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[bookmark: _Toc184649839]Abstract
This study evaluates the effectiveness of Logistic Regression (LR) and Support Vector Machine (SVM) models in predicting customer churn using the Telco Customer Churn dataset. The research implements comprehensive data preprocessing, model development, and hyperparameter tuning through GridSearchCV. Results demonstrate that the tuned LR model is the optimal choice, with each model achieving similar results; however, it maintained significantly lower computational requirements compared to SVM. Feature importance analysis revealed that tenure, total charges, and service types are key predictors of customer churn. The findings suggest that LR offers an optimal balance of performance, interpretability, and computational efficiency for practical churn prediction deployment.
[bookmark: _Toc184649840]Introduction
Customer churn prediction represents a critical challenge for businesses seeking to maintain a competitive advantage and minimise revenue loss. The ability to accurately identify customers likely to stop using the service enables proactive retention strategies and more efficient resource allocation. This study focuses on implementing and comparing two widely used machine learning models: Logistic Regression and Support Vector Machine for churn prediction.
The research utilises the Telco Customer Churn dataset to develop and evaluate prediction models through comprehensive data preprocessing, feature engineering, and hyperparameter optimization. Both models are assessed using multiple performance metrics, including accuracy, precision, recall, F1-score, and area under the curve (AUC). The study also aims to determine the superior model for churn prediction and to provide insights into the computational requirements and practical implications of each approach.
[bookmark: _Toc184649841]Problem statement
Customer churn, also known as customer attrition, is when a customer stops doing business with a company. This could mean they cancelled their subscription, stopped renewing a contract, or started shopping at a competitor. The significance of churn to a business can result in a negative look to the company. With some of the consequences being a loss of immediate or future revenue or problems within the business and its products. This could be an issue with the product quality or its relevancy to current social trends, their current pricing strategy, or their positioning in the competitive market. [1]
Predictive models are essential tools in churn prevention as they help businesses proactively identify customers likely to leave before they do. By analysing historical data, customer behaviour patterns, and various indicators like service usage, payment history, and customer interactions, these models can assign "churn risk scores" to customers. This early warning system can enable companies to take pre-emptive actions, making retention attempts more efficient and cost-effective. [2]
Instead of waiting for customers to show obvious signs of leaving or applying inefficient retention strategies, companies can focus their resources on high-risk customers with personalised interventions. For instance, a customer predicted to churn due to service quality issues might receive different treatment than one likely to leave due to pricing concerns.
Logistic Regression and Support Vector Machine serve complementary objectives in churn prediction. LR aims to estimate the probability of churn by modelling the relationship between customer features and churn outcome through a sigmoid function, providing easily interpretable results and probability scores. [3]
SVM, on the other hand, focuses on finding the optimal hyperplane that best separates churners from non-churners, handling both linear and non-linear relationships through kernel functions. It's especially effective when dealing with complex patterns and high-dimensional data, though it may be less interpretable than LR.
[bookmark: _Toc184649842]Methodology
[bookmark: _Toc184649843]Data exploration and preprocessing
The analysis began with exploring the Telco Customer Churn dataset, examining its structure and characteristics. Initial data exploration revealed numerical features including tenure, monthly charges, and total charges, alongside categorical variables such as contract type, payment method, and additional services. The dataset showed a class imbalance, with churn rates at approximately 27% of customers.
Data preprocessing involved multiple steps to ensure data quality and model compatibility. Missing values in the ‘TotalCharges’ column was identified and handled by converting string values to float type, with subsequent removal of null entries. The CustomerID column was dropped as it served no predictive purpose. Categorical values were encoded to convert them into a format suitable for machine learning algorithms. The target variable 'Churn' was binary encoded, transforming 'Yes'/'No' values to 1/0 using the get_dummies() method within the panda library.
