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Abstract
Customer churn prediction helps telecommunications companies retain customers, which is far more cost-effective than acquiring new ones. Building on the exploratory data analysis from Component 1, this study uses supervised and unsupervised machine learning to predict customer churn and identify behavioural patterns among customers who have already left. Using a dataset of 100,000 customer records, Logistic Regression and Random Forest were developed in Weka Explorer and evaluated using 10-fold stratified cross-validation. K-Means clustering was also applied to the 49,562 churned customers to identify distinct customer groups.
Random Forest achieved the strongest performance, with an accuracy of 58.08%, an F-measure of 0.567 and an AUC-ROC of 0.614, outperforming Logistic Regression (55.76%, 0.525 and 0.581). Although both models showed moderate predictive accuracy, Random Forest was better at capturing the complex relationships within customer behaviour. The results also demonstrate that careful data preprocessing plays an important role in improving model performance.
K-Means clustering identified three distinct groups of churned customers, showing that customers leave for different reasons and display different usage and engagement patterns. This suggests that a single retention strategy is unlikely to be effective, and that organisations should tailor interventions to different customer segments.
Overall, the study shows that combining classification and clustering provides more valuable business insight than using either technique alone. Classification identifies customers most at risk of leaving, while clustering helps explain why different groups churn, enabling organisations to develop more targeted and evidence-based retention strategies.
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[bookmark: _Toc236224226]1. Introduction
Customer churn, the loss of customers who stop using a service, is a major challenge for telecommunications companies. Retaining existing customers is much more cost-effective than attracting new ones, making churn prediction an important business priority. By analysing customer usage, billing and service data, machine learning can identify customers who are most likely to leave, allowing organisations to act before they cancel.
This report builds on the exploratory data analysis (EDA) completed in Component 1, where the Telecom Customer Churn dataset was cleaned, preprocessed and explored. The analysis showed that no single feature strongly predicted churn, although equipment age (eqpdays) had the highest correlation (r = +0.113). This indicated that churn is influenced by a combination of factors, making machine learning a suitable approach for modelling these complex relationships.
To investigate this, two supervised classification algorithms, Logistic Regression and Random Forest, were implemented in Weka Explorer and compared. Logistic Regression provides a simple, interpretable baseline, while Random Forest is better suited to modelling complex, non-linear patterns in customer behaviour. To complement prediction, K-Means clustering was also applied to customers who had already churned to identify distinct behavioural groups. This provides a deeper understanding of why different types of customers leave and supports more targeted retention strategies.
The models were evaluated using 10-fold stratified cross-validation and multiple performance measures, including Accuracy, Precision, Recall, F-Measure, AUC-ROC and Cohen's Kappa, providing a balanced assessment of predictive performance. K-Means clustering was then used to explore behavioural patterns within the churned customer group.
This study aims to evaluate the effectiveness of supervised classification and unsupervised clustering for analysing customer churn and to demonstrate how these techniques can support evidence-based customer retention strategies.
The objectives are to:
· implement and evaluate Logistic Regression and Random Forest for churn prediction; 
· compare both models using multiple evaluation metrics; 
· apply K-Means clustering to identify behavioural segments among churned customers; 
· assess the strengths and limitations of each technique; and 
· provide practical business recommendations based on the findings. 
The remainder of this report reviews the relevant literature, describes the dataset and methodology, presents and discusses the results, and concludes with recommendations, limitations and future research.
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2.1 Predictive Analytics for Customer Churn
Customer churn prediction has become an important area of predictive analytics because retaining existing customers is far more cost-effective than acquiring new ones. Telecommunications companies collect large amounts of customer data, including usage, billing and service records, which can be analysed to identify customers who are likely to leave. This allows organisations to take preventative action rather than responding after customers have already churned.
Recent studies show that machine learning performs better than traditional statistical methods when analysing large customer datasets. Poudel et al. [1] found that ensemble models capture complex relationships between customer behaviours more effectively than linear approaches. Likewise, Idrees et al. [2] showed that churn is usually influenced by several factors working together, such as service usage, billing behaviour and customer support interactions, rather than one single variable. These findings support using machine learning models that can learn more complex patterns.
However, achieving high prediction accuracy is only part of the solution. Businesses also need to understand why customers are predicted to leave. Recent research therefore recommends balancing predictive performance with model interpretability instead of focusing on accuracy alone [3]. This study reflects that approach by comparing the interpretable Logistic Regression model with the more advanced Random Forest algorithm.
2.2 Logistic Regression for Churn Prediction
Logistic Regression is widely used as a baseline classification model because it is simple, fast and easy to interpret. It estimates the probability that a customer will churn using the sigmoid function, allowing each feature to show whether it increases or decreases churn risk. This makes the model useful for business analysts who need to explain predictions and support decision-making [4].
Despite these strengths, Logistic Regression assumes a linear relationship between customer characteristics and churn. In reality, customer behaviour is often influenced by complex, non-linear interactions that the model cannot fully capture. It is also sensitive to feature scaling, meaning good data preprocessing is essential for reliable results [5]. Although its predictive performance may be lower than more advanced algorithms, it provides an important benchmark because of its transparency and simplicity.
2.3 Random Forest Classification
Random Forest is one of the most effective machine learning algorithms for structured business data because it combines high predictive accuracy with strong generalisation. Instead of relying on one decision tree, it builds many trees using random samples of the data and combines their predictions through majority voting. This reduces overfitting and improves overall model stability.
Research consistently shows that Random Forest performs well in customer churn prediction. Idrees et al. [2] reported higher predictive accuracy than Logistic Regression, Support Vector Machines and Decision Trees, while Poudel et al. [1] found it produced stronger Recall and AUC-ROC scores by capturing complex relationships between customer characteristics.
Another advantage is that Random Forest requires less feature scaling, making it suitable for datasets containing variables measured on different scales, such as revenue, usage and equipment age. However, its improved accuracy comes at the cost of reduced interpretability and increased computational time because predictions are based on many decision trees rather than a single model [6]. As a result, selecting Random Forest involves balancing accuracy with explainability.

2.4 -Means Clustering for Customer Segmentation
While classification predicts which customers are likely to churn, it does not explain whether all churned customers behave in the same way. K-Means clustering addresses this by grouping customers with similar characteristics, helping organisations better understand different customer profiles.
Studies suggest that clustering complements predictive models rather than replacing them. Mahmoud and Asyhari [8] found that retention strategies tailored to different customer segments were more effective than using a single approach for everyone. Similarly, Googerdchi et al. [9] showed that combining clustering with machine learning provided a deeper understanding of customer behaviour.
Although K-Means is simple and computationally efficient, its performance depends on choosing an appropriate number of clusters and it works best when clusters are similar in shape and size [7]. Even with these limitations, it remains a valuable technique for customer segmentation and targeted retention planning.


