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Abstract

Customer churn is one of the most pressing operational challenges facing telecommunications operators, since retaining an existing subscriber cost substantially less than acquiring a new one. This report extends prior exploratory work on the Telecom Customer Churn dataset (100,000 records, 100 raw attributes) by applying supervised classification to predict retention and unsupervised clustering to profile already-churned customers. Three algorithms — Logistic Regression, Decision Tree and Random Forest — were trained on a stratified 80/20 split using 27 behavioural, usage and value-based features. Random Forest performed best (62.05% accuracy, 0.6294 F1-score), ahead of the Decision Tree (60.38%, 0.6193) and Logistic Regression (57.84%, 0.5669). K-Means clustering (k = 3, chosen via the elbow method) was then applied to the 49,562 churned customers, revealing three distinct segments — Low Usage Churners, High Value Churners and Long Tenure Churners — validated by a silhouette coefficient of 0.296 and visualised via PCA. The findings show that behavioural and usage variables alone offer limited but genuine predictive signal, and that segment-specific retention strategies are likely more actionable than a single undifferentiated intervention. The report closes with evidence-based recommendations for reducing revenue leakage from attrition.

















1. Introduction
Customer churn — subscribers terminating their relationship with a provider — is widely regarded as one of the most consequential metrics in telecommunications, an industry marked by market saturation, low switching costs and intense price competition [2]. Because retaining an existing customer costs substantially less than acquiring a new one, even small gains in identifying “at-risk” customers can translate into material commercial value [7].
This report builds on the exploratory data analysis conducted in Assignment 1, in which the Telecom_Customer_Churn.csv dataset [1] was cleaned, missing values imputed, outliers treated through Winsorization, and derived variables — tenure group, revenue group, usage trend and handset-age category — engineered to support further analysis. The current component advances that work in two directions. First, supervised classification is applied to the full customer base to predict churn versus retention, using features describing revenue generation, service usage, call-handling behaviour and account tenure. Second, because classification alone does not explain why churned customers differ from one another, unsupervised clustering is applied specifically to the churned subset, to uncover natural groupings that can inform differentiated retention strategy.
Consistent with the assessment brief, the aim of this report is to apply classification techniques to identify customer retention status and complement this with clustering to generate actionable, decision-relevant insight. The specific objectives are to: (i) implement and evaluate at least two classification models for categorising customers by churn status; (ii) apply clustering to identify patterns within the churned population; (iii) critically assess the performance and suitability of the techniques used; and (iv) communicate results in a way that supports business decision-making.
The remainder of this report is structured as follows. Section 2 reviews recent literature on classification and clustering approaches to churn analytics; Section 3 describes the dataset; Section 4 details the methodology; Section 5 presents model implementation and evaluation results; Section 6 discusses the findings in an integrated manner; Section 7 translates the analysis into business recommendations; and Section 8 concludes.
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[bookmark: _Toc234756077]2. Literature Review
2.1 Classification Approaches to Churn Prediction
Supervised classification remains the dominant analytical paradigm in churn research because it directly frames retention as a binary prediction problem. Logistic Regression is widely used as a transparent, interpretable baseline against which more complex algorithms are benchmarked, owing to its coefficient-based interpretability and low computational overhead [8]. However, its linear log-odds assumption limits its capacity to capture non-linear interactions that frequently characterise customer behaviour, such as declining usage combined with rising customer-service contacts [9].
Tree-based methods have consistently been reported to outperform linear models on telecom churn tasks because they partition the feature space using non-linear decision boundaries without requiring explicit feature transformation [7]. Decision Trees offer an intuitive, rule-based structure attractive to non-technical stakeholders, but individual trees are prone to overfitting and instability [5]. Random Forest, introduced by Breiman [16] as an ensemble of de-correlated trees aggregated through bagging and random feature subsampling, mitigates this instability and has become one of the most consistently well-performing baselines for structured, tabular churn datasets [3], [10]. Chang et al. [2] compared Logistic Regression, Random Forest and Extreme Gradient Boosting on a large telecom dataset and found ensemble tree-based methods achieved the highest discriminative performance, while Poudel et al. [6] similarly reported that ensemble models offered the best accuracy-interpretability trade-off when explainability techniques were incorporated. More recent work by Wahul et al. [13] and Bogaert and Delaere [4] confirms that ensemble learning generally, though not universally, improves on single-model baselines, with the improvement's size heavily dependent on the feature set's underlying separability.
A recurring theme in the literature is that predictive performance on telecom churn datasets is often constrained not by algorithm choice but by the intrinsic weakness of behavioural signal relative to unobserved factors such as competitor pricing, service experience and network quality, none of which are typically captured in transactional datasets [10]. Manzoor et al. [10], reviewing churn prediction methods for practitioners, note that accuracy figures of 60-75% are common for datasets built purely from usage and billing variables, and caution against over-interpreting marginal differences between algorithms as evidence of a superior technique.





