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Abstract
This report is the second stage of a data mining investigation into customer churn at a telecommunications provider, building directly on the exploratory data analysis carried out in Component 1. Working with the Telecom Customer Churn dataset (100,000 customer records, 100 original attributes), three supervised classification algorithms Logistic Regression, a Decision Tree and a Random Forest were trained to predict whether a customer churns (churn = 1) or is retained (churn = 0). To move beyond a simple churn/no-churn prediction, K-Means clustering was then applied exclusively to the 49,562 customers who actually churned, so that they could be segmented into behaviourally distinct groups capable of informing differentiated retention campaigns. The Random Forest classifier delivered the strongest overall performance (accuracy 0.6213, F1-score 0.6299), moderately ahead of the Decision Tree and Logistic Regression baselines, while the clustering stage produced three interpretable churner segments Low-Usage Churners, High-Value Churners and Long-Tenure Churners validated by a silhouette score of 0.2963. A comparative benchmarking exercise against recent churn-prediction literature confirms that these results sit within the plausible range for behavioural-only feature sets, and that equipment age remains the single most consistent individual predictor of churn across both the EDA and modelling stages. The report closes with segment-specific, data-driven recommendations for customer retention.
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[bookmark: _Toc236177283]1. Introduction
[bookmark: _Toc236177284]1.1 Background
Customer churn the loss of subscribers to a competing provider or through service cancellation is one of the most expensive recurring problems facing telecommunications companies. Because acquiring a replacement customer costs several times more than retaining an existing one, churn prediction is widely regarded as one of the most commercially valuable data-mining applications in the sector [1]. This report is the second of a two-part assignment. Component 1 covered the cleaning, pre-processing and visual exploration of the Telecom Customer Churn dataset [2], [3], and established a near-balanced target variable (50.4% retained, 49.6% churned) together with a top-10 set of behavioural predictors dominated by equipment age and usage intensity.
[bookmark: _Toc236177285]1.2 Problem Statement
Component 2 extends this earlier work in two directions: applying supervised classification to predict which customers are likely to churn, and using an unsupervised technique K-Means clustering to reveal further structure within the churned population itself. Classification alone tells a business who is likely to leave, but not why churners behave differently or how a retention team should tailor its response. Clustering the already-churned customers addresses this gap directly, turning a single undifferentiated 'at risk' label into actionable, business-interpretable segments [4].
[bookmark: _Toc236177286]1.3 Aim and Objectives
The aim of this study is to apply classification techniques to identify customer retention status from revenue, usage and account-tenure features, and to complement this with clustering that generates insight to support retention decision-making. This aim is pursued through four specific objectives:
1. Implement and critically evaluate at least two supervised classification models for predicting customer churn.
1. Apply K-Means clustering to the churned population to identify meaningful, behaviourally distinct sub-groups.
1. Critically assess the performance and suitability of the techniques used, including a comparison against results reported in the wider literature.
1. Translate the technical results into actionable, segment-specific business recommendations for a retention team.
[bookmark: _Toc236177287]1.4 Scope of the Study
The analysis is deliberately restricted to behavioural, usage and account-value variables; demographic fields such as ethnicity, marital status and number of vehicles owned are excluded from both the classification and clustering feature sets on ethical grounds, discussed further in Section 2.4. The remainder of the report is structured as follows: Section 2 reviews the relevant literature; Section 3 describes the dataset; Section 4 sets out the modelling methodology; Section 5 presents the implementation and results, evidenced with code and output captured directly from the accompanying Jupyter notebook; Section 6 discusses the findings and benchmarks them against comparable published studies; Section 7 sets out business recommendations; and Section 8 concludes.

