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[bookmark: _Toc184894506]Abstract
This report will look at the development and analysis of customer churn prediction models, specifically using Logistic Regression (LR) and Support Vector Machine (SVM). By analysing and evaluating to understand the dataset, preprocessing the data and performing initial model training, the models now demonstrate a ‘good’ ability to predict non-churning customers.

[bookmark: _Toc182396349][bookmark: _Toc184894507]Introduction
Customer churn is an expensive problem for companies. It can be costly to attain new customers, with some sources stating that acquiring new customers can be 5-7 times more expensive than retaining existing customers [1]. Therefore, companies are very interested in retaining customers. One method to retain customers is to identify customers with a higher likelihood of churning, by using churn prediction models, and targeting them with retention strategies [2]. 
In this project I will explore the application of LR and SVM machine learning (ML) models to predict customer churn in the Telco Customer Churn dataset. LR is a widely used, easily interpretable model which is primarily used for binary classification, allowing a clear understanding of the factors contributing to churn. SVM is particularly good at handling non-linear relationships and identifying patterns in datasets with a mixture of numerical and categorical features. Although SVM isn’t as interpretable as LR models, it often excels in identifying complex decision boundaries. I will compare the performance of both models and assess whether SVM outperforms LR in predicting customer churn.

[bookmark: _Toc182396351][bookmark: _Toc184894508]Methodology
[bookmark: _Toc184894509]Overview of Approach
I have followed a structured approach to churn prediction using machine learning, this included data exploration and preprocessing, model development, and finally evaluation. To achieve this, I have used Python in Anacondas Jupyter Notebook. Python libraries such as pandas, matplotlib and scikit-learn were used to implement the models and provide visuals.
[bookmark: _Toc184894510]Dataset Description 
The Telco Customer Churn dataset reflects a customer database for a telecoms business. It is a large dataset with 7043 rows (customers), each with 21 columns (features) such as:
1. Demographic Information
Gender, SeniorCitizen, Partner, and Dependents
2. Account information
Tenure, Contract, PaymentMethod, etc
3. Services
InternetService, OnlineSecurity, StreamingTV etc
4. Target Feature
Churn column indicated whether a customer has discontinued service within the last 30 days.

During initial exploration (Figure 1) command and noticed that TotalCharges was utilising data type ‘object’. Upon previewing the first 5 rows of data (Figure 2), I saw that TotalCharges is exclusively numerical data. Once converted to numerical, 11 rows (0.16%) contained missing/invalid entries, giving NaN values, these were non-null prior to the conversion but given the small amount of NaN entries, I dropped the rows containing invalid data. This is likely due to the customers being new and yet to make a payment. Had the percentage of missing data exceeded 2%, I would have entered the mean value of the entire TotalCharges column to maintain the missing rows. 
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The customerID feature was dropped as it is irrelevant to customer churn.
I have encoded categorical data (gender, contract etc), as they need to be numerical to be used by the model.
Standardisation scaling has been applied to numerical columns to ensure each feature is fairly weighted to ensure quality SVM results.

Exploration showed me that the target feature, churn, is imbalanced. 5163 customers (76.42%) were non-churning while 1869 (26.58%) were churning customers. This could cause the model to favour the majority (non-churning) class. 
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Figure 3
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Figure 4
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I have thoroughly explored the Telco Customer Churn dataset to understand the relationship  between features, specifically I sought insights into which customer behaviours influenced customer churn and to what degree.
Understanding patterns/relationships will help guide any preprocessing steps, and will also assist in providing actionable strategies to prevent customer churn.

[bookmark: _Toc184894512]Numerical Features
Having identified tenure, MonthlyCharges and TotalCharges as numerical features, I created histograms to visually show the spread of the data and identify patterns.