2.5 Evaluation of Classification Models
No single metric can fully measure the performance of a classification model. Although Accuracy shows the percentage of correct predictions, it can be misleading because some prediction errors have greater business consequences than others. In churn prediction, failing to identify a customer who later leaves are generally more costly than incorrectly targeting a customer who would have stayed.
For this reason, studies recommend evaluating models using Accuracy, Precision, Recall, F-Measure, AUC-ROC and Cohen's Kappa [1], [10]. Recall measures how well the model identifies actual churners, Precision indicates how reliable those predictions are, and the F-Measure balances both. AUC-ROC evaluates how effectively the model separates churners from non-churners across different thresholds, while Cohen's Kappa measures agreement beyond chance.
Using multiple evaluation metrics provides a more complete and reliable assessment of model performance than relying on accuracy alone.
2.6 Critical Summary
The literature shows that no single machine learning algorithm is the best choice in every situation. Logistic Regression is easy to understand and explain but struggles with complex, non-linear relationships. Random Forest generally delivers stronger predictive performance, although this comes with reduced transparency and higher computational cost. K-Means clustering adds further insight by identifying different types of churned customers, but its success depends on selecting suitable parameters.
Overall, the literature suggests that combining supervised classification with unsupervised clustering provides a more complete understanding of customer churn. Classification identifies customers most at risk of leaving, while clustering reveals the behavioural differences between churned customer groups. Together, these techniques support more targeted and evidence-based retention strategies, forming the approach adopted in this study.
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3.1 Dataset Overview
The analysis was conducted using the Telecom Customer Churn dataset containing 100,000 customer records, obtained from the Kaggle Telecom Customer Churn dataset [10] and previously explored during Component 1 of this assessment. The dataset represents customers of a telecommunications provider and includes demographic information, billing characteristics, service usage, device information and customer behaviour variables. The objective is to predict whether an individual customer will discontinue the service, represented by the binary target variable Churn, where 0 indicates a retained customer, and 1 indicates a customer who has left the service.
The original dataset contains approximately 100 predictor variables, providing a comprehensive representation of customer behaviour across multiple operational domains. These variables include monthly service usage, revenue generation, handset age, customer service interactions, account information and communication activity. Such multidimensional data are well suited to machine learning because customer churn rarely results from a single factor; instead, it is typically influenced by complex interactions between multiple behavioural and commercial characteristics.
Unlike synthetic benchmark datasets commonly used in academic research, this dataset reflects realistic telecommunications customer information containing considerable variation in customer behaviour. Consequently, it provides an appropriate basis for evaluating the practical application of supervised and unsupervised data mining techniques within a real-world business context.

3.2 Data Preparation and Feature Selection
Before model development, the dataset underwent preprocessing during Component 1 of the assessment to improve data quality and ensure suitability for machine learning. Initial preparation included removing variables with no predictive value, handling missing values using established data preprocessing practices [11], encoding categorical attributes into numerical representations and preparing the target variable for binary classification. These preprocessing steps reduced the likelihood of data leakage while ensuring that the remaining features accurately represented customer behaviour.
Feature selection was subsequently performed using an ANOVA F-test (SelectKBest) within the Python preprocessing pipeline. Rather than training models using all available variables, the highest-ranking predictors were selected based on their statistical relationship with the target variable. Feature selection provides several advantages, including reducing computational complexity, improving model interpretability and minimising redundant or weak predictors that may contribute noise during model training.
For consistency with the assignment objectives, the ten highest-ranked predictive features identified during Component 1 were exported to ARFF format and imported into Weka Explorer for classification and clustering. These variables are:
· eqpdays 
· mou_Mean 
· avg6mou 
· avg3mou 
· avg3qty 
· mou_cvce_Mean 
· totmrc_Mean 
· mou_peav_Mean 
· mou_opkv_Mean 
· mou_rvce_Mean 
Together with the binary Churn variable, these attributes formed the modelling dataset used throughout this report.
Selecting only the most informative predictors reduced model complexity while retaining the variables that demonstrated the strongest statistical relationship with customer churn. This approach also improves interpretability because subsequent analysis focuses on variables with the greatest practical relevance to customer retention.

3.3 Dataset Characteristics
This section provides an overview of the modelling dataset, including its composition, preprocessing, feature selection and suitability for machine learning. Evaluating these characteristics is important because the quality and structure of the data directly influence the performance, reliability and interpretability of the classification and clustering models developed in this study.
Table 1 summarises the principal characteristics of the modelling dataset following preprocessing and feature selection.


Table 1. Dataset characteristics
	Characteristic
	Value

	Dataset
	Telecom Customer Churn

	Total observations
	100,000

	Target variable
	Churn (0 = Retained, 1 = Churned)

	Number of predictor variables
	10

	Total modelling attributes
	11

	Retained customers
	50,438

	Churned customers
	49,562

	Churn rate
	49.6%

	Software
	Weka Explorer

	Validation
	10-fold Stratified Cross Validation



The class distribution is almost balanced, with approximately equal numbers of retained and churned customers. Unlike many commercial telecommunications datasets where churn rates are considerably lower, this balanced distribution reduces the likelihood of classification bias towards the majority class and enables evaluation metrics such as Accuracy, Precision and Recall to provide more meaningful comparisons between models.
Furthermore, because both classes contain a substantial number of observations, the dataset provides sufficient statistical power for supervised learning while also allowing meaningful clustering analysis within the churned customer population.

3.4 Exploratory Observations
This section presents the initial observations obtained from the preprocessed dataset using Weka Explorer. Examining the distribution of key attributes provides an early understanding of the underlying data patterns and identifies potential relationships between predictor variables and customer churn before classification and clustering models are developed.
As shown in Figure 1, the Weka Preprocess window displays the selected modelling dataset following preprocessing and feature selection. The distribution of the eqpdays attribute provides an initial indication of differences between retained and churned customers.
[image: ]
Figure 1. Weka Preprocess window showing the selected modelling dataset and the distribution of the eqpdays attribute.
The visualisation provides an initial indication that equipment age (eqpdays) differs between retained and churned customers. Customers who have left the service appear to be concentrated at higher equipment ages than those who remained with the provider. This observation is consistent with the exploratory data analysis undertaken in Component 1, where eqpdays produced the strongest positive correlation with churn (r = +0.113), although the relationship remained relatively weak. As noted by Janse et al. [9], correlation analysis is useful for identifying associations between variables but should not be interpreted as evidence of a causal relationship.
Importantly, the histogram also demonstrates substantial overlap between retained and churned customers. No single threshold clearly separates the two groups, suggesting that customer churn cannot be explained by equipment age alone. Instead, multiple behavioural variables are likely to interact when determining churn behaviour. This finding provides further justification for applying machine learning algorithms capable of modelling multivariate relationships rather than relying upon simple statistical thresholds.
The relatively weak individual correlations identified during Component 1 also indicate that customer churn is a complex prediction problem. Although several variables exhibit statistically significant relationships with churn, none independently provides sufficient discriminatory power for accurate prediction. Consequently, combining multiple predictors through supervised learning is expected to produce more reliable classification performance than analysing individual variables in isolation.
3.5 Suitability of the Dataset for Machine Learning
The selected dataset possesses several characteristics that make it well suited to predictive modelling. First, the large sample size provides sufficient observations for both model training and evaluation, reducing the influence of random sampling variation. Second, the balanced distribution of the target variable enables meaningful comparison between alternative classification algorithms without requiring extensive resampling techniques. Third, the diversity of behavioural, financial and service-related variables allows machine learning algorithms to learn complex interactions that would be difficult to identify using conventional statistical analysis.
Nevertheless, several limitations should also be acknowledged. The dataset represents a single telecommunications environment and therefore may not generalise directly to other service providers or industries. Furthermore, only the ten highest-ranked variables were included within the Weka implementation to satisfy the assessment objectives and improve interpretability. While feature selection reduces model complexity, excluding lower-ranked variables may also remove information that could contribute incremental predictive performance. Finally, customer behaviour changes over time due to evolving market conditions, pricing strategies and technological developments. Consequently, predictive models developed using historical data require periodic retraining to maintain their effectiveness in operational environments.
Overall, the dataset provides an appropriate and realistic foundation for evaluating supervised classification and unsupervised clustering techniques while supporting meaningful interpretation of customer churn behaviour within a telecommunications context.
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This section describes the methodology adopted to develop and evaluate the machine learning models used in this study. It outlines the implementation of the supervised classification algorithms, Logistic Regression and Random Forest, together with the unsupervised K-Means clustering algorithm. Each modelling technique is justified based on its theoretical strengths, practical suitability and relevance to the customer churn prediction problem. The experimental procedures, model parameters and evaluation strategy are also presented to ensure that the methodology is transparent, reproducible and aligned with the objectives of the study.

