optimising algortihms
¥
grid_search_log_reg = GridSearchCV(LogisticRegression(max_iter=1000), param_grid_log_reg, cv=3, verbose=2)
grid_search_log_reg.fit(x_train_scaled, y_train)

# Finding the best parameters for Logistic Regression training

best_params_log_reg = grid_search_log_reg.best_params_
print("Best Hyperparameters for Logistic Regression:", best_params_log_reg)

# Evaluating Logistic Regression model on the train set
best_log_reg_model = grid_search_log_reg.best_estimator_

y_pred_log_reg = best_log_reg_model.predict(x_train_scaled)
print("Logistic Regression Classification Report:

print(classification report(y train, y pred log reg))
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Fitting 3 folds for each of 10 candidates, totalling 30 fits

[cv]
[cv]
[cv]
[cv]
[cv]
[cv]
[cv]
[cv]
[cv]
[cv]
[cv]
[cv]
[cv]
[cv]
[cv]
[cv]
[cv]
[cv]
[cv]
[cv]
[cv]
[cv]
[cv]
[cv]
[cv]
[cv]
[cv]
[cv]
[cv]
[cv]
Best

END solver=liblinear;
END solver=liblinear;
END solver=liblinear;

END ....C=8.01, solver=saga
END .01, solver=saga;
END C=0.01, solver=saga;
END €=8.1, solver=liblinear;
END €=8.1, solver=liblinear;
END €=8.1, solver=liblinear;
END .....C=0.1, solver=saga
END .....C=0.1, solver=saga;
END .....C=0.1, solver=saga
END ..C=1, solver=liblinear
END ..C=1, solver=liblinear

END ..C=1, solver=liblinear;
END 1, solver=saga;
END
END
END 0, solver=liblinear;
END 0, solver=liblinear;
END 0, solver=liblinear;
END
END
END
END 00, solver=liblinear;
END =100, solver=liblinear;

END
END ..

00, solver=liblinear;
C=100, solver=saga;
END ..C=100, solver=saga;
END ..C=100, solver=saga;
Hyperparameters for Logistic Regression: {'C'

0.01, 'solver'

total
total
total
total
total
total
total
total
total
total
total
total
total
total
total
total
total
total
total
total
total
total
total
total
total
total
total
total
total
total

0.3s
0.3s
0.3s
5.6s
6.2s
5.3s
0.4s
0.3s
0.3s
8.3s
4.4s
12.8s
0.4s
0.4s
0.4s
16.7s
17.2s
16.2s
0.65
0.5s
0.65
30.3s
29.65
30.45
0.5s
0.5s
0.5s
29.65
29.8s
29.65

"liblinear'}




image35.png
Fitting 3 folds for each of 10 candidates, totalling 3@ fits

[cv]
[cv]
[cv]
[cv]
[cv]
[cv]
[cv]
[cv]
[cv]
[cv]
[cv]
[cv]
[cv]
[cv]
[cv]
[cv]
[cv]
[cv]
[cv]
[cv]
[cv]
[cv]
[cv]
[cv]
[cv]
[cv]
[cv]
[cv]
[cv]
[cv]
Best

END
END
END
END
END
END
END
END
END
END
END
END
END
END
END
END
END
END
END
END
END
END
END
END
END
END
END
END
END
END

Hyperparameters for Logistic Regression: {'C'

c=0.01, solver=liblinear;
c=0.01, solver=liblinear;
c=0.01, solver=liblinear;
.C=0.01, solver=saga;
.01, solver=saga;
...C=0.01, solver=saga;
€=0.1, solver=liblinear;
€=0.1, solver=liblinear;
.C=6.1, solver=liblinear;
..C=0.1, solver=saga;
..C=0.1, solver=saga;
..C=0.1, solver=saga;
.C=1, solver=liblinear;
.C=1, solver=liblinear;
.C=1, solver=liblinear;
....C=1, solver=saga;
, solver=saga;

.C=1, solver=saga;
0, solver=liblinear;
.C=10, solver=liblinear;
.C=10, solver=liblinear;

00, solver=liblinear;
=100, solver=liblinear;
00, solver=liblinear;
....C=100, solver=saga;
..C=108, solver=saga;
..C=108, solver=saga;

0.1, 'solver'

total
total
total
total
total
total
total
total
total
total
total
total
total
total
total
total
total
total
total
total
total
total
total
total
total
total
total
total
total
total

time:
"liblinear'}

0.1s
0.1s
0.1s
2.8s
2.7s
2.9s
0.2s
0.2s
0.2s
5.6s
4.65
6.2s
0.2s
0.3s
0.3s
8.4s
8.3s
8.5s
0.3s
0.3s
0.3s
12.4s
12.4s
12.5s
0.3s
0.3s
0.3s
12.4s
12.3s
12.3s




image36.png
[cv]
[cv]
[cv]
[cv]
[cv]
[cv]
[cv]
[cv]
[cv]
[cv]
[cv]
[cv]
[cv]
[cv]
[cv]
[cv]
[cv]
[cv]
[cv]
[cv]
[cv]
[cv]
[cv]
[cv]
[cv]
[cv]
[cv]
[cv]
[cv]
[cv]
Best

