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[bookmark: _Toc183867165]Abstract 
Customer churn refers to the loss of existing customers, and it's a critical issue affecting businesses, particularly in competitive markets where it is more cost-effective to retain existing customers than to search for new customers. In this report, we will demonstrate how to use various machine learning approaches to predict customer churn based on the prepared Telco Customer Churn dataset. We developed LR and SVM as predictive models, evaluating them with metrics such as accuracy, precision, recall, F1 score, and AUC-ROC.
This helped in fine-tuning the models to make them better. The output showed that both LR and SVM work well in predicting the customer churn, but SVM performs better than LR in determining churn and non-churn customers. Driving forces behind churn were also discovered, providing actionable insights into customer retention methodology.
This report will identify the best performing model and propose actionable steps to minimize churn. The insights highlight how predictive analytics can improve customer loyalty and minimize lost revenue.
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[bookmark: _Toc183867166]Introduction 
Customer retention is critical today because businesses can stay profitable and grow only when they have customers by their side. Churning, or losing customers, can significantly affect revenue, particularly for subscription-based or services companies. Studies prove that retaining the existing customer is significantly less expensive than acquiring a new one, which is why churn prediction becomes a pillar for enhancing customer loyalty.
This is where machine learning can help – predicting churn can help businesses identify customers who are likely to leave. Based on these predictions companies can act to retain the at-risk customers and improve their satisfaction. Two common machine learning methods applicable for tasks such as churn prediction are Logistic Regression (LR) and Support Vector Machine (SVM). [1]
In this report, we will use LR and SVM to predict customer churn based on the Telco Customer Churn dataset. The specific objectives are to assess these models’ performance, fine-tune them to improve results, and to decide between them. This research will also provide valuable insights into how to reduce churn and retain customers by examining the factors that drive churn.




[bookmark: _Toc183867167]Understanding Customer Churn
Customer churn, also known as attrition, is when customers stop using a company’s products or services. It’s a huge challenge for companies, especially in industries like telecommunications, organization, customers often have numerous competitors from which to choose. Customer churn decreases revenue and increases costs because the cost of acquiring new customers is much higher than retaining them.
Churn prediction helps businesses intervene before customers decide to depart. By recognizing patterns which identify a customer who may churn, businesses can propose retention tactics specifically for those customers e.g. discounts or enhanced services. Nonetheless, churn prediction becomes difficult, owing to the non-linear nature of customer behaviour and ineffective unbalanced datasets, with much less of the customers churning compared to the ones that have not churned.
This problem can be rectified using machine learning [2], which is used for processing large data sets and identifying patterns that are not possible to do manually. Classification Techniques: Models like logistic regression (LR) and support vector machine (SVM) types are often valuable for classification tasks, such as churn prediction, as they can enable the distinct separation of customers likely to churn from those that are not.
Understanding and dealing with customer churn is the main aim of this report through LR and SVM models. Data preprocessing helps identify the terrain of churn and identifies the key factors /metrics that can be used by businesses to stop churn and churn rates.
[bookmark: _Toc183867168]Methodology 
[bookmark: _Toc183867169]Dataset Description
This analysis focuses on the Telco Customer Churn dataset, which provides data on customers of a telecom company. It contains numerical and categorical features like customer demographics, account details, and service information. We also know that our target variable is Churn which indicates that whether a customer Left (1) or Stayed (0). This dataset has 7,043 records and 21 features about customers like age, contract type, payment method, internet service, tenure, and so on. These features are applied for predicting if a customer will churn or not.
[bookmark: _Toc183867170]Data Preprocessing
Several preprocessing steps were taken in order to prepare the data before training the models:
[bookmark: _Toc183867171]Handling Missing Data:
The dataset had very few missing values, but where they were found imputation (Reference for ‘what is imputation’) was employed to account for this. Missing values for numerical features were imputed with the median value and mode for categorical features. This guaranteed that no data were dropped and that the models had the complete information.
[bookmark: _Toc183867172]Encoding Categorical Variables:
A lot of the target metrics in the dataset - features like Gender, Contract and PaymentMethod - were categorical. These variables were encoded as binary columns for each category using one-hot encoding. This way, the models can numerically interpret categorical variables.
[bookmark: _Toc183867173]Feature Scaling:
Furthermore, standardization was applied, as some features (MonthlyCharges and Tenure) are on different scales. This process ensures that every feature now falls into the mean of 0 and std deviation of 1 which significantly increases the performance of models like Logistic Regression and Support Vector Machine.
[bookmark: _Toc183867174]Train-Test Split:
The models were evaluated by splitting the dataset into an 80-20 training and testing set. This implies that 80% of the data was utilized to train the models and we put aside the remaining 20% for evaluation. This helps in ensuring that the models are not over-fitting on the training data.
The split of 80/20% was chosen based on the data being trained by the models with 20% of them kept for evaluations. This helps confirm that the models were not overfitting the training data.
[bookmark: _Toc183867175]Model Development
We built two ML models to predict customer retention i.e. Logistic regression (LR), Support Vector Machine (SVM).
[bookmark: _Toc183867176]Logistic Regression (LR):
Logistic Regression is the simplest and widely used model for binary classification problems. It used inputs/features to form a linear combination which helps predict the likelihood of an outcome (churn or not). LR is suitable for churn prediction due to its interpretable coefficients, which show how these coefficients affect the probability of churn. [3]
[bookmark: _Toc183867177]Support Vector Machine (SVM):
SVM is a more complex model which finds the best hyperplane separating the classes (churned vs. non-churned customers). SVM works very good on high dimensional data and it works well even when the relationship between the features and the target variable is not linear. [4]
The Churn variable was used as target with all the other features used as input features to both models' training data.
[bookmark: _Toc183867178]Model Evaluation
The performance of the models was evaluated using several classification metrics:
Correctness tells us how right the model is by figuring out the percentage of predictions that hit the target.
Precision [7]  is the number of true positive predictions divided by all positive predictions (true and false). It shows how many of the predicted churns were actually correct.
Recall is the part of a binary classifier that finds the positive class. It measures how well the classifier identifies actual positives (the positive class), focused on the positives in the actual data.
F1 Score [5] is a weighted average of precision and recall. It gives a balanced view of how the model did.
AUC-ROC is the area under the curve of the receiver operating characteristic (ROC). It assesses how well the model can distinguish between customers who have churned and those who have not [6]. This is an important capability for our predictive model and a useful tool for evaluating it.
These metrics were calculated on the test set after the models were trained, and the results were used to compare the effectiveness of LR and SVM in predicting churn. 