1. Tenure (Figure 5)
Most customers have short tenures, and a large amount of the customers are new customers, although there are over 1000 customers with ~70 months tenure. The months in between stay quite level, with insignificant levels of churn. This points to Tenure being a good predictor of churn during the first year of custom. The large number of customers churning after the initial period suggests customers are not seeing enough value in the product to continue their tenure. 
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2. Monthly Charges (Figure 6)
Given approx. 1600 customers are paying a low amount (<30) and approx. 1700 customers are paying between 70-100, it appears that the spike in new customers and the spike in customers paying a low amount are correlated. 
I have taken the mean monthly charge for each tenure bracket and discovered that customers who are paying 20% more than others in their tenure bracket churn at 41% vs 16% for those who pay average or below average prices. This clearly shows above average monthly charges contribute to churn.
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3. Total Charges (Figure 7)
This is heavily skewed as is to be expected given the cumulative nature of the feature. 
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Some categorical features (gender, phone service, multiple lines etc) have little bearing on churn. For example, both males and females churn at a similar rate (Figure 8).
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However other features show clear correlations with churn, such as:

Contract –Figure 9
Customers who have month-to-month contracts are more likely to churn compared with customers with longer contracts. This is useful as we can deduce that longer contracts prevent customers from churning as frequently.
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Internet Service – Figure 10
Fibre optic customers churn at a much higher rate than customers with DSL or no internet service. I have broken down the cost of fibre optic vs DSL (Figure 11)and believe the higher cost of fibre service is causing customers to churn at a higher rate. [image: A graph of a bar chart
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Payment Method –  Figure 12
Electronic Cheque has a higher churn rate than the other payment methods. This could be due to a lack of automation as seen in bank transfer and credit card. 
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Paperless Billing – Figure 13
Customers who receive paperless billing churn at a higher rate than those who receive physical billing. 
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[bookmark: _Toc184894514]Conclusion of Data Exploration
The exploration of the Telco Customer Churn Dataset has provided valuable insights into which features influence customer churn. These findings are important as they can help to shape actionable insights and recommendations.

It was discovered that there were relationships between features and patterns relating to customer churn such as:
Contract Type – this is a significant predictor of churn, customers who are on month-to-month contracts churning at a significantly higher rate than longer contracts.
Tenure and Monthly Charges – clear trends showed that longer tenure customers and those who don’t pay above average prices show lower churn probability while new customers and those who pay above average churn at a higher rate.
Payment Method and Internet Service Type – also proved to show distinct patterns associated with churn behaviour.

A class imbalance was identified, there were significantly more non-churners than churners within the dataset. I will utilise stratified sampling when splitting training/test data to ensure a representative class distribution [3]. Different metrics such as precision, recall, ROC-AUC, F1-score etc will be analysed to identify the best output quality.

A small number of rows were removed which contained missing data in the TotalCharges feature, this was a small percentage of the total data therefore wont compromise output quality.

CustomerID has been dropped as it had no effect on churn. Numerical fields (tenure, monthly charges, total charges) will be standardised to enhance model performance. One-hot encoding will be used for categorical features (internet service, payment method etc), and binary mapping will be used for binary options (gender, partner etc).

[bookmark: _Toc182396355][bookmark: _Toc184894515]Model Development

Train-Test Split
A stratified train-test split was used as the dataset is imbalanced, this method ensures that the training and testing sets have the same ratio of churn and non-churning customers as the original dataset [4]. This helps the model learn patterns for both classes equally, preventing the model from favouring the most common class and improving overall performance. Splitting the data 70% training data and 30% test data will help to obtain an unbiased evaluation of the model.
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[bookmark: _Toc184894517]Numerical Features Standardised
· Monthly charges
· Total charges
· Tenure 
Standardisation ensures these features are on a similar scale, this is especially important given the ML models we will be using as LR and SVM rely on distance metrics (such as Euclidean distance) [5], so they are sensitive to the scale of input data.
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Binary Categorical Features
The following features have two possible outcomes, therefore I have used binary mapping to convert them into their binary representations for use in the ML model:
· Partner
· Dependants
· PhoneService
· PaperlessBilling
· Gender
· Churn
[image: A screen shot of a computer code

Description automatically generated]

Multi-Category Features
The following features have more than two possible outcomes, one-hot encoding has been used to convert these features into multiple binary columns. To avoid collinearity in the model, pd.get_dummies with drop_first=True parameter has been set, this drops one category from each feature [6]. This works as one column can be predicted by the others, if all others are 0 (false) then the dropped feature must be true. 
· MultipleLines
· InternetService
· OnlineSecurity
· OnlineBackup
· DeviceProtection
· TechSupport
· StreamingTV
· StreamingMovies
· Contract
· PaymentMethod
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The assignment specification calls for LR and SVM models, these are good choices as they are effective at classification tasks such as this Telco Customer Churn dataset problem.  Both models were implemented using the scikit-learn library.