[bookmark: _Toc234756078]2.2 Clustering and Customer Segmentation
Where classification addresses who is likely to churn, clustering addresses what distinguishes different types of churners from one another, supporting differentiated rather than uniform retention strategy [12]. K-Means remains the most widely applied partitional clustering algorithm in customer analytics due to its computational efficiency and interpretability, despite well-documented sensitivity to initial centroid placement and the need to pre-specify k [11]. Ikotun et al. [11], reviewing K-Means variants, note that the elbow method and silhouette analysis remain the two most common heuristics for selecting k, and should ideally be triangulated rather than relied on in isolation.
Several recent studies have applied K-Means specifically to telecom churn populations. Sharaf Addin et al. [12] used behavioural segmentation to identify distinct customer archetypes and showed that interventions tailored to segment-specific behaviour outperformed undifferentiated campaigns. Related work clustering churned customers by usage and revenue characteristics has shown materially different underlying causes of attrition, ranging from price sensitivity among low-usage customers to service dissatisfaction among high-value, high-usage customers. Vardakas et al. [14] further note that silhouette-based validation should be interpreted relative to the inherent overlap of naturally-occurring segments rather than against an arbitrary threshold, since real-world behavioural data rarely produces the cleanly separated clusters seen in synthetic benchmarks.
[bookmark: _Toc234756079]2.3 Positioning of the Current Study
Building on this literature, the present study adopts a two-stage design consistent with the integrated churn-management frameworks advocated in prior research [10], [12]. Classification is used first to establish whether churn can be predicted from usage, revenue and service-interaction variables, using Logistic Regression as an interpretable baseline and Decision Tree and Random Forest as non-linear alternatives capable of capturing more complex behavioural interactions, following the CRISP-DM inspired process used widely in applied data mining [15]. K-Means clustering is then applied to the churned subset only, mirroring the segmentation approach of Sharaf Addin et al. [12], with k selected via the elbow method and validated using the silhouette coefficient [11], consistent with Ikotun et al. [11] and Vardakas et al. [14]. This design directly addresses the assessment brief's requirement to apply classification alongside clustering to generate insight that supports strategic decision-making.