4.1 Experimental Environment
All predictive models were implemented using Weka Explorer (Waikato Environment for Knowledge Analysis), an open-source data mining platform widely used in academic research and teaching for developing and evaluating machine learning models [12]. Weka provides a comprehensive collection of classification, clustering, feature selection and evaluation algorithms through an intuitive graphical user interface, allowing experiments to be conducted without requiring extensive programming knowledge.
The modelling dataset created during the preprocessing stage was exported as an Attribute-Relation File Format (ARFF) file and imported into Weka Explorer. Weka Explorer is an open-source machine learning platform widely used for data mining research and education [12]. The dataset contained the ten highest-ranked predictor variables identified during feature selection together with the binary target variable, Churn. This ensured that all classification and clustering algorithms were trained using the same input variables, allowing a fair comparison of model performance.
Using Weka also promotes reproducibility, as identical parameter settings can be applied across different algorithms while maintaining consistent evaluation procedures. Consequently, any differences in predictive performance can be attributed primarily to the algorithms themselves rather than inconsistencies in data preparation or experimental design.

4.2 Classification Model Selection
The primary objective of the supervised learning stage was to predict whether a customer would churn based on historical behavioural and service-related information. Two classification algorithms were selected: Logistic Regression and Random Forest.
Logistic Regression was chosen as a baseline model because of its simplicity, computational efficiency and high level of interpretability. The algorithm estimates the probability that a customer belongs to either the retained or churned class using a logistic function, allowing the contribution of individual predictor variables to be interpreted directly. Although customer behaviour is rarely governed by purely linear relationships, Logistic Regression remains an important benchmark because it provides a transparent comparison against more sophisticated machine learning techniques.
Random Forest was selected as the second classification model because of its ability to model complex, non-linear relationships through ensemble learning. Rather than relying upon a single decision tree, Random Forest constructs multiple trees using bootstrap sampling and random feature selection before combining their predictions through majority voting. This approach generally improves predictive performance while reducing the risk of overfitting associated with individual decision trees.
Comparing these two algorithms enables the study to evaluate the trade-off between interpretability and predictive performance. While Logistic Regression provides greater transparency, Random Forest is expected to capture more complex interactions between customer characteristics, potentially resulting in higher classification accuracy and improved generalisation.

4.3 Logistic Regression Implementation
The Logistic Regression model was implemented using Weka's default classifier settings. Default parameters were retained because they provide a well-established baseline for evaluating binary classification performance while reducing the possibility of introducing unnecessary bias through extensive parameter tuning. The model estimates the probability of customer churn by fitting a logistic function to the selected predictor variables and assigning customers to either the retained or churned class according to the highest predicted probability.
Logistic Regression requires numerical input variables and performs most effectively when predictor variables have been appropriately preprocessed. The preprocessing and feature selection procedures completed during Component 1 therefore provided a suitable foundation for model development. Although Logistic Regression assumes a linear relationship between predictor variables and the log-odds of the outcome, it remains an effective benchmark for evaluating the additional predictive capability offered by more complex ensemble methods.
Figure 2 illustrates the Weka Explorer interface used to configure the Logistic Regression classifier.
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Figure 2. Configuration of the Logistic Regression classifier in Weka Explorer.

4.4 Random Forest Implementation
The Random Forest classifier was implemented using Weka's default parameter settings with 100 decision trees, which provides a balance between predictive performance and computational efficiency. Each tree was trained using a bootstrap sample of the training data while considering a random subset of predictor variables at each split. The final prediction for each customer was obtained through majority voting across all trees within the ensemble.
Random Forest was selected because ensemble learning reduces the variance associated with individual decision trees while improving robustness to noisy data and complex feature interactions. Unlike Logistic Regression, Random Forest does not assume linear relationships between predictor variables and is less sensitive to differences in feature scale, making it particularly suitable for heterogeneous telecommunications datasets. The algorithm, originally proposed by Breiman [13], remains one of the most widely used ensemble learning methods for classification problems.
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Figure 3. Configuration of the Random Forest classifier in Weka Explorer.

4.5 Model Evaluation Strategy
To ensure a fair and reliable comparison between the classification algorithms, both models were evaluated using 10-fold stratified cross-validation, a widely adopted validation technique in machine learning research [16]. Under this approach, the dataset was divided into ten approximately equal subsets while preserving the original class distribution. During each iteration, nine subsets were used for training, and the remaining subset was reserved for testing. This process was repeated ten times until every observation had been used exactly once for validation.
Cross-validation offers several advantages over a single train-test split. By evaluating the model across multiple training and testing partitions, it reduces the likelihood that reported performance is influenced by a particular random split of the data. This generally produces more stable and reliable estimates of predictive performance, particularly for large datasets such as the one used in this study.
Model performance was evaluated using six complementary metrics:
· Accuracy – the proportion of correctly classified instances. 
· Precision – the proportion of predicted churners that actually churned. 
· Recall – the proportion of actual churners correctly identified. 
· F-Measure – the harmonic mean of Precision and Recall. 
· Area Under the Receiver Operating Characteristic Curve (AUC-ROC) – the model's ability to distinguish between retained and churned customers across different classification thresholds. 
· Cohen's Kappa – the level of agreement between predicted and actual classifications after accounting for agreement expected by chance. 
Evaluating multiple metrics provides a more comprehensive assessment of model performance than relying solely on overall accuracy. In customer churn prediction, correctly identifying customers at risk of leaving is often more valuable than maximising accuracy alone, making Recall, F-Measure and AUC particularly important measures of model effectiveness.

