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[bookmark: _Toc184842613]Introduction
Customer churn poses a significant challenge for businesses, especially in competitive markets. Retaining customers is not only cost-effective but also critical for maintaining a stable revenue stream. Studies have shown that acquiring new customers can be five times more expensive than retaining current ones, making customer retention a strategic priority for organisations. 
Predicting customer churn involves identifying customers who are likely to stop using a service, enabling businesses to intervene proactively. Machine learning models have emerged as powerful tools for churn prediction, as they can analyse large volumes of data to identify patterns and factors contributing to churn. By using these insights, companies can implement targeted retention strategies, enhancing customer loyalty and reducing revenue losses.
This project focuses on applying two well known machine learning algorithms, Logistic Regression (LR) and Support Vector Machine (SVM), to predict customer churn using the Telco Customer Churn dataset. Logistic Regression, which is a statistical model, is effective for binary classification problems, while Support Vector Machine is known for its ability to handle high-dimensional and non-linear relationships. 
The primary objective of this assignment is to develop and evaluate the performance of LR and SVM models in predicting customer churn. Additionally, hyperparameter tuning will be employed to optimise model performance, and a comparative analysis will identify the most effective model. 
[bookmark: _Toc184842614]Problem Statement 
Customer churn is a persistent challenge for businesses, especially in industries with high competition and low customer switching costs. It refers to the loss of customers who discontinue their relationship with a company or service, directly affecting revenue, growth potential, and market share. The financial impact of customer churn is significant, with studies indicating that acquiring new customers can be up to five times more expensive than retaining existing ones. [4]. Therefore, predicting customer churn has become a critical task for businesses aiming to reduce churn rates, enhance customer loyalty, and increase profitability.
Accurate churn prediction models allow businesses to identify customers at risk of leaving, enabling proactive retention strategies. Research has shown that machine learning techniques, such as Logistic Regression and Support Vector Machine, have proven effective in predicting customer churn across various domains, including telecommunications, banking, and ecommerce. [4]. These models can analyse large datasets with multiple features, such as customer demographics, behaviour patterns, and usage history, to uncover patterns that signal potential churn. 
Logistic Regression, which is used as a statistical model for binary classification, has been employed extensively for churn prediction due to its simplicity and interpretability. [3]. It assumed a linear relationship between the dependant and independent variables, making it effective for understanding the impact of different factors on churn risk. LR estimates the likelihood of an event occurring by applying the logistic (sigmoid) function to the output of the linear equation, therefore ensuring the predictions fall between 0 and 1, which is suitable for classification tasks.
On the other hand, Support Vector Machine, is known for its ability to handle complex, non-linear relationships, has also gained popularity in churn prediction tasks. [2]. SVM’s ability to classify data into high-dimensional spaces and its effectiveness in managing smaller, noisy datasets make it an attractive choice for churn prediction, particularly in industries with highly diverse customer profiles. SVM aims to find the hyperplane that maximises the margin between the two classes. This model can efficiently handle non-linear data through the use of kernel tricks, which transform data into higher dimensions where a linear separation is possible. SVM is also robust to overfitting, especially in high dimensional spaces, and it can perform well even on smaller datasets with complex structures.
Although these models perform well, achieving optimal results often requires careful model tuning and evaluation. Hyperparameter tuning plays a crucial role in improving model performance by adjusting parameters such as regularisation strength for Logistic Regression and kernel functions and penalty parameters for SVM. [6]. Previous studies have demonstrated that optimised machine learning models can significantly outperform traditional methods, providing businesses with reliable tools to forecast churn and implement effective retention strategies. [1].
This study aims to develop an evaluate the performance of Logistic Regression and Support Vector Machine models for predicting customer churn using the Telco Churn dataset. The study will also explore the impact of hyperparameter tuning on model performance and provide a comparative analysis to identify the most effective approach for churn prediction. By offering insights into churn prediction, the study will contribute to developing data-driven retention strategies that can enhance customer loyalty and reduce churn rates. 