Feature scaling was implemented using ‘StandardScaler’ to normalise all features to zero mean and unit variance, ensuring equal weight consideration during model training. The pre-processed dataset was split into training (70%) and testing (30%) datasets using stratified sampling to maintain class distribution.
[bookmark: _Toc184649844]Model Development
Two machine learning models were developed: logistic regression and support vector machine. The base logistic regression model was implemented with default parameters and a maximum iteration limit of 100,000 to ensure convergence. The SVM model was configured with probability estimation enabled for ROC curve analysis.
Hyperparameter tuning was performed using GridSearchCV with 5-fold cross-validation. For logistic regression, the grid search explored regularisation strength (C values: 0.1, 1, 10), penalty types (l1, l2), and the ‘liblinear’ solver. SVM optimisation included C values (0.1, 1, 10), kernel types (rbf, linear) and gamma parameters (scale, auto, 0.1).
[bookmark: _Toc184649845]Model Evaluation
Model performance was assessed using multiple metrics to provide thorough evaluation. Accuracy measured overall prediction correctness, while precision and recall focused on true positive prediction quality and completeness. The F1-score provided a balanced measure between precision and recall. AUC-ROC curves evaluated model discrimination ability across different classification thresholds.
Confusion matrices were generated to visualise true or false values for positives and negatives, allowing for error analysis. Feature importance analysis was conducted to identify the most influential predictors of customer churn, with visualisation of the top 10 features for each model. Performance comparisons between base and tuned models were visualised through bar plots, facilitating direct comparison of improvement through hyperparameter optimisation.
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[bookmark: _Toc184649847]Initial Model Development
Initial experiments focused on implementing baseline models for both logistic regression and support vector machines. The logistic regression model was configured with default parameters and an increased maximum iteration limit of 100,000 to ensure convergence. The base SVM model was implemented with probability estimation enabled to facilitate ROC curve analysis. Training times were recorded for both models, with logistic regression completing training significantly faster than SVM.
[bookmark: _Toc184649848]Data Preprocessing Experiments
Data preprocessing experiments involved testing different approaches to handle the ‘TotalCharges’ column, which contained string values and missing data. The final approach converted string values to float type and removed null entries. One-hot encoding was applied to categorical variables after experimenting with other encoding methods, as it provided better model performance and speed.
[bookmark: _Toc184649849]Hyperparameter Optimization
Grid search experiments were conducted using Sklearn's ‘GridSearchCV’ with 5-fold cross-validation. The parameters grid each model through are as follows:
For logistic regression, the regularisation strength (C) included 0.1, 1 and 10. The penalty type was either ‘l1’ or ‘l2’ and the solver was ‘liblinear’.
For the SVM optimisation, it had the regularisation strength (C) as 0.1, 1 and 10. It had the gamma values as scale, auto, or 0.1, and the kernel type was either ‘rbf’ or ‘linear’.
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[bookmark: _Toc184649851]Base Model Performance
The initial LR model achieved an accuracy of 0.7953, with precision of 0.7388, recall of 0.7128, an AUC of 0.8392, and a F1 score of 0.7233. The base SVM model showed comparable performance with accuracy of 0.7938, precision of 0.7395, recall of 0.697, an AUC of 0.8013, and a F1 score of 0.7120. Both models demonstrated effective baseline capabilities for churn prediction.
[bookmark: _Toc184649852]Hyperparameter Optimization
Grid search optimisation was performed on both models to identify optimal parameters. It identified the most optimal parameters for SVM as C = 10, gamma = scale, and ‘rbf’ kernel. Whereas the most optimal parameter for logistical regression was C=1.0, l2 penalty, and ‘liblinear’ solver.
Grid search optimisation revealed significant differences in computational requirements between the models. SVM optimisation took 227.57 seconds to evaluate 18 parameter combinations across 5 folds, while LR required only 2.47 seconds for 6 parameter combinations. This difference in computational efficiency highlights the importance of model selection.
[bookmark: _Toc184649853]Tuned Model Results
The hyperparameter tuning process yielded modest improvements across some of the metrics:
The tuned LR showed slight enhancement, with accuracy increasing to 0.7962, precision to 0.7404, and F1 score increasing to 0.7235. AUC and recall had a slight decrease to 0.8391 and 0.7123, respectively.
	Metrics:
	LR
	Tuned LR

