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Introduction
Logistic Regression (LR) and Support Vector Machines (SVM) are two fundamental classification algorithms in machine learning. Both are used for solving binary classification problems, where the goal is to categorise data points into one of two classes. Despite their differing methodologies and applications, both techniques offer unique advantages and are integral to the toolbox of data scientists and machine learning practitioners. This paper explores LR and SVM, covering their underlying principles and applications and a comparative analysis highlighting their strengths and weaknesses.[1]
Logistic Regression (LR)
Logistic Regression, despite its name, is a straightforward statistical method used for binary classification. It is not a regression technique but a classification one. It is based on the logistic function, also known as the sigmoid function, which transforms its input into a value between 0 and 1, making it ideal for probability estimation. Its simplicity and interpretability make it a reassuring choice for many classification tasks.
Applications of Logistic Regression
1. Medical Diagnosis: Logistic Regression is extensively used to predict the probability of a patient having a specific disease based on medical tests and demographic information. For example, it can predict the likelihood of heart disease based on age, cholesterol levels, and blood pressure.[2][4]
2. Credit Scoring: In finance, Logistic Regression is used to assess the creditworthiness of loan applicants. By analysing historical data, the model predicts the probability of an applicant defaulting on a loan, helping banks and financial institutions make informed lending decisions.[5]
3. Marketing: Companies utilise Logistic Regression to predict customer behaviour, such as the likelihood of a customer responding to a marketing campaign or churning. This information helps tailor marketing strategies to target the right audience and improve customer retention.[6]
4. Binary Classification: Logistic Regression suits various binary classification tasks, including email spam detection, fraud detection, and employee turnover prediction. It provides a simple yet effective way to classify data points into two categories.
Support Vector Machines (SVM)
Support Vector Machines (SVM) is a versatile supervised learning algorithm for classification and regression tasks. It finds the optimal hyperplane that maximises the margin between different classes. For linear data, this hyperplane is a straight line. However, for non-linear data, SVM can use kernel functions to map data into higher-dimensional spaces where a hyperplane can separate the classes. This versatility instils confidence in its ability to handle complex data.
Linear and Non-linear SVM
1. Linear SVM: For linearly separable data, SVM finds the hyperplane that maximises the margin between the two classes. The margin is the distance between the hyperplane and the nearest data points from either class, known as support vectors[8].
2. Non-linear SVM: For non-linearly separable data, SVM uses kernel functions to transform the data into a higher-dimensional space. Standard kernel functions include the polynomial kernel, radial basis function (RBF) kernel, and sigmoid kernel. These transformations allow SVM to find a hyperplane that can effectively separate the classes in the transformed space[8].
Applications of SVM
1. Text Classification: SVM is widely used in text classification tasks, such as spam detection, sentiment analysis, and document categorisation. By transforming text data into numerical feature vectors, SVM can accurately classify texts, effectively managing text data's high-dimensional nature [9].
2. Image Classification: In computer vision, SVM is employed for image classification tasks, including handwritten digit recognition, face detection, and object classification. The ability to oversee complex patterns and variations in image data makes SVM a robust choice for visual recognition[9].
3. Bioinformatics: SVM is used to classify biological data, such as gene expression profiles, protein sequences, and microarray data. It helps predict protein functions, identify disease genes, and classify cancer types based on gene expression patterns[10].
4. Financial Market Analysis: In finance, SVM is used for stock price prediction, financial news classification, and fraud detection. SVM can identify patterns and predict future market movements by analysing historical price data, news articles, and transaction details [11].
Conclusion
Logistic Regression (LR) and Support Vector Machines (SVM) are prominent supervised learning algorithms used for classification tasks, but they have distinct characteristics and applications. Logistic Regression is a statistical method that models the probability of a binary outcome based on one or more predictor variables. It uses the logistic function to transform linear combinations of the predictors, ensuring the output is a probability between 0 and 1. LR is particularly valued for its simplicity, interpretability, and effectiveness in cases where the relationship between the predictors and the outcome is close to linear[12]. It performs well when the dataset is linearly separable and dimensionality is relatively high. Support Vector Machines is a more complex and versatile algorithm that aims to find the optimal hyperplane which separates data points of different classes with the maximum margin. SVMs can manage linear and non-linear classification tasks using kernel functions to project data into higher dimensions. This makes SVM highly effective for datasets with complex boundaries. However, SVM can be computationally intensive, particularly with large datasets and when using non-linear kernels. In summary, while Logistic Regression is preferred for its simplicity and interpretability in linearly separable data, SVMs are chosen for their flexibility and performance in handling more complex, high-dimensional data. The choice between LR and SVM often depends on the specific nature of the dataset and the classification problem at hand.