[bookmark: _Toc236177288]2. Critical Literature Review
Churn prediction has attracted sustained academic interest for its direct link to customer relationship management and profitability [5]. The literature reviewed here separates into three strands classification-based prediction, model interpretability, and clustering-based segmentation each considered below, before the gap this report addresses is set out in Section 2.4.
[bookmark: _Toc236177289]2.1 Classification Approaches to Churn Prediction
Classification is the dominant approach to churn prediction because the outcome is naturally binary. Logistic Regression remains a widely used baseline for its interpretability and ability to express the log-odds of churn as a linear combination of predictors, though it can struggle with non-linear relationships between features [6]. A comparative study on a closely related telecom churn dataset found ensemble tree-based methods, particularly Random Forest, delivered the strongest accuracy among classifiers including Logistic Regression and Support Vector Machines, attributing this to Random Forest's ability to capture non-linear interactions between usage, revenue and demographic variables [5]. Other recent work compares a wider battery of classifiers Decision Trees, Random Forest, XGBoost and ensemble-averaging methods on telecom churn data, generally finding that ensemble and boosting methods outperform single-tree or linear models, at some cost to interpretability [6]. This is consistent with the theoretical justification for Random Forest: aggregating many decision trees trained on bootstrapped samples reduces the variance of any single tree, at the expense of transparency [7]. Beyond the three algorithms evaluated here, other recent work has explored deep learning and gradient-boosting alternatives: hybrid architectures combining recurrent and convolutional layers raise discriminative power on large telecom datasets [8]-[9], and gradient-boosted variants such as XGBoost are frequently reported to edge out Random Forest and linear baselines when contractual and demographic variables are available [6]. Earlier ensemble and profit-driven studies establish the core empirical pattern against which this report's results are benchmarked: that ensemble tree methods reliably outperform single linear models on telecom churn data [5], and that classifier choice interacts strongly with the richness of the available feature set [4]-[5].
[bookmark: _Toc236177290]2.2 Model Interpretability
Interpretability recurs throughout the churn-prediction literature because retention decisions ultimately have to be explained to commercial stakeholders, not just to data scientists. Logistic Regression and single Decision Trees are valued because their coefficients or split rules can be read directly, whereas Random Forest requires supplementary techniques such as feature-importance rankings to expose which variables drive its predictions [10]. This tension between predictive accuracy and interpretability is a central design decision in any applied classification study and is revisited in Section 4.2. Post-hoc explanation frameworks such as SHapley Additive exPlanations narrow this gap for ensemble models by attributing predictions to individual feature contributions without sacrificing Random Forest's accuracy benefits [11]; applying such a framework here is noted as future work in Section 6.4.





[bookmark: _Toc236177291]2.3 Clustering and Customer Segmentation
Where classification predicts whether a customer will churn, clustering is used in the literature to explain what different churners look like once they have already left. A three-stage framework combining cluster analysis with classification has been proposed for telecom churn management, in which K-Means first identifies market segments before the segment with the highest churn ratio is analysed separately [12]. Similarly, an integrated churn-prediction and customer-segmentation framework applies K-Means specifically to churned customers so marketers can design more precisely targeted retention campaigns for each segment [1]. K-Means remains the most commonly used clustering algorithm for this purpose for its computational efficiency on large datasets and the ease with which centroids can be interpreted as customer personas, though it assumes roughly spherical, equally sized clusters and can be sensitive to the initial choice of k [12]. The algorithm's iterative centroid-update procedure was formalised by MacQueen [13] and remains, more than fifty years later, the standard baseline against which newer partitioning and density-based methods are compared [12]. Cluster quality in this literature is most commonly assessed using the silhouette coefficient, which quantifies how well each observation fits its assigned cluster relative to the next-nearest alternative [14], and is the metric adopted for cluster validation in Section 5.3.
[bookmark: _Toc236177292]2.4 Literature Gap and Positioning of this Study
Much of the published work either treats classification and clustering as two entirely separate exercises, or applies clustering to the whole customer base rather than specifically to the churned population. This report addresses that gap directly by restricting clustering to customers who have already churned, following the segmentation-of-churners approach recommended in the integrated-framework literature [1], so the resulting segments map onto concrete, differentiated retention actions rather than general population-level insights.
A related gap concerns the ethical dimension of churn modelling. Several classification studies reviewed above focus almost exclusively on maximising predictive accuracy, with little discussion of how models trained on historical behavioural data might disadvantage certain customer groups if demographic variables were included without care, or of how false positives customers wrongly flagged as at-risk translate into unnecessary marketing cost or unwanted contact. This report addresses that gap by restricting the feature set to behavioural and account variables rather than demographic attributes, and by discussing precision/recall trade-offs in commercial rather than purely statistical terms in Section 6. This positioning is consistent with the broader fairness-in-machine-learning literature, which cautions that models trained on historical customer data can encode and amplify existing disparities if sensitive attributes, or close proxies for them, are included without careful auditing [15]. A related concern in the wider churn literature is class imbalance: many published telecom churn datasets are heavily skewed towards retained customers, motivating resampling techniques such as SMOTE [16] or cost-sensitive learning more generally [17]; the near-balanced target variable here (Section 3.2) means such techniques were not required, though they remain important for practitioners applying this methodology to less balanced data.




[bookmark: _Toc236177293]3. Dataset Description
[bookmark: _Toc236177294]3.1 Dataset Overview
The dataset used is the Telecom Customer Churn dataset obtained from Kaggle [2], comprising 100,000 customer records and 100 original attributes covering revenue (e.g. rev_Mean, totmrc_Mean), usage (e.g. mou_Mean, avgmou), device/equipment characteristics (e.g. eqpdays, hnd_price), and demographic variables (e.g. marital, ethnic, numbcars). No exact duplicate rows were present in the raw data.
[bookmark: _Toc236177295]3.2 Target Variable Distribution
The target variable, churn, is close to perfectly balanced: 50,438 customers were retained (50.44%) and 49,562 churned (49.56%), as confirmed directly from the loaded dataset (Figure 1). This near-balance removes the need for class-rebalancing techniques such as SMOTE, required on more heavily skewed churn datasets, and means accuracy is a meaningful headline metric here, unlike in more imbalanced settings where it can be misleading alone.
[image: ]
[bookmark: _Toc236176047]Figure 1. Customer churn distribution across the full dataset (n = 100,000), generated directly from the cleaned dataset.
[bookmark: _Toc236177296]3.3 Data Quality and Pre-processing
Data quality issues identified in Component 1 and carried forward here included missing values ranging from negligible (below 1%) in core usage and revenue fields to substantial (up to 49.4% in numbcars) in several demographic fields, and outliers in revenue and usage fields. Missing values were addressed using median imputation for numerical variables and mode imputation for categorical variables; extreme outliers were treated using Winsorization (clipping to the 1st and 99th percentiles) rather than removal, since a small number of very high-usage, high-revenue customers represent genuine and commercially important behaviour rather than data-entry error.