[bookmark: _Toc184894520]Support Vector Machine (SVM)
I initially trained the SVM model using the RBF kernel as this is often the default kernel used in SVMs with non-linear datasets [7].
SVM works by identifying optimal hyperplanes to separate classes by maximising the margin between each class. Kernels, such as RBF, allow SVM to map data into higher dimensional planes to find optimal separation, allowing SVM to handle complex relationships [8].
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Support Vector Machine Evaluation
The initial SVM confusion matrix predicted:
· 1415 True Negatives
· 134 False Positives
· 283 True Positives
· 278 False Negatives
The model shows good predictions regarding to the majority class (non-churning) but didn’t identify churning customers well.

Accuracy
· Training – 82%
· Test – 80%
This indicates that the model is relatively accurate. This is calculated by dividing the total number of correct predictions by the total number of predictions – (1403+280)/(1403+146+281+280) = 0.797 therefore 80%

Non-Churning Customers (Class 0 – Majority Class)
1. Precision
· Training – 85%
· Test – 83%
The model is good at minimising false positives (predicting churning customers as non-churning) for class 0.

2. Recall
· Training – 92%
· Test – 91%
This shows that the model is good at predicting actual non-churning customers.

3. F1-Score
· Training 88%
· Test 87%
F1-Score is a balance of precision and recall, 87% shows the model is working well regarding predictions for non-churning customers.

Churning Customers (Class 1 – Minority Class)
1. Precision
· Training – 72%
· Test – 66%
Given 50% is akin to a random guess, 66% isn’t much better. Given this score I expect the model to predict a lot of false positives (model predicting non-churning customers as churners).

2. Recall
· Training - 54%
· Test – 50%
The model is missing half of actual churners, creating false negatives.

3. F1-Score
· Training – 62%
· Test – 57%
Given the low precision and recall, F1-Score is also low, showing a poor model performance for predicting churning customers.

Confusion Matrix

AUC-ROC Evaluation
The AUC-ROC score of 0.79 shows us that the model is ‘OK’ according to Evidently AI [9]. The model distinguishes between classes reasonably well, but it could be better. This reflects my findings for previous metrics, class 0 performs well but class 1 is low.

SVM Model Conclusion Pre-Hyperparameter Tuning
 SVM Model Conclusion Pre-Hyperparameter Tuning
The SVM model has shown good performance at predicting the majority class of non-churning customers, with good levels of accuracy, precision, recall, and F1-Score. 
The model currently struggles predicting outcomes for the minority class of non-churning customers, with unacceptable levels of precision, recall, and F1-Score. 

To address the weaknesses in the minority class, I will perform hyperparameter tuning.

Hyperparameter Tuning with GridSearchCV

I have used GridSearchCV tool which is in the scikit-learn library, this tool automatically finds the optimal tuning parameters [10]. 
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The best parameters were identified as: {'C': 1, 'class_weight': None, 'gamma': 'auto', 'kernel': 'rbf'}

Despite training the model again using these parameters, there was no effect on the outcomes for any of the metrics as seen in the images below:
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Improved Parameters with Additional Kernels
To  seek the best parameters, I included linear and poly kernels. Despite the GridSearchCV not identifying these new kernels as optimal, it did prompt the function to give us the new parameter, gamma ‘scale’.

New best parameters: {'C': 1, 'class_weight': 'balanced', 'gamma': 'scale', 'kernel': 'rbf'}
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Hyperparameter tuning has made the SVM confusion matrix more balanced, TPs have raised to 442 and FNs decreased to 119. The trade-off is that FPs increased to 440. Showing an improvement in the minority class.

The new parameters balanced the model, improving the minority class recall from 50% to 78%. F1-Score as a result also improved from 57% to 61%. 
As a trade-off, recall for majority class went from 91% to 71%, and precision from 91% to 90%. 