4.6 K-Means Clustering Implementation
Following supervised classification, K-Means clustering was applied to the subset of customers who had already churned. Restricting the analysis to churned customers allowed the study to investigate whether distinct behavioural groups existed within the churn population and whether these segments could inform more targeted retention strategies.
The K-Means algorithm partitions observations into a predefined number of clusters by iteratively assigning each customer to the nearest cluster centroid based on Euclidean distance while minimising within-cluster variation. Consistent with the exploratory analysis conducted during model development, three clusters (K = 3) were selected as the most appropriate balance between model simplicity and meaningful customer segmentation.
Unlike supervised classification, clustering does not predict future outcomes. Instead, it identifies naturally occurring patterns within the data, enabling organisations to better understand the characteristics of different customer groups. Combining classification and clustering therefore provides complementary business intelligence by identifying both who is likely to churn and how churned customers differ from one another, supporting more informed customer retention strategies.
[bookmark: _Toc236224230]5. Results and Evaluation
This section presents the performance of the machine learning models developed in this study. Logistic Regression and Random Forest are first evaluated using multiple classification metrics to determine their effectiveness in predicting customer churn. The results are then compared to identify the most suitable classification model. Finally, K-Means clustering is evaluated to examine whether meaningful customer segments exist within the churned population and how these segments can support targeted business decision-making.
Rather than relying solely on overall classification accuracy, model performance is evaluated using Precision, Recall, F-Measure, Area Under the Receiver Operating Characteristic Curve (AUC-ROC) and Cohen's Kappa. Collectively, these measures provide a more comprehensive assessment of predictive performance and reduce the risk of selecting a model based on a single evaluation criterion.

5.1 Logistic Regression Performance
Figure 4 presents the output generated by the Logistic Regression classifier in Weka Explorer.
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Figure 4. Logistic Regression classification results generated in Weka Explorer.
The Logistic Regression model correctly classified 55.76% of customer records, indicating that the model performed moderately better than random guessing but was unable to achieve high predictive accuracy. The model produced an F-Measure of 0.525, demonstrating a moderate balance between Precision and Recall, while the AUC-ROC value of 0.581 suggests only a modest ability to distinguish between customers who churn and those who remain with the service.
Although the classification performance is relatively modest, these findings are consistent with the theoretical characteristics of Logistic Regression discussed in the literature review. The algorithm assumes a linear relationship between predictor variables and the log-odds of the outcome. However, customer churn is influenced by numerous interacting behavioural, financial and service-related factors that rarely exhibit purely linear relationships. Consequently, Logistic Regression is unlikely to capture all underlying patterns within the dataset.
Nevertheless, the model provides an important benchmark because of its simplicity and interpretability. The relatively low computational cost and transparent statistical foundation make Logistic Regression suitable when model explainability is prioritised over maximum predictive accuracy. However, for organisations seeking to maximise predictive performance within complex customer datasets, more flexible ensemble methods are likely to provide greater practical value.



5.2 Random Forest Performance
Figure 5 presents the Random Forest classification results.
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Figure 5. Random Forest classification results generated in Weka Explorer.

Random Forest achieved the strongest predictive performance of the two classification algorithms, correctly classifying 58.08% of customer records. The model also produced an F-Measure of 0.567 together with an AUC-ROC of 0.614, indicating a greater ability to distinguish between retained and churned customers than Logistic Regression.
The improvement observed across multiple evaluation metrics reflects the theoretical advantages of ensemble learning. By combining predictions from one hundred individual decision trees, Random Forest captures complex non-linear interactions between customer characteristics that cannot be represented effectively by a single linear decision boundary. This capability is particularly valuable for customer churn prediction, where behavioural factors often interact in complex and unpredictable ways.
Although the increase in accuracy appears relatively small (approximately 2.3 percentage points), improvements across Recall, F-Measure and AUC indicate that the algorithm consistently identifies churn patterns more effectively than Logistic Regression. In practical business environments, even modest improvements in predictive performance may translate into more effective targeting of customer retention campaigns and improved allocation of marketing resources.
Despite these advantages, Random Forest also introduces greater computational complexity and reduced interpretability compared with Logistic Regression. Individual predictions are derived from the collective behaviour of multiple decision trees, making the reasoning behind each prediction less transparent. Consequently, organisations must balance improved predictive performance against reduced model explainability when selecting a suitable algorithm.

5.3 Comparative Performance Evaluation
Evaluating customer churn prediction models requires consideration of several complementary performance metrics because no single measure fully captures model effectiveness. Accuracy provides an overall indication of classification performance, whereas Precision and Recall evaluate how effectively the models identify customers who are likely to churn. The F-Measure combines Precision and Recall into a single balanced metric, AUC-ROC measures the model's ability to distinguish between churning and non-churning customers across different decision thresholds, and Cohen's Kappa assesses the level of agreement between predicted and actual classifications beyond that expected by chance. Considering these metrics together provides a more comprehensive and reliable evaluation of model performance than relying on accuracy alone.
Table 2 summarises the performance of the Logistic Regression and Random Forest classifiers using 10-fold stratified cross-validation. Precision, Recall and F-Measure are reported for the churn class (class 1), as accurately identifying customers who are likely to churn is the primary objective of this study.
Table 2. Comparison of Logistic Regression and Random Forest classification performance
	Metric
	Logistic Regression
	Random Forest