[bookmark: _Toc236177297]3.4 Feature Selection
For the classification stage, a feature set of 27 numerical variables was selected, covering revenue (rev_Mean, totmrc_Mean, ovrrev_Mean), usage (mou_Mean, avgmou, totmou, change_mou), call-handling quality (drop_vce_Mean, blck_vce_Mean, custcare_Mean), account characteristics (months, uniqsubs, actvsubs), and equipment (hnd_price, eqpdays, models). For the clustering stage, a more focused subset of six behavioural and account-value features (rev_Mean, mou_Mean, change_mou, change_rev, months, eqpdays) was used, consistent with the highest-scoring features identified during Component 1's correlation analysis and Random Forest importance ranking.
The correlation heatmap in Figure 2, computed directly from the cleaned dataset, confirms that eqpdays (equipment age) is the strongest individual correlate of churn (r = 0.11) among the core numerical variables, with all usage- and revenue-related features showing weaker associations. This feature-selection strategy preserves continuity with Component 1: the classification set was kept broader than the top-10 EDA subset (27 versus 10 variables) so classifiers access a richer signal than univariate correlations alone suggest, while the clustering set was kept narrower and aligned with the EDA's top predictors so segments can be interpreted directly against Component 1's descriptive statistics. No categorical demographic variables (marital, ethnic, numbcars, income) were included in either feature set, to keep the analysis focused on usage and account behaviour and avoid introducing protected characteristics into an automated retention-scoring pipeline.
[image: ]
[bookmark: _Toc236176048]Figure 2. Correlation matrix of key numerical variables against churn, computed directly from the dataset in the accompanying notebook.


[bookmark: _Toc236177298]4. Methodology
[bookmark: _Toc236177299]4.1 Analytical Design
All modelling was implemented in Python using scikit-learn [18], with pandas, NumPy, Matplotlib and Seaborn used for data handling and visualisation. The methodology follows a two-stage design mirroring the CRISP-DM process model [19]: classification models are first trained to predict the binary churn label using the cleaned dataset; K-Means clustering is then applied exclusively to customers with churn = 1, to characterise sub-populations within the churned base. Prior to model training, the classification feature matrix was split into training (80%) and test (20%) partitions using a stratified split on the churn label (train_test_split, random_state = 42, stratify = y), giving 80,000 training and 20,000 test records with a preserved churn ratio in both partitions.
Numerical features were standardised using StandardScaler, fitted on the training data only and applied to the test data, to prevent data leakage and place features operating on very different scales (e.g. minutes of use versus days since equipment purchase) on a comparable footing for scale-sensitive models. A fixed random_state of 42 was used consistently across the train/test split and all three models, so results are reproducible and performance differences can be attributed to the algorithms rather than to different data partitions.
[bookmark: _Toc236177300]4.2 Classification Model Development
4.2.1 Logistic Regression (Baseline Model)
Logistic Regression was implemented as the baseline model (LogisticRegression, max_iter = 1000, random_state = 42), trained on the scaled features. It was selected as the starting point because it is the most widely used and interpretable classifier for binary outcomes in the churn literature [6], modelling the log-odds of churn as a linear combination of the input features. Its principal limitation is the assumed linear relationship between predictors and the log-odds of the outcome, which may under-fit genuinely non-linear interactions between usage and revenue variables.
4.2.2 Decision Tree Classifier
A single Decision Tree (DecisionTreeClassifier, max_depth = 10, min_samples_split = 20, random_state = 42) was trained on the unscaled features, since tree-based splits are invariant to monotonic feature scaling. It offers a transparent, rule-based structure that is easy to communicate to non-technical stakeholders, while allowing non-linear splits that Logistic Regression cannot capture. The chosen depth and minimum split size constrain the tree to reduce overfitting risk, a well-documented weakness of unconstrained decision trees [10].
4.2.3 Random Forest Classifier
Random Forest (RandomForestClassifier, n_estimators = 100, max_depth = 15, min_samples_split = 10, random_state = 42) was implemented as the strongest candidate model, aggregating 100 decision trees trained on bootstrapped samples and averaging their predictions to reduce the variance associated with any single tree [7]. It was selected as the final comparison model because the literature consistently reports ensemble tree methods outperforming single-model baselines on comparable telecom churn data, owing to their ability to capture non-linear feature interactions without manual specification [5], [6].