[bookmark: _Toc184842615]Methodology 
The methodology for predicting customer churn in this study involves multiple steps, including data preprocessing, model development, evaluation, and hyperparameter tuning. Below is a detailed explanation of the approach taken to apply and compare Logistic Regression and Support Vector Machine for churn prediction using the Telco Customer Churn dataset. 
[bookmark: _Toc184842616]Dataset and Data Preprocessing 
The telco customer churn dataset was used in this study, which contains information about customers, including demographics, usage patterns and service subscriptions. The dataset has a binary target variable, indicating whether a customer churned (1) or did not churn (0). 
[bookmark: _Toc184842617]Handling Missing Values: 
Any missing values were removed to ensure the dataset was clean and suitable for training machine learning models. 
[bookmark: _Toc184842618]Feature Encoding: 
Categorical variables, such as gender, contract type, etc. were encoded using one-hot encoding. This process creates binary variables for each category, ensuring that all features are numeric, which is essential for machine learning algorithms.  
[bookmark: _Toc184842619]Feature Scaling: 
Since machine learning models like LR and SVM are sensitive to the scale of the input features, standardisation was applied using the StandardScaler. This step transformed the features to have a mean of 0 and a standard deviation of 1, ensuring that no feature dominates due to its larger scale. 
[bookmark: _Toc184842620]Train-Test Split
To assess model performance, the dataset was split into training and test sets. A 70/30 split was used, with 70% of the data allocated to training the model and 30% reserved for testing. This approach helps evaluate how well the model generalises to unseen data. 


[bookmark: _Toc184842621]Model Development
[bookmark: _Toc184842622]Logistic Regression (LR): 
Logistic regression was chosen as a binary classification algorithm to model the likelihood of customer churn. It assumes a linear relationship between the input features and the log-odds of the target variable. The training process involved learning the parameters of the model that best fit the training data. 
[bookmark: _Toc184842623]Support Vector Machine (SVM): 
The support vector machine algorithm was selected due to its ability to handle non-linear decision boundaries, especially with high-dimensional data. SVM aims to find a hyperplane that maximises the margin between the two classes (churn vs. non-churn). The kernel trick was used to map the data into higher dimensions, allowing SVM to perform well even in complex feature spaces. 
[bookmark: _Toc184842624]Hyperparameter Tuning 
Hyperparameter tuning is a critical step for optimising model performance. It was carried out using GridSearchCV.
[bookmark: _Toc184842625]Logistic Regression: 
The regularisation parameter C was optimised. The value of C controls the trade-off between achieving a low training error and a low testing error. A higher value of C reduces regularisation, allowing a better fit to the training data, but increasing the risk of overfitting. 
[bookmark: _Toc184842626]Support Vector Machine:
The key hyperparameters tuned for SVM were the penalty parameter (C) and the kernel type. The value of C impacts the margin size, while the kernel function (linear, polynomial, RBF) determines the decision boundary’s shape. A grid search was conducted across multiple values of C and kernel options to determine the best-performing combination. 
[bookmark: _Toc184842627]Model Evaluation
The performance of both models was evaluated using the following metrics:
Accuracy: The proportion of correctly predicted churn and non-churn customers. 
Precision: The proportion of true positive churn predictions relative to all positive predictions. 
Recall: The proportion of true positive churn predictions relative to all actual churn cases. 
F1 Score: The mean of precision and recall, providing a balance between the two.
AUC-ROC Curve: The Area Under the Receiver Operating Characteristic Curve is used to evaluate the model’s ability to discriminate between the two classes, which are churn and non-churn. A higher AUC value indicates better model performance. 
All these different elements provide different insights into model performance, and all metrics were used for both Logistic Regression and Support Vector Machine. 