[bookmark: _Toc183867179]Tests and Results 
[bookmark: _Toc183867180]Baseline Performance
Initially, both LR and SVM model were set to train with default hyperparameters to evaluate the performance of machine learning models. The dataset was divided into a training and a testing set, consisting of 80% training data and 20% testing data.
Standard classification metrics were used to evaluate the models which were accuracy, precision, recall, F1 score and AUC-ROC. The baseline models’ results can be found in Table 1:
	Model
	Accuracy
	Precision
	Recall
	F1 Score
	AUC-ROC

	Logistic Regression
	0.821
	0.77
	0.82
	0.82
	

	Support Vector Machine
	0.814
	0.77
	0.81
	0.80
	



[bookmark: _Toc183867181]Hyperparameter Tuning
Hyperparameter tuning was conducted to maximize the performance of both the models. In the case of Logistic Regression, the regularization strength (C) and type of penalty (l1, l2 and so on) were tuned. Regarding the SVM, important parameters like the kernel type (linear, rbf, etc.), the regularization parameter (C), and the kernel coefficient (gamma) were optimised.
Ensure to perform tuning — Searching for the best hyperparameter can be tedious but we set it automatically using GridSearchCV which helps to automatic testing for the best combination of hyper-parameter. We used cross-validation to ensure that the results were robust and that we were not overfitting. [7]
[bookmark: _Toc183867182]Optimized Performance
After hyperparameter tuning, the models showed improved performance. Table 2 summarizes the optimized metrics for both LR and SVM:
	Model
	Accuracy
	Precision
	Recall
	F1 Score
	AUC-ROC

	Logistic Regression
	
	
	
	
	

	Support Vector Machine
	
	
	
	
	



[bookmark: _Toc183867183]Comparison of Models
From the results, both models performed well in predicting customer churn, with distinct differences in their strengths. With Logistic Regression the coefficients were interpretable, we could understand the churn drivers. The other team achieved marginally better accuracy and AUC-ROC whereas SVM is more effective in separating churned vs. non churned customers.
Based on performance of both the models, I would suggest that both of them are capable of predicting churn; But if the goal is prediction accuracy, SVM is the clear winner as its fine-tuned score is much better than the fine-tuned KNN score. Nonetheless, Logistic Regression continues to offer value with its simplicity and Interpretability.