	Accuracy (%)
	55.76
	58.08

	Precision
	0.561
	0.581

	Recall
	0.493
	0.554

	F-Measure
	0.525
	0.567

	AUC-ROC
	0.581
	0.614

	Cohen's Kappa
	0.1141
	0.1613



The results presented in Table 2 demonstrate that Random Forest consistently outperformed Logistic Regression across all evaluation metrics. Although the improvement in overall accuracy was relatively modest, increasing from 55.76% to 58.08%, Random Forest also achieved higher Precision, Recall, F-Measure, AUC-ROC and Cohen's Kappa. Collectively, these findings indicate that the ensemble learning approach produced more reliable predictions than the linear Logistic Regression model.
From a business perspective, Recall is one of the most important performance measures because it reflects the model's ability to correctly identify customers who are genuinely at risk of leaving. Logistic Regression achieved a Recall of 0.493, whereas Random Forest increased this to 0.554, indicating that a greater proportion of actual churners were successfully detected. This improvement is particularly valuable in customer retention strategies, as each additional churner identified represents an opportunity for targeted intervention before the customer leaves.
Random Forest also produced a higher Precision (0.581) than Logistic Regression (0.561), indicating that a larger proportion of customers predicted to churn were correctly classified. Improved Precision helps reduce unnecessary retention activities directed at customers who are unlikely to leave, enabling organisations to allocate marketing resources more efficiently. The corresponding increase in F-Measure, from 0.525 to 0.567, demonstrates that Random Forest achieved a stronger balance between correctly identifying churners and minimising incorrect predictions.
The AUC-ROC values further reinforce these findings. Logistic Regression achieved an AUC of 0.581, while Random Forest achieved 0.614, indicating superior discrimination between churning and non-churning customers across different decision thresholds. Although Random Forest demonstrated better predictive capability, both models produced AUC values only moderately above the random classification benchmark of 0.50, suggesting that distinguishing between the two customer groups remains a challenging task using the selected predictor variables.
A similar pattern is evident in Cohen's Kappa, which increased from 0.1141 for Logistic Regression to 0.1613 for Random Forest. While this improvement indicates stronger agreement between the predicted and actual class labels, both values remain relatively low, suggesting that substantial classification uncertainty still exists beyond chance. This finding reinforces the conclusion that customer churn behaviour is influenced by complex interactions that are not fully captured by the available dataset.
Overall, the results indicate that Random Forest is the preferred classification model for predicting customer churn within this study. Its ability to model non-linear relationships and interactions between predictor variables enables it to outperform the simpler Logistic Regression approach across every evaluation metric. Nevertheless, the relatively modest performance achieved by both algorithms suggests that customer churn is inherently difficult to predict. Factors such as customer satisfaction, service quality, competitor activity, promotional offers and behavioural characteristics may not be fully represented within the selected features, limiting the predictive capability of both models.
Rather than selecting a model solely based on accuracy, this evaluation demonstrates the importance of using multiple complementary performance measures. While Random Forest provides the strongest overall predictive performance and is therefore recommended as the preferred model, Logistic Regression remains a useful baseline classifier due to its simplicity, computational efficiency and ease of interpretation. Considering these trade-offs provides a more balanced and comprehensive assessment of model suitability than relying on any single evaluation metric alone.

5.4 Receiver Operating Characteristic (ROC) Analysis
The Receiver Operating Characteristic (ROC) curve provides a threshold-independent assessment of classification performance by illustrating the relationship between the True Positive Rate (Sensitivity) and the False Positive Rate (1 − Specificity) across different decision thresholds. Unlike accuracy, which evaluates performance at a single classification threshold, the ROC curve assesses how effectively a model distinguishes between customers who churn and those who remain over all possible thresholds. The Area Under the Curve (AUC) summarises this discriminatory capability, where a value of 0.50 represents random classification, and 1.00 indicates perfect discrimination.
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Figure 6. Receiver Operating Characteristic (ROC) curve for the Logistic Regression classifier using 10-fold cross-validation (AUC = 0.5811).
Figure 7 presents the ROC curve for the Logistic Regression classifier. The model achieved an AUC of 0.5811, indicating modest discrimination between churning and non-churning customers. Although the curve remains above the diagonal reference line, demonstrating performance better than random guessing, it lies relatively close to this baseline across much of the graph. This suggests that the linear decision boundary adopted by Logistic Regression provides only limited separation between the two customer groups. The ROC findings are consistent with the model's overall classification accuracy of 55.76%, Recall of 0.493, and F-Measure of 0.525, confirming that the classifier provides only moderate predictive performance.

[image: ]
Figure 7. Receiver Operating Characteristic (ROC) Curve for Random Forest.
Figure 8 illustrates the ROC curve for the Random Forest classifier. The model achieved an AUC of 0.6138, representing an improvement over Logistic Regression and indicating stronger discriminatory performance. The ROC curve remains consistently above that of Logistic Regression, demonstrating that Random Forest achieves a more favourable balance between correctly identifying customers who churn and limiting false positive predictions across a range of classification thresholds. This improvement reflects the ability of Random Forest to model complex, non-linear relationships and interactions among predictor variables that cannot easily be captured by linear statistical models.
Comparing both ROC curves further supports the findings presented in the comparative performance evaluation. Although neither classifier achieved a particularly high AUC, Random Forest consistently demonstrated superior predictive capability, increasing the AUC from 0.5811 to 0.6138. This improvement, together with higher Accuracy, Precision, Recall, F-Measure and Cohen's Kappa, confirms that Random Forest provides a more effective approach for identifying customers who are likely to churn.
Nevertheless, the relatively modest AUC values obtained by both classifiers indicate that customer churn prediction remains a challenging task. Considerable overlap exists between the behavioural characteristics of retained and churned customers, limiting the ability of either model to produce strong discrimination. This suggests that additional explanatory variables, such as customer satisfaction, service quality, complaint history, contract type or competitor activity, may be required to improve predictive performance in future studies.
Overall, the ROC analysis reinforces the conclusions drawn from the classification metrics presented in Section 5.3. While both algorithms performed better than random classification, Random Forest consistently demonstrated stronger discriminatory capability and therefore represents the preferred classification model for supporting customer retention strategies within this study.

5.5 Customer Segmentation using K-Means Clustering
Following the supervised classification stage, K-Means clustering was applied to the subset of customers who had already churned to investigate whether meaningful behavioural segments could be identified. Unlike Logistic Regression and Random Forest, which predict whether a customer is likely to churn, K-Means is an unsupervised learning algorithm that groups customers according to similarities in their characteristics without using predefined class labels. This complementary analysis provides additional insight into the behavioural differences that exist among churned customers and supports the development of more targeted customer retention strategies.
A clustering solution of K = 3 was selected to produce three interpretable customer segments while maintaining clear separation between groups. The algorithm converged after 21 iterations, producing a within-cluster sum of squared errors of 1237.00, indicating that the solution had stabilised successfully. Figures 7A and 7B present the Weka implementation of the SimpleKMeans algorithm together with the final cluster centroids and cluster sizes.
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Figure 7A. Weka SimpleKMeans run information and initial clustering configuration.
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Figure 7B: Final cluster centroids and customer distribution generated by the SimpleKMeans algorithm.

The clustering process identified three distinct customer groups, demonstrating that customers who churn cannot be considered a single homogeneous population. Instead, each cluster exhibits different patterns of equipment age, service usage and monthly revenue, suggesting that different underlying factors may contribute to customer attrition.
Table 3 summarises the three customer segments identified by the K-Means algorithm.

Table 3: Summary of K-Means customer clusters
	Cluster
	Number of Customers
	Percentage
	Key Characteristics
	Business Interpretation

	Cluster 0
	28,331
	57%
	Moderate equipment age, medium service usage, moderate monthly charges
	Typical churn customers representing the largest customer segment.

	Cluster 1
	13,256
	27%
	Newer equipment, lower service usage and lower monthly charges
	Lower-value customers with reduced engagement who may churn because of limited service utilisation.

	Cluster 2
	7,975
	16%
	Older equipment, highest service usage and highest monthly charges
	High-value customers who generate greater revenue but still choose to leave, representing an important retention priority.