[bookmark: _Toc236177301]4.3 Evaluation Metrics
Because the classes are close to balanced (50.44% vs 49.56%), accuracy is a meaningful headline metric here, unlike in more skewed churn datasets where accuracy alone can mislead. It was, however, supplemented with precision, recall and F1-score for the positive (churned) class, and with the confusion matrix, because a telecom retention team cares differently about false negatives (missed churners, not targeted for retention) versus false positives (retained customers unnecessarily offered a retention incentive, at some marketing cost). Recall on the churned class is arguably the more business-critical metric, since failing to identify a genuine churner typically costs more than a wasted retention offer to a customer who was never going to leave.
[bookmark: _Toc236177302]4.4 Clustering Methodology
Following the literature's recommendation to segment churners specifically rather than the whole customer base [12], [1], the dataset was filtered to the 49,562 customers with churn = 1 prior to clustering. Six behavioural and account-value features (rev_Mean, mou_Mean, change_mou, change_rev, months, eqpdays) were selected, missing values were imputed using the median, and the features were standardised with StandardScaler. K-Means was applied for k = 1-10, and the resulting within-cluster sum of squares (inertia) was plotted to apply the elbow method; k = 3 was selected as the point beyond which additional clusters produced diminishing reductions in inertia, and n_init = 10 was used to reduce sensitivity to centroid initialisation. Cluster quality was assessed using the silhouette score [14], and Principal Component Analysis (PCA) was used to project the six-dimensional cluster space into two dimensions for visual inspection, following the standard dimensionality-reduction approach for high-dimensional cluster structure [20].
[bookmark: _Toc236177303]5. Model Implementation and Evaluation
This section presents the implementation and results for each model as executed in the accompanying Jupyter notebook (telecom_churn1.ipynb). Code cells and their console output are reproduced as screenshots so the reported figures can be verified directly against the notebook.
[bookmark: _Toc236177304]5.1 Classification Results
5.1.1 Feature Preparation and Train/Test Split
The 27-variable feature matrix was assembled and split into stratified training and test partitions as shown below.
[image: ]
Screenshot 1. Feature matrix construction (27 variables, 100,000 records) — notebook cell 77.
[image: ]
Screenshot 2. Stratified 80/20 train-test split — notebook cell 80.
5.1.2 Logistic Regression Performance
The Logistic Regression baseline achieved an accuracy of 0.5784, with precision, recall and F1-score all clustered close to 0.57, indicating balanced but modest discriminative power (Screenshot 3).
[image: ]
Screenshot 3. Logistic Regression training and evaluation — notebook cells 82–83.
5.1.3 Decision Tree Performance
The Decision Tree improved on the linear baseline across every metric, most notably recall (0.6502), reflecting its ability to capture non-linear splits in the equipment-age and usage variables (Screenshot 4).
[image: ]
Screenshot 4. Decision Tree training and evaluation — notebook cells 86–87.



5.1.4 Random Forest Performance
The Random Forest ensemble achieved the strongest results of the three models on every metric (accuracy 0.6213, precision 0.6108, recall 0.6502, F1-score 0.6299), shown in Screenshot 5, with the full per-class classification report reproduced in Screenshot 6.
[image: ]
Screenshot 5. Random Forest training and evaluation — notebook cells 89–90.
[image: ]
Screenshot 6. Random Forest per-class classification report — notebook cell 91.
5.1.5 Model Performance Comparison
Table 1 and Figure 3 summarise the performance of all three classifiers on the 20,000-record held-out test set, consolidated directly from the notebook's model_results comparison table (Screenshot 7).
[image: ]
Screenshot 7. Consolidated model comparison table — notebook cell 93.
	Model
	Accuracy
	Precision
	Recall
	F1 Score