END
END
END
END
END
END
END
END
END
END
END
END
END
END
END
END
END
END
END
END
END
END
END
END
END
END
END
END
END
END

0, gamma=0.001, kernel=rbf;
.C=10, gamma=0.001, kernel=rbf;
0, gamma=0.001, kernel=rbf;
gamma=0.001, kerne
gamma=0.001, kernel=linear;
gamma=0.001, kerne
.C=100, gamma=1, kernel=rbf;
00, gamma=1, kernel=rbf;
100, gamma=1, kernel=rbf;
.C=100, gamma=1, kernel=linear;
, gamma=1, kerne
1, kernel=linear;
=0.1, kernel=rbf;
.1, kernel=rbf;
.1, kernel=rbf;
.1, kernel=linear;
.1, kerne:
-1, kernel=linear;
100, gamma=0.01, kernel=rbf;
00, gamma=0.01, kernel=rbf;
.C=100, gamma=0.01, kernel=rbf;
.C=100, gamma=0.01, kernel
..C=100, gamma=0.01, kerne!
.C=100, gamma=0.01, kernel=linear;
=100, gamma=0.001, kernel=rbf;
00, gamma=0.001, kernel=rbf;
00, gamma=0.001, kernel=rbf;
00, gamma=0.001, kerne:
00, gamma=0.001, kerne:
00, gamma=0.001, kerne:

inear;

inear;

inear;

inear;

inear;

Hyperparameters for SVM: {'C': ©.1, 'gamma': 1, 'kernel®'

total
total
total
total
total
total
total
total
total
total
total
total
total
total
total
total
total
total
total
total
total
total
total
total
total
total
total
total
total time:
total t

*linear'}

e

3.9s
3.6s
3.6s
0.65
0.9s
0.7s
10.5s
10.3s
10.3s
0.65
0.9s
0.8s
9.8s
9.8s
9.5s
0.65
0.9s
0.8s
9.4s
9.2s
9.5s
0.7s
0.9s
0.7s
3.8s
4.4s
4.65
0.8s
1.4s
1.0s




image37.png
[cv] EnD .. total 1.4s
[cv] END .. .C=10, gamma=0.001, kerne: total 1.3s
[cv] END .. .C=10, gamma=0.001, kernel=rbf; total 1.25
[cv] END . .C=10, gamma=0.001, kernel=linear; total 0.25
[cv] END . .C=10, gamma=0.001, kerne: total 0.25
[cv] Enp C=10, gamma=0.001, kernel=linear; total 0.25
[cv] Enp .C=100, gamma=1, kernel=rbf; total 1.8s
[cv] Enp .C=100, gamma=1, kernel=rbf; total 1.7s
[cv] Enp .C=100, gamma=1, kernel=rbf; total 1.9s
[cv] END . .C=100, gamma=1, kernel=linear; total 0.25
[cv] END . total 0.25
[cv] END .. total 0.25
[cv] END .. total 1.7s
[cv] END .. =100, gamma=0.1, kernel=rbf; total 2.7s
[cv] END . . =100, gamma=0.1, kernel=rbf; total 2.8s
[cv] Enp .1, kernel: total 0.65
[cv] Enp .1, kerne: total 0.55
[cv] END . C=100, gamma=8.1, kernel=linear; total 0.55
[cv] END . .01, kernel=rbf; total 2.3s
cv] END tota 1.7s
1
cv] END tota 2.1s
1
cv] END tota 0.3s
1
cv] END tota 0.25
1
cv] END tota 0.45
1
cv] END tota 1.7s
1
[cv] Enp total 1.5s
[cv] Enp total 1.45
[cv] Enp total 0.25
[cv] Enp total 0.25
[cv] Enp total t 0.25

Best Hyperparameters for SVM: {'C "kernel': 'linear'}




image1.png
# Importing the required files to provide the correlation and confusion matrices TV & F
import pandas as pd

import numpy as np

import matplotlib.pyplot as plt

import seaborn as sns

# Scaling the data using z-score to standardise the data

from sklearn.preprocessing import StandardScaler
from sklearn.model_selection import train_test_split, GridSearchCV

# Algortihms being used for the customer churn prediction models

from sklearn.linear_model import LogisticRegression

from sklearn.svm import SVC
# Metrics to evaluate models (including precision and f1 scores)

from sklearn import metrics

from sklearn.metrics impert confusion_matrix, classification_report, precision_recall_curve, recall_score, roc_auc_score, accuracy_score,
precision_score, f1_score

# Ignoring any warnings

import warnings
warnings. filterwarnings("ignore")

# Inserting and Loading the dataset using the below filepath

df = pd.read_excel('C:/Telco_Customer_Churn.xlsx')
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2. Checking and Understanding the Dataset

# Checking the first 5 rows of the dataset to ensure the dataset has Loaded correctly

df .head()

CustomerlD Count

0 3668-
QPYBK
1 9237-HQITU 1
2 9305-CDSKC 1
s
4 0280-XJGEX

5 rows x 33 columns

Country

United
States

United
States

United
States

United
States

United
States

California

California

California

California

California

city

Los
Angeles

Los
Angeles

Los
Angeles

Los
Angeles

Los
Angeles

zip

Code

90003

90005

90006

90010

90015

Lat Long

33.964131,
-118.272783

34059281,
-118.30742

34048013,
-118.293953

34.062125,
-118.315709

34039224,
-118.266293

Latitude

33.964131

34059281

34.048013

34062125

34039224

Longitude Gender

-118.272783

-118.307420

-118.293953

-118.315709

-118.266293

Male

Female

Female

Female

Male

.. Contract

Month-

month

Month-
to-
month

Month-
to-
month

Month-
to-
month

Month-
to-
month

Yes

Yes

Yes

Yes

Yes

Payment
Method

Mailed
check

Electronic
check

Electronic
check

Electronic
check

Bank
transfer
(automatic)

Monthly

Total

Charges Charges

53.85

70.70

99.65

104.80

103.70

108.15

151.65

8205

3046.05

5036.3
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