The largest segment, Cluster 0, contained 28,331 customers (57%) and represents the typical churn profile within the dataset. Customers in this group exhibited moderate levels of equipment age, service usage and monthly expenditure, suggesting that they represent average subscribers whose decision to leave may be influenced by multiple factors rather than any single behavioural characteristic. Because this cluster contains the majority of churned customers, even modest improvements in retention strategies could have a substantial impact on reducing overall churn.
Cluster 1 accounted for 13,256 customers (27%) and was characterised by comparatively newer equipment together with lower usage levels and reduced monthly charges. These customers appear to represent lower-value subscribers with relatively limited engagement. Their lower service consumption may indicate weaker commitment to the provider, making them more susceptible to switching to alternative competitors offering lower prices or promotional incentives. Targeted engagement campaigns and personalised service recommendations could therefore help strengthen customer loyalty within this segment.
The smallest segment, Cluster 2, contained 7,975 customers (16%) but displayed the highest levels of service usage and monthly expenditure together with older equipment. Although representing the smallest group, these customers are likely to contribute disproportionately to organisational revenue. Their decision to churn therefore represents a significant financial risk, suggesting that proactive retention initiatives, equipment upgrade programmes and personalised loyalty incentives should be prioritised for customers exhibiting similar behavioural characteristics.
The clustering analysis complements the supervised classification models by providing behavioural insight that cannot be obtained through prediction alone. Whereas Logistic Regression and Random Forest estimate the probability of future churn, K-Means identifies meaningful differences among customers who have already left the organisation. This additional information enables organisations to design retention strategies tailored to the specific characteristics of different customer segments rather than relying on generic marketing campaigns.
Nevertheless, several limitations should be acknowledged. K-Means requires the number of clusters to be specified before model training and may produce different cluster assignments depending on the initial centroid positions. Furthermore, the algorithm assumes relatively spherical cluster structures and may not fully capture more complex behavioural relationships that exist within customer data. Despite these limitations, the clustering results demonstrate that customer churn is heterogeneous rather than uniform and provide valuable insight that complements the predictive capability of the supervised learning models.

5.6 Overall Discussion of Findings
This study evaluated supervised and unsupervised machine learning techniques for analysing customer churn in the telecommunications sector. The results show that combining prediction with customer segmentation provides a better understanding of churn than using either approach alone. While the classification models identified customers most likely to leave, K-Means clustering revealed different types of churned customers, providing insights that can support more targeted retention strategies.
Among the classification models, Random Forest consistently outperformed Logistic Regression across all evaluation metrics, including Accuracy, Precision, Recall, F-Measure, AUC-ROC and Cohen's Kappa. Although the improvement in accuracy was modest (58.08% compared with 55.76%), Random Forest identified more customers who were genuinely at risk of leaving. From a business perspective, this is valuable because it allows organisations to intervene earlier and retain more customers.
These findings agree with the literature, which suggests that Random Forest performs better because it can model complex, non-linear relationships that Logistic Regression cannot. Its higher AUC-ROC also shows it was better at distinguishing between customers who were likely to churn and those who were not.
However, both models achieved only moderate predictive performance. The highest accuracy was 58.08%, with an AUC-ROC of 0.614, indicating that customer churn is influenced by many factors not included in the dataset. Variables such as customer satisfaction, complaints, network quality, contract type and competitor offers could improve prediction if available.
The K-Means analysis added further value by identifying three distinct groups of churned customers. Rather than treating all churned customers the same, the results showed differences in spending, service usage and engagement. This suggests that a single retention strategy is unlikely to be effective and that organisations should tailor interventions to the needs of each customer segment.
A key strength of this study is the combination of classification and clustering. Classification answers who is likely to churn, while clustering explains what type of customers are leaving. Together, these approaches provide stronger business insight and help organisations target retention resources more effectively.
The study also benefited from feature selection, which reduced data complexity, and 10-fold stratified cross-validation, which improved the reliability of the evaluation. Using multiple performance metrics, rather than accuracy alone, provided a more balanced assessment of model performance.
There are, however, some limitations. The study used a single telecommunications dataset, so the findings may not apply to other organisations or industries. In addition, the available features did not capture every factor influencing customer behaviour, which limited predictive performance. K-Means also requires the number of clusters to be chosen in advance and assumes customer groups have relatively simple shapes, which may not always reflect real-world behaviour.
Overall, the results show that Random Forest is the strongest classification model in this study, while K-Means provides valuable behavioural insights through customer segmentation. Together, these techniques give organisations both predictive and behavioural intelligence, enabling more targeted, efficient and evidence-based customer retention strategies.


[bookmark: _Toc236224231]6. Recommendations
The findings of this study demonstrate that customer churn prediction should not be viewed as a standalone analytical exercise but as part of a broader customer relationship management strategy. Based on the results obtained from the classification and clustering models, several recommendations are proposed to improve customer retention, enhance decision-making and maximise the value of predictive analytics within telecommunications organisations.
6.1 Deploy Random Forest as the Primary Churn Prediction Model
The evaluation demonstrated that Random Forest consistently outperformed Logistic Regression across all performance metrics, including Accuracy, Precision, Recall, F-Measure, AUC-ROC and Cohen's Kappa. Although the improvement in predictive performance was moderate, Random Forest identified a greater proportion of customers who were genuinely at risk of churn while maintaining higher overall classification performance.
It is therefore recommended that telecommunications providers adopt Random Forest as the primary predictive model within their customer retention systems. The model should be integrated into existing Customer Relationship Management (CRM) platforms to generate regular churn risk scores, enabling customer service teams to identify high-risk customers before they leave the organisation.

6.2 Prioritise High-Risk Customers for Proactive Retention
Predictive models provide the greatest business value when their outputs are translated into timely operational decisions. Customers identified as having a high probability of churn should be prioritised for proactive retention activities rather than waiting until cancellation requests are received.
Possible interventions include:
· personalised retention offers; 
· contract renewal incentives; 
· loyalty rewards; 
· service upgrades; 
· proactive customer support. 
By focusing resources on customers identified by the Random Forest model, organisations can reduce unnecessary marketing expenditure while increasing the likelihood of retaining valuable subscribers.
6.3 Develop Segment-Specific Retention Strategies
The K-Means analysis demonstrated that churned customers do not represent a single homogeneous population but instead form three distinct behavioural groups. Applying the same retention strategy to every customer is therefore unlikely to achieve optimal results.
Instead, telecommunications providers should develop segment-specific interventions. For example:
· customers with low service usage may respond better to personalised service recommendations or flexible pricing plans; 
· customers generating higher monthly revenue may benefit from premium loyalty programmes, exclusive offers or equipment upgrade schemes; 
· average customers may require periodic engagement campaigns designed to strengthen long-term customer relationships. 
Tailoring retention strategies to individual customer segments is likely to improve campaign effectiveness while reducing unnecessary costs.

6.4 Expand the Range of Predictive Variables
Although Random Forest achieved the strongest predictive performance, the overall classification accuracy remained relatively modest. This suggests that important factors influencing customer churn were not represented within the selected dataset.
Future predictive models should incorporate additional customer information, including:
· customer satisfaction survey results; 
· complaint history; 
· contract duration; 
· payment behaviour; 
· network quality indicators; 
· customer support interactions; 
· competitor switching activity; 
· digital engagement metrics. 
Including a broader range of behavioural and service-related variables is expected to improve model performance and provide a more complete representation of customer decision-making.