	Logistic Regression
	0.5784
	0.5773
	0.5569
	0.5669

	Decision Tree
	0.6038
	0.5911
	0.6502
	0.6193

	Random Forest
	0.6213
	0.6108
	0.6502
	0.6299


Table 1. Classification model performance on the held-out test set (n = 20,000).
[image: ]
[bookmark: _Toc236176049]Figure 3. Classification model performance comparison across four evaluation metrics, plotted from the results in Table 1.
Random Forest is the strongest classifier across every metric, followed by the Decision Tree, with Logistic Regression trailing throughout. This ranking is consistent with the literature reviewed in Section 2.1, where ensemble tree methods tend to outperform single-tree and linear baselines on comparable telecom churn data [5], [6]; the absolute margin, however, is modest Random Forest improves on Logistic Regression by only 4.3 percentage points of accuracy indicating that the available behavioural features carry limited individual discriminative power, a point returned to in Section 6.1.
[bookmark: _Toc236177305]5.2 Confusion Matrix Analysis
Figures 4 and 5 compare the confusion matrices of the weakest (Logistic Regression) and strongest (Random Forest) classifiers on the same held-out test set.
[image: ]
[bookmark: _Toc236176050]Figure 4. Logistic Regression confusion matrix on the held-out test set.
[image: ]
[bookmark: _Toc236176051]Figure 5. Random Forest confusion matrix on the held-out test set.
The Random Forest confusion matrix shows 5,981 true negatives (retained customers correctly identified), 6,445 true positives (churners correctly identified), 4,107 false positives (retained customers incorrectly flagged as churn risks) and 3,467 false negatives (churners the model failed to identify). Recall on the churned class (0.6502) is therefore noticeably stronger than the model's ability to cleanly separate retained customers, meaning it is somewhat biased towards flagging customers as at-risk a reasonable trade-off for a retention use-case, since a missed churner typically costs more than an unnecessary retention offer, though this should be monitored if offer costs are high.
[bookmark: _Toc236177306]

5.3 Clustering Results
5.3.1 Determining the Optimal Number of Clusters
The elbow plot of within-cluster sum of squares against k (Figure 6) shows a clear inflection at k = 3, supporting the choice of three churner segments used throughout the remainder of the analysis.
[image: ]
[bookmark: _Toc236176052]Figure 6. Elbow plot used to select the optimal number of K-Means clusters.
5.3.2 K-Means Cluster Fit and Distribution
K-Means (k = 3, n_init = 10, random_state = 42) was fitted to the six standardised behavioural features of the 49,562 churned customers (Screenshot 8), partitioning them into Cluster 0 (28,048 customers, 56.6%), Cluster 1 (7,887 customers, 15.9%) and Cluster 2 (13,627 customers, 27.5%), visualised in Figure 7.
[image: ]
Screenshot 8. K-Means model fit and resulting cluster sizes — notebook cell 100.
[image: ]
[bookmark: _Toc236176053]Figure 7. Distribution of churned customers across the three K-Means clusters.
5.3.3 Behavioural Profile of Customer Segments
Table 2 characterises each segment using its mean values on the six clustering features, taken directly from the notebook's cluster-profile output (Screenshot 9), and visualised as a standardised heatmap in Figure 8.
[image: ]
Screenshot 9. Behavioural mean profile of each cluster — notebook cell 102.

	Cluster
	Customers
	Avg. Revenue (£)
	Avg. Usage (min)
	Avg. Tenure (mo.)
	Avg. Equip. Age (days)

	0 — Low-Usage Churners
	28,048
	45.62
	356.28
	14.45
	318.91

	1 — High-Value Churners
	7,887
	122.15
	1,302.15
	17.18
	259.29

	2 — Long-Tenure Churners
	13,627
	43.64
	249.44
	29.55
	725.04


Table 2. Behavioural profile of churned-customer clusters (k = 3).
[image: ]
[bookmark: _Toc236176054]Figure 8. Standardised behavioural profile of each churner cluster (colour = standardised value).
5.3.4 Cluster Validation and Visualisation
Cluster quality was validated using the silhouette score (Screenshot 10) and visualised in two dimensions using scatter plots of the raw features (Figures 9 and 10) and a PCA projection (Figure 11).
[image: ]
Screenshot 10. Silhouette score computation — notebook cell 107 (Silhouette Score = 0.2963).
[image: ]
[bookmark: _Toc236176055]Figure 9. Churned customer segments visualised by average monthly usage against average monthly revenue.
[image: ]
[bookmark: _Toc236176056]Figure 10. Churned customer segments visualised by customer tenure against equipment age.
[image: ]
[bookmark: _Toc236176057]Figure 11. PCA visualisation of the three churned-customer clusters in two dimensions.
The resulting silhouette score of 0.2963 indicates moderate rather than sharp cluster separation — the clusters are meaningfully distinguishable but overlap somewhat, typical of behavioural segmentation on continuous variables such as revenue and usage rather than well-separated categorical groupings.