	Accuracy
	0.7953
	0.7962

	Precision
	0.7388
	0.7404

	Recall
	0.7128
	0.7123

	F1 Score 
	0.7233
	0.7235

	AUC
	0.8392
	0.8391



The tuned SVM performance was marginally lower in accuracy and precision, with accuracy at 0.7904 and precision at 0.7319. Whereas recall, F1 score, and AUC are all improving, with recall at 0.7072, F1 score at 0.7173, and AUC at 0.8237.
	Metrics:
	SVM
	Tuned SVM

	Accuracy
	0.7938
	0.7905

	Precision
	0.7395
	0.7319

	Recall
	0.697
	0.7072

	F1 Score 
	0.712
	0.7173

	AUC
	0.8013
	0.8237



[bookmark: _Toc184649854]Model Comparison
Comparing all four models revealed that the tuned LR achieved the highest accuracy (0.7962), F1-score (0.7235), and precision (0.7404). Whereas the base LR had the highest AUC (0.8392) and recall (0.7128). The LR models maintained more consistent performance between base and tuned versions, with the average difference between the versions being 0.09%, suggesting that optimising it wouldn’t have gained a significant advantage. The SVM model has an average difference between the versions of 1.28%, highlighting a bigger improvement.
[bookmark: _Toc184649855]Feature Importance Analysis
Feature importance analysis reveals distinct patterns between the models. Logistic regression emphasises tenure and total charges as primary predictors, while SVM prioritises monthly charges and fibre optic internet service. Both models consistently rank financial metrics and service types as significant factors. Contract-related features carry more weight in logistic regression, while SVM focuses more on specific service offerings. Streaming services show moderate importance across both models, suggesting they play a secondary role in predicting customer churn.
[bookmark: _Toc184649856]ROC and Confusion Matrix Analysis
The confusion matrices and ROC curves show comparable performance between the tuned logistic regression and support vector machine models. LR correctly identified 1,381 non-churners and 299 churners, while SVM identified 1,371 non-churners and 297 churners, showing similar classification patterns. Both models exhibited similar false positive and false negative rates. The ROC curves for both models show strong predictive power, indicating good judgement ability between churners and non-churners. The similar curve shapes suggest that both models maintain consistent performance across different classification thresholds, with neither model showing a clear advantage over the other.
[bookmark: _Toc184649857]Results summary
These results suggest that while both models are effective for churn prediction, the choice between them may depend on specific business requirements regarding computational resources, interpretation needs, and performance priorities. However, the LR model offers the best balance of performance and computational efficiency. The minimal performance difference between base and tuned versions, combined with the substantial difference in optimisation time, indicates that simpler base models might be sufficient for practical deployment in this context.
[bookmark: _Toc184649858]Discussions
The experimentation with Logistic Regression and Support Vector Machine models for customer churn prediction revealed several key insights. The LR model demonstrated superior computational efficiency, completing hyperparameter optimisation in just 2.47 seconds compared to SVM's 227.57 seconds, while maintaining slightly better overall performance metrics.
The minimal performance improvement from hyperparameter tuning in the LR model (average difference of 0.09%) suggests that the base model already captured the underlying patterns effectively. In contrast, SVM showed more substantial improvements through tuning (1.28% average difference), indicating higher sensitivity to parameter selection but at a significant computational cost.
Feature importance analysis revealed complementary strengths between the models. LR excelled at identifying high-level predictors like tenure and total charges, making it more interpretable for business stakeholders. SVM's focus on specific services and monthly charges suggests better capability in capturing complex relationships between features.
Businesses may implement the LR model due to its practical implications, including lower computational requirements, higher interpretability, and easier deployment and maintenance. However, some of the limitations of the models are that they were trained on an imbalanced dataset with a 27% churn rate. This could also explain the similar limitations in metrics, particularly the recall metrics. Futures research can investigate incorporating temporal features or ensemble methods that combine the strengths of both models.
[bookmark: _Toc184649859]Conclusion
The comparative analysis of LR and SVM models for customer churn prediction reveals that while both approaches demonstrate effective predictive capabilities, the LR model offers greater practical advantages. The tuned LR model achieved marginally better results and maintained consistent performance metrics while requiring significantly fewer computational resources for optimisation (2.47 seconds versus SVM's 227.57 seconds).
Feature importance analysis highlighted that financial metrics, tenure, and service types are crucial predictors of customer churn, providing actionable insights for business strategy. The minimal performance improvement from hyperparameter tuning in the LR model suggests that simpler implementations may be sufficient for practical deployment.
These findings indicate that to implement churn prediction systems, the LR model offers an optimal balance of accuracy, interpretability, and computational efficiency. Future research could explore ensemble methods or temporal feature incorporation to further enhance prediction capabilities.

https://youtu.be/tI-6J8NyR0Q
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