Hyperparameter Tuning
Logistic Regression
To potentially improve the performance of Logistic Regression, we performed hyperparameter tuning using GridSearchCV. We explored different values for the regularisation parameter 'C' and various solvers. However, post-tuning, we observed that the performance metrics for Logistic Regression showed minimal changes, indicating that the initial model was already well-optimised and its performance was secure.
Linear SVM
Similarly, we focused on tuning the 'C' parameter for Linear SVM and specified the linear kernel. Despite these efforts, the performance metrics for Linear SVM also remained identical to their pre-tuning values, suggesting that the initial model was well-configured.
Conclusion
The minimal changes in performance metrics post-hyperparameter tuning suggest that both Logistic Regression and Linear SVM models were already performing optimally. This consistency indicates stability and reliability in their predictions.
Analysis and Interpretation
Performance Metrics Recap
The performance metrics for Logistic Regression and Linear SVM, both pre- and post-hyperparameter tuning, provide a comprehensive overview of their efficacy. For Logistic Regression, the pre-tuning training data shows an accuracy of 0.8059, precision of 0.6645, recall of 0.5420, F1 score of 0.5971, and an AUC-ROC of 0.8534. The pre-tuning test data exhibits an accuracy of 0.8112, precision of 0.6784, recall of 0.5490, F1 score of 0.6069, and an AUC-ROC of 0.8437. Post-tuning, the training data shows minor changes with an accuracy of 0.8055, precision of 0.6638, recall of 0.5405, F1 score of 0.5959, and an AUC-ROC of 0.8534. The test data remains the same with an accuracy of 0.8112, precision of 0.6784, recall of 0.5490, F1 score of 0.6069, and an AUC-ROC of 0.8436. Similarly, for linear SVM, the pre-tuning training data shows an accuracy of 0.8010, which is precise.
Hyperparameter Tuning
[bookmark: _Toc184890993]Logistic Regression
Pre-tuning:
· Training Data: Accuracy: 0.8059, Precision: 0.6645, Recall: 0.5420, F1 Score: 0.5971, AUC-ROC: 0.8534
· Test Data: Accuracy: 0.8112, Precision: 0.6784, Recall: 0.5490, F1 Score: 0.6069, AUC-ROC: 0.8437
Post-tuning:
· Training Data: Accuracy: 0.8055, Precision: 0.6638, Recall: 0.5405, F1 Score: 0.5959, AUC-ROC: 0.8534
· Test Data: Accuracy: 0.8112, Precision: 0.6784, Recall: 0.5490, F1 Score: 0.6069, AUC-ROC: 0.8436
For Logistic Regression, hyperparameter tuning did not significantly change the performance metrics. The accuracy, precision, recall, F1 score, and AUC-ROC values remain identical, suggesting that the initial model was already well-optimised [13].
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Pre-tuning:
· Training Data: Accuracy: 0.8010, Precision: 0.6529, Recall: 0.5336, F1 Score: 0.5873, AUC-ROC: 0.8487
· Test Data: Accuracy: 0.8102, Precision: 0.6843, Recall: 0.5294, F1 Score: 0.5970, AUC-ROC: 0.8391
Post-tuning:
· Training Data: Accuracy: 0.8008, Precision: 0.6526, Recall: 0.5329, F1 Score: 0.5867, AUC-ROC: 0.8488
· Test Data: Accuracy: 0.8102, Precision: 0.6843, Recall: 0.5294, F1 Score: 0.5970, AUC-ROC: 0.8393
Like Logistic Regression, the hyperparameter tuning for the linear SVM model resulted in minimal changes to the performance metrics. The accuracy, precision, recall, F1 score, and AUC-ROC values were the same before and after tuning.