[bookmark: _Toc234756080]3. Dataset Description
The dataset used is the Telecom_Customer_Churn.csv file [1], sourced from Kaggle, comprising 100,000 customer records described by 100 raw attributes prior to feature engineering. Variables span five categories: revenue and billing (e.g. rev_Mean, totmrc_Mean, totrev), usage and call behaviour (e.g. mou_Mean, totmou, drop_vce_Mean, custcare_Mean), account and equipment characteristics (e.g. months, eqpdays, hnd_price, phones), demographic attributes (e.g. marital, income, numbcars, ethnic, creditcd), and the binary target churn, coded 1 for discontinued and 0 for retained customers.
The dataset exhibits a close to balanced target distribution: 50,438 retained customers (50.44%) and 49,562 churned customers (49.56%). This near-equal split is notable because it removes the class-imbalance complications that dominate many real-world churn datasets, where churners typically represent a small minority [4]; accuracy is therefore a reasonably informative metric here, though precision, recall and F1-score are retained as complementary indicators.
Data quality inspection carried out in Assignment 1 and reconfirmed here identified substantial missingness concentrated in demographic fields — most notably numbcars (49.37% missing), dwllsize (38.31%), HHstatin (37.92%) and ownrent (33.71%) — while core transactional variables such as revenue and usage means showed missingness below 1%. This pattern is consistent with customers declining to disclose personal information at registration while transactional systems continue recording usage automatically. Categorical fields were imputed using the modal category and numerical fields using the median, limiting the influence of extreme values already identified in the revenue and usage distributions. No duplicate records were present after the initial cleaning stage.
[image: ]
Figure 1. Percentage of missing values by variable, ranked from highest to lowest.
[image: ]
Figure 2. Distribution of retained versus churned customers in the full dataset (50.44% retained, 49.56% churned).
Outlier treatment was applied to four heavily-skewed revenue and usage variables (rev_Mean, mou_Mean, avgmou and avgrev) using Winsorization at the 1st and 99th percentiles, preserving high-value customers — a commercially important segment — while limiting the distortive effect of extreme values on downstream models.
[image: ]
Figure 3. Boxplots of key revenue and usage variables after Winsorization at the 1st and 99th percentiles.
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4. Methodology
[bookmark: _Toc234756082]4.1 Analytical Design
The methodology follows a two-stage design. First, supervised classification models are trained to predict the binary churn label using the cleaned and engineered dataset. Second, K-Means clustering is applied exclusively to the subset with churn = 1, to characterise sub-populations within the churned base. This design mirrors the CRISP-DM data mining process model [15], proceeding through business understanding, data preparation, modelling and evaluation phases for both tasks.
[bookmark: _Toc234756083]4.2 Feature Selection for Classification
Twenty-seven numerical features were selected for classification, representing revenue generation (rev_Mean, totmrc_Mean, ovrrev_Mean, totrev, avgrev), usage behaviour (mou_Mean, change_mou, totmou, avgmou, avgqty), call-handling quality (drop_vce_Mean, blck_vce_Mean, unan_vce_Mean, plcd_vce_Mean, recv_vce_Mean, custcare_Mean, threeway_Mean), account characteristics (months, uniqsubs, actvsubs, totcalls, change_rev), and device/equipment attributes (hnd_price, phones, models, eqpdays). This selection excludes identifier fields and heavily-missing demographic variables in favour of dense, behaviourally meaningful predictors, consistent with the literature's emphasis on usage and billing signal as primary churn drivers [2], [7]. Remaining missing values were imputed using the column median.
[bookmark: _Toc234756084]4.3 Classification Model Building
The dataset was partitioned into training (80%, n = 80,000) and testing (20%, n = 20,000) subsets using stratified sampling to preserve the near-balanced class ratio in both partitions. Feature scaling via StandardScaler was applied for Logistic Regression, which is sensitive to input variable magnitude, while the tree-based models (Decision Tree and Random Forest) were trained on the unscaled matrix, consistent with their scale-invariant, threshold-based splitting mechanism.
1. Logistic Regression: max_iter = 1000, random_state = 42, trained on standardised features.
1. Decision Tree: max_depth = 10, min_samples_split = 20, random_state = 42, used to control overfitting on a dataset of this size.
1. Random Forest: n_estimators = 100, max_depth = 15, min_samples_split = 10, random_state = 42, an ensemble configuration chosen to balance predictive strength with training efficiency.
Model performance was evaluated on the held-out test set using accuracy, precision, recall and F1-score, together with the full classification report and confusion matrix for each model, consistent with standard binary classification evaluation practice [17].
[bookmark: _Toc234756085]

4.4 Clustering Methodology
The churned subset (n = 49,562) was isolated and described using six behavioural features most relevant to distinguishing types of churn: rev_Mean, mou_Mean, change_mou, change_rev, months and eqpdays, capturing respectively revenue level, usage intensity, recent usage/revenue trend, account tenure, and handset age at churn. Missing values were imputed using the median, and all six features standardised using StandardScaler prior to clustering, since K-Means relies on Euclidean distance and is sensitive to variable scale differences [11].
The optimal number of clusters was determined using the elbow method: K-Means was fitted for k = 1 to 10 and within-cluster sum of squares (inertia) plotted against k. The point where the rate of inertia reduction visibly diminished was used to select k = 3.
[image: ]
Figure 4. Elbow method plot used to select the optimal number of clusters (k = 3).
[bookmark: _Toc234756086]K-Means with k = 3 (random_state = 42, n_init = 10) was then fitted to the standardised churned-customer data. Cluster quality was validated using the silhouette coefficient, and PCA was applied to reduce the six-dimensional feature space to two components for visualisation only; clustering itself was performed on the full standardised feature set rather than the PCA-reduced representation.