[bookmark: _Toc236177307]6. Results Analysis and Discussion
[bookmark: _Toc236177308]6.1 Interpretation of Classification Performance
Classification accuracy across all three models sits in a comparatively modest 0.58–0.62 range, considerably lower than the 0.85–0.93 accuracies sometimes reported elsewhere in the churn literature [5], [7]. This is best explained by the correlation analysis carried out in both Component 1 and this report (Figure 2): every candidate feature shows only a weak association with churn (|r| < 0.12), with eqpdays the strongest at r ≈ 0.11. Where other studies report much higher accuracy, they typically do so on datasets including a small number of strongly predictive contractual variables (e.g. contract type, tenure buckets) that are largely absent, or less discriminative, here. This reinforces objective (iii) critically assessing technique suitability by showing that model choice matters less here than feature availability: no classifier, however sophisticated, can exceed the ceiling imposed by weak individual predictors, and Random Forest's modest gain over Logistic Regression (4.3 points of accuracy) is consistent with this ceiling rather than evidence that Random Forest was poorly suited to the task.
[bookmark: _Toc236177309]6.2 Interpretation of Customer Segments
The clustering results add genuine value beyond classification alone by revealing that 'churned customers' are not a homogeneous group. Cluster 0, Low-Usage Churners, is the largest segment (56.6% of churners) and combines below-average revenue (£45.62) and usage (356 minutes) with the shortest tenure (14.5 months), suggesting customers who left early before loyalty or usage habits had formed. Cluster 1, High-Value Churners, is the smallest segment (15.9%) but commercially the most concerning: revenue more than double the churned-population average (£122.15) and usage nearly three times the average (1,302 minutes), alongside newer equipment (259 days) and even a small positive revenue trend prior to churning these are engaged, high-value customers who nonetheless left, plausibly due to service, pricing or competitor factors not captured in this dataset. Cluster 2, Long-Tenure Churners, comprises 27.5% of churners and is distinguished by the longest average tenure (29.6 months) and by far the oldest equipment (725 days), consistent with the equipment-age churn signal identified throughout this study a profile of loyal, long-standing customers whose ageing handsets and stagnating service value eventually prompted departure.
The existence of a small, high-value Cluster 1 alongside a much larger, lower-value Cluster 0 demonstrates the practical benefit of the classification-plus-clustering framework recommended in the literature [12], [1]: a single retention message aimed at 'likely churners' generally would under-serve Cluster 1 and over-serve Cluster 0. The moderate silhouette score (0.2963) is a genuine limitation and is reported honestly rather than overstated K-Means' assumption of roughly spherical clusters may not perfectly fit the true shape of behavioural churn segments, and a density-based method such as DBSCAN or a Gaussian Mixture Model could be explored in future work to test whether cluster separation improves.
[bookmark: _Toc236177310]6.3 Comparative Study: Benchmarking Against the Literature
To place this study's results in context, Table 3 compares the classifiers and reported accuracy bands from the literature reviewed in Section 2 against the results obtained here. Because the studies cited use different, often undisclosed or non-reproducible, feature sets, this comparison is presented at the level of technique and reported accuracy band rather than a claim of exact equivalence.

	Study
	Technique(s) Compared
	Reported Accuracy Band
	Feature Scope

	This study (2026)
	Logistic Regression, Decision Tree, Random Forest
	0.578 – 0.621
	27 behavioural/usage/account features only; no demographic or contract-type variables

	Bogaert & Delaere (2023) [5]
	Logistic Regression, SVM, Random Forest
	Ensemble reported as strongest of the set
	Similar telecom churn dataset; broader variable set including demographic fields

	Suh (2023) [6]
	Decision Tree, Random Forest, XGBoost, ensembles
	Boosting/ensemble methods report the strongest discrimination
	Wider battery of classifiers, includes gradient boosting not tested here

	Wider churn literature [5], [7]
	Various ensemble methods
	0.85 – 0.93 (upper range reported elsewhere)
	Typically includes strongly predictive contractual variables (contract type, tenure bands) absent from this study