Overall, hyperparameter tuning has improved the model.
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[bookmark: _Toc184894521]Logistic Regression (LR)
I have implemented the LR model, the results are similar to the SVM model, the model is imbalanced, scoring better for the majority class and worse for the minority class:
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Accuracy
· Training – 75%
· Test – 74%
This indicates that the model is relatively accurate.

Non-Churning Customers (Class 0 – Majority Class)
1. Precision
· Training – 91%
· Test – 91%
Model is very good at minimising false positives for class 0.

2. Recall
· Training – 73%
· Test – 71%
This shows the model is correctly predicting most non-churners.

3. F1-Score
· Training – 81%
· Test – 80%
F1-score is high reflecting the balance of high precision and recall.

Churning Customers (Class 1 – Minority Class)
1. Precision
· Training – 52%
· Test – 50%
The model is only right 50% when predicting if a customer is to churn.

2. Recall
· Training – 81%
· Test – 81%
Model is predicting most actual churners.

3. F1-Score
· Training – 63%
· Test – 62%
Although a percent higher hyperparameter tuned SVM model, 62% is low, brought down by low precision.

Confusion Matrix 
The initial LR confusion matrix predicted:
· 1096 True Negatives
· 453 False Positives
· 108 True Positives
· 453 False Negatives

The high number of false negatives/low true positives shows difficulty in identifying churners effectively.
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AUC-ROC Evaluation

A score of 0.84 shows a good separation of  classes, this figure could increase even more with hyperparameter tuning.
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Feature Coefficients
Coefficients from the LR model are useful for a clear indication of which features influence churn the most. Negative coefficients mean that the customer is less likely to churn. Looking at the table it is clear that long contracts and long tenure lead to lower churn. Features like fibre internet led to higher churn. Note some features (month-month contracts etc) don’t appear due to drop_first=True implemented earlier.
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LR Predictions – Sigmoid Function
The LR model can be used to calculate the probability of churn. By using the sigmoid function to convert the weighted sum of features along with their coefficients, the function outputs a value between 0 and 1, representing the likelihood of churn [11]. For example, for the first prediction below, the actual value was 1 (churn), as was the predicted value, making a correct prediction. The model assigned a probability of 0.607 (61%) to this prediction. This is an interpretable approach which can be utilised by all stakeholders to understand predictions.
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LR Model Conclusion Pre-Hyperparameter Tuning
The LR model has shown good predicting performance for the majority class of non-churning customers through high levels of precision, recall and F1-Score. For the minority class however, the model did not perform well, with low levels of precision which will lead to more false positives. 
To remedy this, hyperparameter tuning will be used to get a better balance between classes.

LR Hyperparameter Tuning with GridSearchCV
GridSearchCV has been used on the LR model to assist me in finding the optimal parameters for hyperparameter tuning. GridSearch tested a variety of regulisation strengths (C) and found C = 10 to be optimal. However, even after finding the best parameters and retraining the model, the output was slightly worse, with the tuned model giving us test results of 0.73 accuracy, down from 0.74.
The AUC-ROC score also didn’t change and remains at 0.84.
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Confusion matrix slightly improved, 112 TPs up from 108 and a decrease in FNs to 449. This is a slight improvement and doesn’t significantly improve churn the models ability to predict churn.


The lack of meaningful improvements because of hyperparameter tuning is likely due to the original LR model being close to optimal by default.

[bookmark: _Toc184894522]Conclusion

Analysis of the LR and SVM models showed both strengths and limitations for predicting churn. 
The LR model proved more interpretable through displaying coefficients and prediction probabilities, making it effective for identifying features which drive churn. The confusion matrix showed poor prediction performance through false negatives for the minority (churning) class, even after tuning.
SVM performed better at identifying churners (minority class) after hyperparameter tuning, although the confusion matrix showed tuning did result in the model predicting more false positives for non-churners. A hybrid approach may be best with business’ using both LR for its interpretability and SVM for its balanced predictions to predict customer churn.