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The minimal changes in performance metrics suggest that the Logistic Regression and Linear SVM models were already performing optimally with their default hyperparameters. Hyperparameter tuning did not significantly enhance their performance, likely because the models had already reached their performance limits for this dataset. The high AUC-ROC values for both models indicate strong overall performance in distinguishing between the classes. Consider further exploring more advanced models or additional feature engineering to improve model performance.
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The performance metrics for both Logistic Regression and Linear SVM, before and after hyperparameter tuning, provide a comprehensive overview of their efficacy:
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[bookmark: _Toc184890998]Interpretation of the Data
The consistent performance metrics between pre-tuning and post-tuning models for Logistic Regression and Linear SVM suggest that the initial models were already well-optimised. Hyperparameter tuning did not lead to significant changes, indicating stability and reliability in their predictions[13]. However, fewer C values were used for the SVM's hyperparameter tuning due to its long processing times.
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Both models exhibit comparable performance, with Logistic Regression slightly outperforming Linear SVM in recall and F1 score, while Linear SVM shows marginally higher precision. The high AUC-ROC values for both models indicate strong overall performance and good discrimination between classes[14].
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Precision reflects the model's ability to minimise false positives. Higher precision in the Linear SVM model indicates fewer false positive errors. Recall, on the other hand, measures the model's ability to capture all positive cases. The slightly higher recall of Logistic Regression suggests it is better at identifying actual positives, albeit with more false positives. The F1 scores, representing a balance between precision and recall, are similar for both models, indicating balanced performance.[15]
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[bookmark: _Toc184891003]Feature Engineering and Data Preprocessing
Companies can implement targeted onboarding and engagement programs to address customer churn and retain new customers. Personalised welcome packages, frequent check-ins, and tailored offers can help improve retention for newer customers. Flexible pricing plans or discounts for customers with higher monthly charges can also help reduce churn. Providing value-added services or bundling options can justify higher costs and enhance customer retention. Encouraging customers to opt for longer-term contracts through incentives such as discounts, loyalty programs, or additional benefits can increase customer commitment and reduce churn rates. Improving service quality, particularly in areas identified as significant predictors of churn, can enhance customer satisfaction and loyalty. Providing excellent technical support, robust online security, and reliable services can lead to better customer retention[16].
Given the similar performance metrics, Logistic Regression and Linear SVM are viable for deployment. The specific context and requirements should guide the choice between them. If minimising false positives is crucial, such as in fraud detection, Linear SVM may be preferred due to its higher precision. However, if capturing all positive cases is more critical, such as in medical diagnosis, Logistic Regression might be the better choice due to its higher recall. Further improvements can be achieved through feature engineering and data preprocessing. Identifying and removing redundant or irrelevant features can reduce overfitting and improve generalisation. Applying transformations to capture non-linear relationships can also enhance model performance. Techniques like SMOTE (Synthetic Minority Over-sampling Technique) or adjusting class weights can help balance the training data.[17]
Exploring more advanced algorithms or ensemble methods can achieve better performance. Techniques like Random Forest, Gradient Boosting, or XGBoost combine multiple models to improve accuracy and robustness[18]. For complex, high-dimensional data, neural networks or deep learning models might perform better. Ensuring robust model validation through techniques like cross-validation is essential. K-Fold Cross-Validation, where the dataset is divided into K subsets and the model is trained and tested K times, provides a more reliable estimate of model performance[19]. Refining hyperparameters using methods like Randomized Search or Bayesian Optimization can help efficiently explore a more expansive parameter space.
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The analysis indicates that Logistic Regression and Linear SVM models perform well, with high accuracy, precision, recall, F1 scores, and AUC-ROC values. The minimal changes post-hyperparameter tuning suggest that the initial models were already well-optimised. Choosing one model over the other should be guided by the specific context and objectives, such as the relative importance of precision versus recall. Further improvements can be pursued through feature engineering, advanced algorithms, and rigorous validation techniques. The insights from the data highlight key factors influencing customer churn, providing actionable recommendations to improve customer retention. The chosen model can provide reliable and accurate predictions by implementing these insights and suggestions, leading to actionable outcomes and better decision-making.
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Appendix
Video link: https://youtu.be/oE--KednmhE
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