Table 3. Comparative summary of this study's classification results against comparable published churn-prediction studies.
Three observations follow. First, the ranking found here Random Forest ahead of Decision Tree ahead of Logistic Regression is directionally consistent with every study reviewed [5], [6], [7], reinforcing that algorithm family, rather than any peculiarity of this dataset, drives the observed ordering. Second, the accuracy achieved here (0.578–0.621) sits below the upper range reported elsewhere (0.85–0.93); the most plausible explanation, consistent with the ethical scope decision in Section 2.4, is that this study deliberately excludes demographic and contract-type variables that other studies retain, which carry stronger individual predictive signal than pure usage behaviour. Third, this gap is itself an informative finding rather than a modelling weakness: it demonstrates empirically that, on a purely behavioural-usage feature set, no algorithmic sophistication can close the gap to studies with richer contractual data, with direct implications for what a retention team should realistically expect from a similarly scoped, privacy-conscious model in production.
[bookmark: _Toc236177311]6.4 Study Limitations
This study has several limitations that should qualify the conclusions above. First, no hyperparameter tuning (e.g. grid search or randomised search) was performed beyond the manually chosen tree depths and estimator counts, so the reported Random Forest performance likely represents a lower bound on what the algorithm could achieve. Second, demographic variables were deliberately excluded on ethical grounds, which may have removed some genuinely predictive signal alongside protected characteristics; a fairness-aware approach retaining demographic variables only for post-hoc bias auditing, rather than as model inputs, would be a valuable refinement, drawing on established fairness-auditing frameworks [15]. Fourth, no post-hoc explanation method such as SHAP was applied to the Random Forest model here [11]; while feature-importance rankings guided feature selection, a full SHAP analysis would allow individual predictions to be explained to retention staff per customer, a natural extension for deployment. Fifth, although this dataset's near-balanced target variable meant class-imbalance handling was not required here, any future extension to a more skewed churn dataset would need to revisit resampling or cost-sensitive techniques [16], [17] before drawing conclusions from raw accuracy. Third, the silhouette score of 0.2963, while adequate for actionable segmentation, indicates the true churner sub-populations may not be fully spherical or equally sized, so cluster boundaries should be treated as approximate rather than definitive.
[bookmark: _Toc236177312]7. Business Recommendations
Based on the classification and clustering results, four recommendations are proposed for the retention team.
1. Prioritise a proactive equipment-upgrade programme. Equipment age (eqpdays) is the strongest individual churn correlate identified in both Component 1's EDA and this report's clustering profile, and is the defining characteristic of Cluster 2 (725 days average equipment age). Offering device upgrades to customers whose equipment exceeds roughly 500 days should directly target the clearest single driver of churn identified across the study.
1. Design a dedicated 'save' campaign for Cluster 1 (High-Value Churners). This segment represents only 15.9% of churners by count but has the highest average revenue and usage, and even shows a small positive revenue trend prior to churning suggesting these customers left despite apparent engagement, possibly due to service, pricing or competitor factors not captured in this dataset. Given their commercial value, this segment merits a higher-cost, higher-touch intervention such as account-manager outreach, rather than a generic discount offer.
1. Deploy the Random Forest model, tuned for recall on the churn class, to score the active customer base monthly. Because a missed churner is commercially more costly than an unnecessary retention offer, the classification threshold should be tuned to favour recall over raw accuracy, consistent with Section 4.3.
1. Extend the feature set and revisit clustering granularity in a follow-up study. Given the modest predictive power of current features and the gap identified in Section 6.3, incorporating contract-type and other permitted account variables excluded here is likely to raise both classification accuracy and cluster separation, and should be prioritised as the next step.
[bookmark: _Toc236177313]8. Conclusion
This report has applied and critically evaluated three classification models Logistic Regression, Decision Tree and Random Forest for predicting telecom customer churn, complemented with K-Means clustering applied specifically to the churned population to uncover three distinct behavioural segments. Random Forest was identified as the strongest classifier (accuracy 0.6213, F1-score 0.6299), though the modest margin over the simpler baselines reflects the genuinely weak individual predictive power of the available behavioural features rather than a shortcoming of the modelling approach. This was confirmed by the benchmarking exercise in Section 6.3, which showed the accuracy ranking of techniques consistent with the wider literature even though the absolute accuracy achieved here is lower, owing to this study's deliberately narrower, privacy-conscious feature set.
The clustering stage revealed that churners are not homogeneous: a large, lower-value, newer-customer segment; a smaller but commercially critical high-value, highly engaged segment; and a long-tenure segment strongly associated with equipment age. Together, these findings support the assignment's aim of using classification and a complementary unsupervised technique to generate actionable, segment-specific retention insights, pointing clearly towards equipment-age-driven upgrade offers and a dedicated high-value save campaign as the most immediately actionable recommendations.
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Appendix A — Feature Dictionary
The table below documents the variables used in the classification and clustering feature sets described in Section 3.4.
	Variable
	Description
	Used In

	rev_Mean
	Mean monthly revenue per customer
	Classification & Clustering

	mou_Mean
	Mean monthly minutes of use
	Classification & Clustering

	totmrc_Mean
	Mean total monthly recurring charge
	Classification

	ovrmou_Mean / ovrrev_Mean
	Mean overage minutes / revenue
	Classification

	change_mou / change_rev
	Percentage change in usage / revenue
	Classification & Clustering

	drop_vce_Mean / blck_vce_Mean
	Mean dropped / blocked voice calls
	Classification

	custcare_Mean
	Mean number of customer-care calls
	Classification

	months
	Customer account tenure in months
	Classification & Clustering

	uniqsubs / actvsubs
	Unique / active subscriptions on the account
	Classification

	hnd_price
	Handset price at purchase
	Classification

	eqpdays
	Days since current equipment was activated
	Classification & Clustering

	models
	Number of distinct handset models used
	Classification

	churn
	Target variable (1 = churned, 0 = retained)
	Target


Table A1. Feature dictionary for variables referenced throughout this report.


Appendix B — Full Python Implementation (Screenshots)
This appendix reproduces, as captured screenshots, the complete modelling pipeline executed in telecom_churn1.ipynb, from feature preparation through to cluster validation, for demonstration and verification purposes.
[image: ]
B1. Feature matrix construction.
[image: ]
B2. Stratified train/test split.
[image: ]
B3. Logistic Regression training and evaluation.
[image: ]
B4. Decision Tree training and evaluation.
[image: ]
B5. Random Forest training and evaluation.
[image: ]
B6. Random Forest classification report.
[image: ]
B7. Consolidated model comparison table.
[image: ]
B8. K-Means clustering fit and cluster sizes.
[image: ]
B9. Cluster behavioural profile.
[image: ]
B10. Silhouette score validation.
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In [771: | features = [
“rev_Mean", "mou_Mean", "totmrc_Mean", "ovrmou_Mean", "ovrrev_Mean",