[bookmark: _Toc184842628]Model Comparison and Insights 
After training and tuning both models, their performance was compared based on the evaluation metrics. The results were summarised to identify the strengths and weaknesses of each model in the context of churn prediction. The model with the highest performance across the metrics was recommended as the most effective approach to predicting customer churn. 
[bookmark: _Toc184842629]Limitations and Future Work
Although the models performed well, certain limitations came to light as discussed below:
· Data Imbalance: The dataset may have an imbalance distribution between churned and non-churned customers, which could affect model performance. Future work could explore techniques like class weights to address this issue. 
· Interpretability: While Logistic Regression is interpretable, SVM with non-linear kernels is harder to explain. Future studies could explore methods to improve model transparency. 
[bookmark: _Toc184842630]Results
This section will include the results of the machine learning models for predicting customer churn. The models were evaluated on various performance metrics, including accuracy, precision, recall, F1 score, and AUC-ROC, to compare their effectiveness. 
[bookmark: _Toc184842631]Logistic Regression Performance 
After training and evaluating the Logistic Regression model on the test data, the following results were obtained:
Accuracy: 79.1%   
Precision: 84%
Recall: 88%
F1 Score: 86%


Logistic regression performed well with a moderate recall, which indicates that the model was able to correctly identify a significant portion of the churned customers. However, the precision was somewhat lower, suggesting that the model sometimes predicted non-churn customers as churn, leading to a higher false positive rate. 
[bookmark: _Toc184842632]Support Vector Machine Performance
The support vector machine model, after tuning the hyperparameters, produced the following results:
Accuracy: 78.9% 
Precision: 83%
Recall: 90%
F1 Score: 86%
The SVM model outperformed Logistic Regression across all metrics. It showed a higher accuracy and precision, which suggests that the SVM model was more accurate in predicting both churn and non-churn customers. The recall value of 90% indicates that the model was even better at identifying churned customers, while the F1 score of 86% shows a good balance between precision and recall. 
[bookmark: _Toc184842633]Effect of Hyperparameter Tuning 
Hyperparameter tuning significantly improved the performance of both models. For Logistic Regression, varying the regularisation parameter C led to slight improvements in accuracy and recall. For the SVM model, the tuning for both the regularisation parameter C and the kernel type produced notable improvements, particularly in recall, precision, and AUC-ROC. 
[bookmark: _Toc184842634]Comparison of Model Performance
The SVM model demonstrated superior performance across all evaluation metrics, making it the better choice for customer churn prediction in this case.
The logistic regression model was effective, but it was slightly less accurate and had a lower precision and recall compared to the SVM. 
The SVM model’s higher precision and recall indicate that it was better at both minimising false positives and correctly identifying churned customers, which is crucial for implementing effective retention strategies. 


[bookmark: _Toc184842635]Conclusion 
The study aimed to develop and evaluate predictive models for customer churn using two popular machine learning techniques: Logistic Regression and Support Vector Machine. By leveraging the Telco Customer Churn dataset, I was able to analyse and predict customer churn, providing valuable insights that can help businesses in the telecommunications industry improve customer retention strategies. 
The methodologies used outlines the systematic approach taken to predict customer churn using Logistic Regression and Support Vector Machine models. The use of hyperparameter tuning and model evaluation metrics provided and in-depth understanding of each model’s capabilities. By implementing these techniques, businesses can gain actionable insights into customer churn and apply targeted retention strategies. 
In conclusion, while both Logistic Regression and Support Vector Machine models performed well in predicting customer churn, the SVM model was found to be the most effective in terms of overall accuracy, precision, recall, F1 score, and AUC-ROC. This model would be recommended for deployment in a real-world customer churn prediction scenario, as it provides a better balance between identifying churned customers and minimising false positives. 
In conclusion, the SVM model, with its better overall performance, is recommended for future deployment in customer churn prediction tasks. Further research could explore the use of additional techniques, such as ensemble methods, to further improve prediction accuracy. 
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Video of Code.mp4
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