6.5 Continuously Monitor and Retrain Predictive Models
Customer behaviour changes over time due to market competition, technological developments and changing consumer expectations. Consequently, predictive models should not remain static after deployment.
Telecommunications organisations should establish a continuous model monitoring process in which prediction accuracy, Precision, Recall and AUC-ROC are reviewed on a regular basis. Models should be retrained periodically using newly collected customer data to ensure that predictions remain accurate and relevant as customer behaviour evolves.

6.6 Integrate Predictive Analytics into Strategic Decision-Making
Predictive analytics should support broader organisational decision-making rather than functioning solely as a technical exercise. The outputs generated by machine learning models should be incorporated into marketing, customer service and strategic planning activities.
For example, managers could use churn risk predictions to:
· prioritise customer retention budgets; 
· identify emerging behavioural trends; 
· evaluate the effectiveness of retention campaigns; 
· support resource allocation decisions; 
· monitor customer engagement over time. 
Embedding predictive analytics within organisational decision-making processes will maximise the practical value of the models developed in this study.

6.7 Balance Predictive Performance with Model Interpretability
Although Random Forest demonstrated superior predictive performance, Logistic Regression remains valuable because of its simplicity and interpretability. In situations where transparency and regulatory accountability are particularly important, interpretable models may still be preferred despite achieving slightly lower predictive accuracy.
Organisations should therefore select machine learning algorithms according to operational requirements rather than relying exclusively on predictive performance. A balanced approach that considers accuracy, computational cost, implementation complexity and model interpretability is more likely to produce sustainable business outcomes.

6.8 Adopt a Combined Prediction and Segmentation Framework
One of the principal findings of this research is that supervised classification and unsupervised clustering provide complementary insights into customer behaviour. Rather than deploying these techniques independently, telecommunications organisations should integrate both approaches within a unified customer analytics framework.
Classification models should be used to identify customers who are likely to churn, while clustering techniques should be applied to understand the behavioural characteristics of those customers. Combining prediction with segmentation enables organisations to deliver personalised interventions, optimise retention resources and improve long-term customer relationship management.

[bookmark: _Toc236224232]7. Limitations of the Study
Although the findings demonstrate that machine learning techniques can provide valuable insight into customer churn behaviour, several limitations should be acknowledged when interpreting the results. Recognising these limitations provides a balanced evaluation of the research and identifies opportunities for improving predictive performance in future studies.
7.1 Dataset Limitations
The study was conducted using a single telecommunications dataset containing 100,000 customer records and ten predictor variables selected through feature selection. Although the dataset was sufficiently large for machine learning analysis, it may not fully represent the complexity of customer churn behaviour across different telecommunications providers or geographical markets. Customer decisions are influenced by numerous behavioural, economic and service-related factors, many of which were unavailable within the dataset. Variables such as customer satisfaction, complaint history, contract duration, network quality, pricing changes and interactions with customer support were not included, limiting the amount of information available to the classification models.
Furthermore, the analysis was performed using historical customer data collected at a single point in time. Customer behaviour continuously evolves due to changes in technology, competitor activity and consumer expectations. Consequently, the predictive relationships identified in this study may change over time, reducing the long-term applicability of the models unless they are periodically retrained using more recent customer information.

7.2 Model Performance Limitations
Although Random Forest achieved the strongest predictive performance, the overall classification accuracy remained relatively modest at 58.08%, with an AUC-ROC of 0.614. These results indicate that the models were able to identify useful patterns within the data but were unable to provide highly accurate predictions for all customers. The relatively low Cohen's Kappa values also suggest only slight agreement beyond chance, reinforcing the difficulty of predicting customer churn using the available variables.
These findings highlight an important characteristic of customer churn prediction: customer behaviour is inherently complex and influenced by multiple interacting factors that cannot always be captured by structured numerical data alone. Consequently, the predictive models developed in this study should be viewed as decision-support tools rather than fully automated decision-making systems.

7.3 Algorithm Limitations
Each machine learning algorithm employed within this study possesses inherent strengths and weaknesses.
Logistic Regression provides a simple and highly interpretable model; however, its assumption of a linear relationship between predictor variables and customer churn restricts its ability to model complex behavioural interactions. This limitation is reflected in its comparatively lower predictive performance.
Random Forest demonstrated stronger predictive capability by modelling non-linear relationships and interactions between variables. However, this improved performance was achieved at the expense of greater computational cost and reduced interpretability. Unlike Logistic Regression, the ensemble structure of Random Forest makes it more difficult to explain the contribution of individual decision trees to the final prediction, which may present challenges when transparency and explainability are required.
Similarly, K-Means clustering assumes that customer groups exhibit relatively simple geometric structures and requires the number of clusters to be specified before training begins. Different initial centroid selections may produce alternative clustering solutions, while the assumption of equally shaped clusters may not always reflect the true complexity of customer behaviour.
7.4 Methodological Limitations
The predictive models were evaluated using 10-fold stratified cross-validation, which provides a reliable estimate of model performance by repeatedly partitioning the dataset into training and testing subsets. Although this approach reduces the risk of evaluation bias associated with a single train-test split, it remains an internal validation technique. The models were not evaluated using an independent external dataset obtained from another telecommunications provider, meaning that the reported performance may not generalise to different customer populations.
In addition, the study evaluated only two supervised classification algorithms and one unsupervised clustering algorithm. While these techniques represent widely used machine learning methods, alternative algorithms such as Gradient Boosting, XGBoost, Support Vector Machines or Artificial Neural Networks may produce different predictive performance and were beyond the scope of the current investigation.

7.5 Practical Implementation Limitations
The models were developed and evaluated within the Weka machine learning environment using default or predefined parameter settings. Although Weka provides a reliable platform for educational and research purposes, commercial telecommunications organisations typically deploy predictive analytics within large-scale cloud-based platforms that support automated model optimisation, real-time prediction and continuous monitoring.
Furthermore, successful deployment of machine learning models requires more than predictive accuracy alone. Practical implementation depends on factors such as organisational infrastructure, data governance, regulatory compliance, integration with Customer Relationship Management (CRM) systems and the availability of skilled personnel to monitor and maintain predictive models over time. These operational considerations were outside the scope of the present study.