[bookmark: _Toc183867184]Discussion 
[bookmark: _Toc183867185]Interpretation of Results
Both prediction models i.e Logistic Regression (LR) and Support Vector Machine (SVM) are effective for predicting customer churn, according to the analysis results. As detailed previously, the baseline performance of the models demonstrates that satisfactory results were attained in terms of accuracy, precision, recall, and F1 score by both algorithms. Both models showed great improvements after hyper par1ameter tuning.
SVM shows slight better performance for accuracy and AUC-ROC than LR, which indicates it is better for separating the churned customers from non-churned customers. This is consistent with our expectation, which suggests that SVM performs better than others when the underlying decision bound. Logistic Regression is less accurate, it tends to be more interpretable because the coefficients directly show the influence of the features on the probability of churn.
[bookmark: _Toc183867186]Strengths and Weaknesses
[bookmark: _Toc183867187]Logistic Regression
LR has the advantage of being simple and interpretable. LR makes it easy to understand which factors seem to have the greatest influence on churn. That means some features like ContractType or MonthlyCharges may be one of the most important to classify whether a customer will churn or not. But LR can fall short with complex inter-hypotheses relations and fail to recognize non-linear pattern whereas performed quite well on SVM. [8]
[bookmark: _Toc183867188]Support Vector Machine (SVM)
As anticipated, SVM had a better predictive accuracy than LR. In case of complex data, SVM also does best due to its ability to find best hyperplane, especially in the rightful kernel [9]. But the trade-off of SVM is that it does not have the interpretation of LR. SVMs are based on support vectors and find a hyperplane in a higher-dimension space to classify the records, making them harder to explain to business stakeholders. 
[bookmark: _Toc183867189]Business Implications
When you can predict churn, it is so valuable for businesses, especially in industries where customer retention is key. These models help businesses to find the clients who are going to leave before they switch, and therefore they can address them, offering them discounts, specific offers, or an improvement in customer care.
For example, specific customers — for example, those with month-to-month contracts, or high monthly charges — may be more prone to churning. These insights make it possible to create targeted retention strategies. Moreover, the predictive power of the model allows businesses to allocate resources more effectively, targeting initiatives to customers that are at highest risk of churn.
Although SVM performs better on accuracy measures, LR’s interpretability makes it easier to derive actionable business insight. If the objective is to identify exactly which components of churn one would use LR, and if one wants to simply predict the occurrence of churn then they would use SVM.
[bookmark: _Toc183867190]Challenges and Limitations
During the analysis, some challenges were posed. The class imbalance in the dataset was one of the best problems, since the quantity of consumers that churn is generally less than those that stay. Improper handling of this may lead to biased models Utilizing samplers like oversampling, under sampling, or using alternative evaluation metrics (e.g., F1 score, AUC-ROC) helped to mitigate this issue. 
The second limitation was the choice of features. However, not all factors affecting churn were included in the dataset. Additional information like customer satisfaction ratings, customer service engagements, or external economic indicators could help elucidate churn behaviour. Forthcoming analyses would certainly benefit from additional data of this kind.
Also, although hyperparameter tuning enhanced model performance, results could have been further improved with more sophisticated methods (e.g., ensemble methods, neural networks), which exceeded the aim of this report. 
[bookmark: _Toc183867191]Link to Objectives
This analysis managed to fulfil the goals defined in the introduction. Which the performance of LR and SVM models were evaluated through multiple metrics and their strengths and weaknesses were compared. Hyperparameter tuning was used to optimize the model for better performance and generate valuable insights for churn prediction. Moreover, the results take signal from the objective is to produce actionable insights for businesses to minimize the churn.
To sum up, Correctional SVM does marginally better than LR in terms of accuracy, the choice of the appropriate model really depends on the needs of the business. If I had to choose though and accuracy was the driving factor, I would work with SVMs. If you need interpretability and understandability of the factors that are attributed to churn, Logistic Regression is still a good choice.

[bookmark: _Toc183867192]Conclusion
In this report, we have implemented two machine learning models, Logistic Regression (LR) and Support Vector Machine (SVM), to predict customer churn from Telco Customer Churn dataset and evaluated their performances. Following baseline training and hyperparameter tuning, both models proved effective in predicting customers who were likely to churn. Additionally, SVM performed better than LR by all metrics, all indicating strong results for both models, with SVM outperforming LR on length of customer relationships.
In fact, churn prediction is considered one of the most critical components within any business model creating a major motive for companies to effectively retain their clientele and lessening revenue outage. This helps convert at-risk customers, as predictive models (LR, SVM) help identify such instances and initiate retention strategies. This will let businesses know what type of customers are likely to churn, e.g., customers with high monthly charges or short contract length, which helps businesses decrypt the random patterns and help them reduce the churn rate.
The best model for predicting churn, as indicated by this study as eligible for the role, is SVM because it is the only model that distinguishes customers who churn from customers who did not churn. Logistic Regression is still a helpful technique, especially in cases where interpretability is Crucial, as it provides businesses insight into the factors causing churn.
In upcoming work, we should consider applying other machine learning algorithms, for example Random Forests or Gradient Boosting, to check for any increase in accuracy in prediction. Adding features (like customer satisfaction scores or interaction history) would help improve model performance and offer more insights into churn behaviour. Class imbalance could also be better dealt with, and use of ensemble methods might produce better results as well.
In general, this study shows the potential of predictive analytics for enhancing customer loyalty and delivers an actionable strategy to retain valuable customers.
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