5. Model Implementation and Evaluation
[bookmark: _Toc234756087]5.1 Classification Results
Table 1 summarises the performance of the three classification models on the 20,000-record test set. Random Forest achieved the highest scores across all four metrics, followed by the Decision Tree, with Logistic Regression weakest overall.
	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
	0.6205
	0.6099
	0.6502
	0.6294


Table 1. Comparative performance of the three classification models on the held-out test set (n = 20,000).
Logistic Regression correctly classified 57.84% of test customers, with balanced but modest precision (0.5773) and recall (0.5569), indicating the linear decision boundary captures limited separability between churned and retained customers. The Decision Tree improved on this by more than two percentage points in accuracy and achieved a substantially higher recall (0.6502), identifying a larger share of true churners at some cost to precision. Random Forest matched the Decision Tree's recall while improving precision to 0.6099, producing the best F1-score (0.6294) and confirming the expected advantage of ensemble averaging over a single tree in reducing variance without sacrificing sensitivity to the churn class [3], [16].
[image: ]
Figure 5. Confusion matrix for the Logistic Regression model on the test set.
[image: ]
Figure 6. Confusion matrix for the Random Forest model on the test set.
The confusion matrices confirm the pattern in Table 1: Random Forest produces a more even distribution of correct predictions across both classes than Logistic Regression, which misclassifies a larger share of actual churners as retained customers (false negatives) — the more commercially costly error, since a missed churner receives no retention intervention.
[bookmark: _Toc234756088]5.2 Clustering Results
Applying K-Means with k = 3 to the 49,562 churned customers produced three clusters of unequal size: Cluster 0 (n = 28,048, 56.6%), Cluster 1 (n = 7,887, 15.9%), and Cluster 2 (n = 13,627, 27.5%).
[image: ]
Figure 7. Distribution of churned customers across the three K-Means clusters.


Table 2 presents the mean behavioural profile of each cluster across the six clustering features, providing the basis for interpreting and naming each segment.
	Cluster
	Avg. Revenue
	Avg. Usage (min)
	Usage Change
	Revenue Change
	Avg. Tenure (mo.)
	Equip. Age (days)

	0 — Low Usage Churners
	45.62
	356.28
	-23.92
	-1.48
	14.45
	318.91

	1 — High Value Churners
	122.15
	1302.15
	-30.37
	2.09
	17.18
	259.29

	2 — Long Tenure Churners
	43.64
	249.44
	-15.15
	-0.41
	29.55
	725.04


Table 2. Mean behavioural profile of the three churned-customer clusters.

[image: ]
Figure 8. Standardised behavioural profile heatmap comparing the three churned-customer clusters.
[image: ]
Figure 9. Churned customer segments visualised by average monthly usage against average monthly revenue.
The silhouette coefficient for the final solution was 0.2963, indicating moderate but genuine cluster structure. A score in this range is consistent with values reported elsewhere for behavioural segmentation of real-world telecom customers, where natural groupings tend to overlap rather than form perfectly separated clusters [14]; it should be read as evidence of meaningful, business-relevant structure rather than geometrically distinct populations.
[image: ]
Figure 10. PCA visualisation of the three churned-customer clusters in two dimensions.
[bookmark: _Toc234756089]6. Results Analysis and Discussion of Findings
[bookmark: _Toc234756090]6.1 Interpreting Classification Performance
The classification results sit within the range widely reported for churn prediction based purely on usage and billing variables, where accuracy figures between 55% and 65% are common when demographic and competitive-context variables are unavailable [10]. The correlation heatmap across key numerical variables (Figure 11) partly explains this modest predictive ceiling: correlations between individual behavioural variables and churn are consistently weak, suggesting no single feature — or simple linear combination — is strongly diagnostic of churn alone, and that churn instead emerges from complex, non-linear interactions across many weakly-informative signals.
[image: ]
Figure 11. Correlation matrix of key numerical variables, including churn.