7.6 Summary of Limitations
Despite these limitations, the study demonstrates that combining supervised classification with unsupervised clustering provides valuable insight into customer churn behaviour and supports evidence-based decision-making within the telecommunications sector. The limitations identified should therefore be viewed not as weaknesses that invalidate the findings, but as opportunities for further refinement through richer datasets, additional machine learning techniques and more comprehensive validation using real-world operational environments.
[bookmark: _Toc236224233]8. Future Work
This study shows that machine learning can support customer churn prediction and customer segmentation, but there is still room to improve both predictive performance and practical business value. Future research should focus on using richer data, exploring more advanced machine learning techniques and developing models that are easier to understand and apply in real business settings.
8.1 Evaluate More Advanced Algorithms
This study compared Logistic Regression, Random Forest and K-Means because they provide a good balance between accuracy and interpretability. Future work could evaluate more advanced models such as XGBoost [19], LightGBM, CatBoost, Support Vector Machines (SVMs) and Artificial Neural Networks (ANNs). Comparing a wider range of algorithms would help identify the best balance between predictive accuracy, computational cost and model transparency.
8.2 Use Richer Customer Data
The quality of predictions depends on the quality of the data. While this study used customer usage, equipment age and spending information, many important factors were not available. Future research should include data such as customer satisfaction, complaint history, contract details, payment behaviour, network performance, customer support interactions and responses to previous retention campaigns. Combining these sources would provide a more complete picture of customer behaviour and could improve prediction accuracy.
8.3 Optimise Model Parameters
The models were built using Weka's default settings, which produced reliable results but may not be optimal. Future studies could use techniques such as Grid Search, Random Search or Bayesian Optimisation to fine-tune model parameters. These optimisation approaches may improve predictive performance while maintaining computational efficiency and have become common practice when developing advanced machine learning models [15].
8.4 Improve Model Explainability
Although Random Forest produced the best results, it is more difficult to interpret than Logistic Regression. Future work should investigate Explainable Artificial Intelligence (XAI) methods such as SHAP [17] and LIME [18], which explain how individual features influence predictions. These techniques improve transparency, helping organisations better understand, validate and trust machine learning models when supporting business decisions.

8.5 Develop Real-Time Prediction Systems
The models in this study were trained using historical data. In practice, customer behaviour changes over time, so future research should explore real-time prediction systems that continuously analyse new customer data. This would allow organisations to identify at-risk customers sooner and take action before they leave.
8.6 Explore Other Clustering Techniques
K-Means successfully identified three customer segments, but it assumes customer groups have simple shapes and requires the number of clusters to be chosen in advance. Future studies could compare K-Means with techniques such as Hierarchical Clustering, DBSCAN and Gaussian Mixture Models to determine whether they reveal more meaningful customer groups.
8.7 Validate Using Different Datasets
This study used a single telecommunications dataset, so the findings may not apply to every organisation. Future research should test the models on datasets from different companies, regions and customer populations to assess how well they generalise in different business environments.
8.8 Develop an Integrated Customer Analytics Framework
One of the main findings of this study is that classification and clustering work best when used together. Future research could develop an integrated framework that combines:
· churn prediction through supervised learning; 
· customer segmentation using clustering; 
· Explainable AI; 
· automated model retraining; 
· continuous performance monitoring; and 
· integration with Customer Relationship Management (CRM) systems. 
Such a framework would provide organisations with a more complete decision-support system, helping them improve customer retention and make better data-driven decisions.
Summary
Future research should focus on improving not only predictive accuracy but also the practicality, transparency and scalability of machine learning solutions. By using richer customer data, testing more advanced algorithms, incorporating Explainable AI and validating models on real-world datasets, organisations can build more reliable and effective customer churn prediction systems.


[bookmark: _Toc236224234]9. Conclusion
This study explored the use of supervised and unsupervised machine learning techniques to analyse customer churn in the telecommunications sector. Using the Telecom Customer Churn dataset, Logistic Regression, Random Forest and K-Means clustering were implemented and evaluated to assess their effectiveness in predicting churn and identifying customer segments.
The results showed that Random Forest was the strongest classification model, outperforming Logistic Regression across all evaluation metrics, including Accuracy, Precision, Recall, F-Measure, AUC-ROC and Cohen's Kappa. Although both models achieved only moderate predictive performance, Random Forest was better at identifying customers who were genuinely at risk of leaving, making it the more suitable model for customer churn prediction.
The K-Means clustering analysis complemented the classification results by identifying three distinct groups of churned customers. This demonstrated that customers who leave are not all the same and that different groups display different spending habits, service usage and engagement levels. These findings suggest that organisations should move away from one-size-fits-all retention campaigns and instead tailor their strategies to the characteristics of each customer segment.
The study also highlighted the importance of data preprocessing and model evaluation. Feature selection, data preparation and the use of multiple evaluation metrics all contributed to a more reliable assessment of model performance. However, the moderate results indicate that additional customer information and more advanced machine learning techniques could further improve prediction accuracy.
Overall, the findings show that combining classification and clustering provides greater business value than using either technique alone. Classification identifies customers most likely to churn, while clustering explains the behavioural patterns behind customer loss. Together, these approaches provide organisations with more meaningful insights, enabling targeted, evidence-based retention strategies that can improve customer loyalty and long-term business performance.
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Initial starting points (randem):

Cluster 0: 258,11.75,18,7,6,7.66,24.99,3.36,4.3,0

Cluster 1: 508,331.25,374,388,117,181.646667, 44.3725,132.973333,148.613333,99.94
Cluster 2: 313,455.5,373,409,79,344.58, 44.99,112. 556667, 256.87, 24. 846667

Missing values globally replaced with mean/mode

Final cluster centroids:
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& Weka Explorer

Preprocess  Classify  Cluster  Associate  Selectattributes  Visualize

Clusterer
Choose | SimpleKMeans -init 0 -max-candidates 100 -periodic-pruning 10000 -min-density 2.0 -t1 -1.25 -t2 -1.0 -N 3 -A “weka.core EuclideanDistance -R first-last" -1 500 -num-slots 1 -5 10

Cluster mode Clusterer output
(®) Use training set

Cluster 0: 258,11.75,18,7,6,7.66,24.99,3.36,4.3,0
Cluster 1: 508,331.25,374,388,117, 181. 646667, 44.3725, 132973333, 148. 613333, 95. 94
Percentage split % | 66 Cluster 2: 313,455.5,373,409,79,344.58,44.95,112. 556667, 256.87, 24. 846667

Supplied test set Set

Classes to clusters evaluation

(Num) mou_vce_Mean Missing values globally replaced with mean/mode

Store clusters for visualization

Final cluster centroids:
Cluster#

Attribute Full Data 0 1 2

(49562.0) (28331.0) (13256.0) (7975.0)

Ignore attributes

Start Stop.
Result list (right-click for options) eqpdays 421.0895 306.4506 764.0422 258.2876
mou_Mean 482.6746  353.4697 227.6 1365.6557
avgémou 484.8066 376.8154 238.6073 1277.674
avg3mou 492.9691 359.5193 233.9548 1397.5786
avg3qey 171.8056  132.503  90.1643 445.7097
mou_cvce Mean  213.8825 140.6983 111.8554 643.4567
totmrc_Mean 44.5453  42.5115  35.5068  66.7941
mou_peav_Mean  164.1742  112.328  95.2124 462.9845
mou_opkv_Mean  153.5741  91.4482  59.113¢ 531.2867
mou_rvce Mean  103.9166  63.1062  42.4824 351.0101

0.58 seconds

Time taken to build model (full training data)

Model and evaluation on training set
Clustered Instances
o 28331 ( 57%)

1 13256 ( 27%)
2 7975 ( 16%)
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