Strategies to consider implementing to reduce churn include promoting longer term contracts, reducing the cost of fibre internet if possible, and perhaps conduct satisfaction surveys on customers who pay over 20% above the average monthly charge for their tenure bracket to ensure satisfaction as these groups of customers churn most frequently.


Video Link
Link to YouTube Video:
https://youtu.be/zmE0QqRsdWQ 
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paran_grid =
©: 11, 10, #Regularisation paraneter
‘ganma’: ['scale'],  #Kernel coefficient

*kernel's [linear', 'poly’, 'rbf'l,#different kernels
*class _weight': ['balanced'] #Handle closs inbalance

)

# Configure GridSearchCy
grid_search = GridSearchcV(
estinator=sVC(probability=True),  # Probability=true so AUC-ROC works
aran_grid, # Paraneter grid
1_veighted # Optinise Fl-score
# 3-fold cross-validation
# Display progress

)

# Fit the grid search on the training data
grid_search. fit(X_train_scaled, y_train)

# Print the best paransters/F1-Score
, grid_search.best_parans_)
. arid_search.best_score_)

Fitting 3 folds for each of 6 candidates, totalling 18 fits
Best Paraneters: {'C': 1, 'class_weight': 'balanced’, 'gamna’s ‘scale’, ‘kernel's 'rbf'}
Best Fi-Score from GridSearchCV: 0.7562317383357358
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Feature Coefficients for Logistic Regression:
Coefficient Absolute Coefficient

Contract_Tuo year 1320116 1.329116
tenure -1.180877 1.180877
Contract_one year -0.686635 0.686635
InternetService_Fiber optic o.611862 0.611862
TotalCharges 0.457105 0.457105
OnlineSecurity_Yes -0.390218 0.390218
Phoneservice ~0.386605 0.386605
OnlineBackup_Yes -0.339605 0.339605
PaynentHethod_Electronic check 0.32408¢ 0.324084
Techsupport_Yes -0.306477 0.306477
PaperlessBilling 0.294379 0.204379
MultipleLines No phone service 0.288451 0.288451
HonthlyCharges 0.245692 0.245692
SeniorCitizen 0.188380 0.188380
Dependents| -0.182344 0.182344
StreaningTV_Yes 0.160782 0.160782
MultipleLines_ves 0.159555 0.159555
Streaningovies_Yes 0.145378 0.245374
StreaningMovies No internet service  -0.091117 0.091117
StreaningTV_No internet service -0.091117 0.091117
OnlineBackup No internet service -0.091117 0.091117
Techsupport_No internet service -0.091117 0.091117
DeviceProtection No internet service 0091117 0.091117
Internetservice No -0.091117 0.091117
Onlinesecurity flo internet service -0.091117 0.091117
Paynentiethod_Credit card (automatic) — -0.045358 0.045358
gender -0.040253 0.040253
Devicerotection_Yes -0.021878 0.021878
Paynenthethod_Mailed check 0.013831 0.013831
Partner 0.004401 0.004401
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df.info()

<class *pandas.core. frame.DataF rane'>
RangeIndex: 7043 entries, @ to 7042
Data columns (total 21 columns):
Column Non-Null Count

o custonerId 7043 non-null  object
1 gender 7043 non-null  object
2 SeniorCitizen 7043 non-null int64

3 Partner 7043 non-null  object
4 Dependents 7043 non-null  object
5 tenure 7043 non-null  intéd

6 Phoneservice 7043 non-null  object
7 MultipleLines 7043 non-null  object
8 InternetService 7043 non-null  object
9 OnlineSecurity 7043 non-null  object
10 OnlineBackup 7043 non-null  object
11 DeviceProtection 7043 non-null object
12 Techsupport 7043 non-null  object
13 StreamingTV 7043 non-null  object
14 StreamingMovies 7043 non-null  object
15 Contract 7043 non-null  object
16 PaperlessBilling 7043 non-null  object
17 PaymentMethod 7043 non-null  object
18 MonthlyCharges 7043 non-null  floatéd
19 TotalCharges 7043 non-null  object
20 Churn 7043 non-null  object

dtypes: float64(1), int64(2), object(18)
memory usage: 1.1+ MB




image2.png
df = pd.read_csv('customerChurnataset.csv')

df.head()
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