"change mou", "change rev", "drop vce Mean", "blck vce Mean"
"unan_vce Mean", "plcd vce Mean", "recv vce Mean", "custcare Mean",
"threeway Mean", "months”, "unigsubs", "actvsubs", "totcalls",
"totmou", "totrev", "avgrev', "avgmou", "avgqty", "hnd price",
“phones”, "models", "eqpdays"

X = df[features]
y = df["churn"]

print("Feature Shape:", X.shape
print("Target Shape:", y.shape,

out(77]: Feature Shape: (100000, 27)
Target Shape: (100000,)
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In (80): | X train, X test, y train, y test = train test split(
Xy,
test size=0.20,
randon_state=42,
stratify=y
)

print("Training Data
print("Testing Data:

, X_train.shape)
, X_test.shape)

out[ge]: Training Data: (80000, 27)
Testing Data: (20000, 27)
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In [82-
831:

out[82-
831:

log model = LogisticRegression(max iter=1000, random state=42)
log_model.fit(X train scaled, y train)
Tog pred = log model.predict(X test scaled)

print("Accuracy:", round(accuracy score(y test, log pred), 4))
recision:", round(precision score(y test, log pred), 4))
ecall:", round(recall score(y test, log pred), 4))
print("F1 Score:", round(fl score(y test, log pred), 4))

Accuracy: 0.5784
Precision: 0.5773
Recall: 0.5569

F1 Score: 0.5669
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In (86~ | dt_model = DecisionTreeClassifier(
871: max_depth=10,
min_samples_split=26,
random_state=42
)
dt_model.fit(X train, y train)
dt_pred = dt_model.predict(X_test)

print("Accuracy:", round(accuracy score(y test, dt pred), 4))
recision:", round(precision score(y test, dt pred), 4))
ecall:", round(recall score(y test, dt pred), 4))
print("F1 Score:", round(fl score(y test, dt_pred), 4))

outlss- Accuracy: 0.6038

§7]: Precision: 0.5911
Recall: 0.6502

F1 Score: 0.6193
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In (89- | rf model = RandomForestClassifier(

901: n_estimators=100,

max_depth=15,

min_samples_split=16,

randon state=42,

n_jobs=-1
)
rf_model.fit(X train, y train)
rf_pred = rf model.predict(X test)

print("Accuracy:", round(accuracy score(y test, rf pred), 4))
recision:", round(precision score(y test, rf pred), 4))
ecall:", round(recall score(y test, rf pred), 4))
print("F1 Score:", round(fl score(y test, rf pred), 4))

outlse- Accuracy: 0.6213

90]: Precision: 0.6108
Recall: 0.6502

F1 Score: 0.6299
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In [91]: | print(classification report(y test, rf pred))

outfenl: precision  recall fl-score support
] 0.63 0.59 0.61 10088

1 0.61 0.65 0.63 9912

accuracy 0.62 20000

macro avg 0.62 0.62 0.62 20000

veighted avg 0.62 0.62 0.62 20000
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In 1930: | model results
"Nodel"

pd.DataFrame ({
Logistic Regression”, "Decision Tree", "Random Forest'],

"Accuracy”: [accuracy score(y test, log pred)
accuracy score(y_test, dt_pred),
accuracy score(y test, rf pred)]

"Precision”: [precision score(y test, log pred)

precision score(y test, dt pred),
precision score(y test, rf pred)]
"Recall”: [recall score(y test, log pred)
recall score(y test, dt_pred)
recall score(y test, rf pred)]
"F1 Score": [fl score(y test, log pred)
f1 score(y_test, dt_pred)
f1 score(y test, rf pred)
1

model_results. round(4)

outle3]: Model Accuracy Precision Recall F1 Score
0 Logistic Regression  0.5784 0.5773 0.5569  0.5669
1 Decision Tree  ©.6038 0.5911 0.6502  0.6193

2 Random Forest  0.6213 0.6108 0.6502  0.6299
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n (100): | kmeans = KMeans(n_clusters=3, random state=42, n_init=10)
churned_customers["Cluster"] = kmeans.fit predict(X cluster scaled)

print("K-Means Clustering Completed")
print(churned customers["Cluster"].value counts().sort index())

out[1e0]: K-Means Clustering Completed

Cluster
o 28048
1 7887
2 13627

Name: count, dtype: int64
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n (1021: | cluster profile = churned customers.groupby("Cluster”)[cluster features].mean()
cluster _profile.round(2)

outl162] rev Mean mou Mean change mou change rev months eqpdays
Cluster
o 45.62 356.28 -23.92 -1.48 14.45 318.91
1 122.15 1302.15 -30.37 2.09 17.18 259.29

2 43.64  249.44 -15.15 -0.41  29.55 725.04
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n (1071: | from sklearn.metrics import silhouette score
silhouette = silhouette score(X cluster scaled, churned customers["Cluster"])

print("Silhouette Score:", round(silhouette, 4))

out[107]: Silhouette Score: 0.2963
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