This interpretation is supported by the improvement pattern moving from Logistic Regression to Decision Tree to Random Forest: the consistent, if modest, gain at each step reflects each model's increasing capacity to capture non-linear feature interactions rather than any single new dominant predictor, since the feature set was held constant across all three. Random Forest's advantage over the Decision Tree — improving accuracy from 60.38% to 62.05% while holding recall at 0.6502 and improving precision from 0.5911 to 0.6099 — is consistent with the variance-reduction properties of ensemble averaging documented by Breiman [16] and confirmed in recent telecom-specific studies [3], [4].
From a business-risk perspective, recall is arguably the more important metric of the two, since a false negative (an actual churner classified as retained) represents a missed retention opportunity, whereas a false positive (a retained customer flagged as at-risk) merely results in an unnecessary, low-cost offer. On this basis, both the Decision Tree and Random Forest, sharing the highest recall of 0.6502, would identify approximately two-thirds of genuine churners for proactive intervention — a substantial improvement over Logistic Regression's 0.5569. Random Forest is nonetheless recommended as the preferred production model because its higher precision (0.6099 versus 0.5911) reduces retention resources wasted on customers not actually at risk.
[bookmark: _Toc234756091]6.2 Interpreting the Churned-Customer Segments
The clustering results reveal that churned customers are not a homogeneous group but comprise at least three behaviourally distinct populations, each implying a different underlying cause of attrition and, by extension, a different retention response.
Cluster 0, Low Usage Churners, is the largest segment (56.6% of churners), characterised by below-average revenue (£45.62 vs. a churned-population average of £57.25) and usage (356.28 minutes vs. 477.42), short tenure (14.45 months) and comparatively new equipment (318.91 days). This profile is consistent with customers who disengaged early, potentially reflecting a mismatch between the plan selected at acquisition and actual usage needs, or dissatisfaction that surfaced before loyalty had formed.
Cluster 1, High Value Churners, is the smallest but commercially most significant segment (15.9% of churners), with revenue more than double the churned-population average (£122.15 vs. £57.25) and usage nearly three times the average (1,302.15 minutes vs. 477.42). Despite this high engagement, these customers show the steepest decline in usage prior to churn (change_mou of -30.37, the most negative of the three clusters) alongside a positive revenue change, suggesting a sudden behavioural shift — potentially a competitor offer, service incident, or contract-end timing — rather than gradual disengagement. Given their outsized revenue contribution, this segment is the highest-priority group for proactive retention investment.
Cluster 2, Long Tenure Churners, comprises 27.5% of churners and is distinguished by the longest average tenure (29.55 months, more than double Cluster 0's) and by far the oldest equipment (725.04 days, roughly two years older than Cluster 1's average). Combined with below-average revenue and usage, this profile fits loyal, long-standing customers whose ageing handsets and stagnant service value eventually prompted departure, potentially to a competitor offering more attractive device upgrade incentives.
These findings echo the broader literature on telecom customer segmentation, which consistently finds usage intensity, revenue level and tenure to be the primary axes along which churners differentiate [12], reinforcing that a single retention strategy applied uniformly is unlikely to be as effective as segment-specific interventions [10].
[bookmark: _Toc234756092]6.3 Integrating Classification and Clustering Insight
Considered together, the two analyses are complementary rather than duplicative. The classification models answer the operationally urgent question of which currently-active customers are most likely to churn, enabling proactive, targeted intervention before attrition occurs. The clustering analysis answers the strategically important question of what distinguishes different types of churners after the fact, providing the segment-level context needed to design differentiated offers rather than a single generic script. A natural extension, proposed as future work, would combine the two: applying the trained Random Forest model to flag at-risk customers, then using the three churned clusters' behavioural profiles as a lookup framework to infer which segment a flagged customer most resembles, tailoring the retention offer accordingly.
[bookmark: _Toc234756093]7. Business Recommendations
Based on the combined classification and clustering findings, the following recommendations are proposed for the telecommunications provider.
1. Deploy the Random Forest model as the primary churn-scoring engine in production, given its superior precision-recall balance relative to Logistic Regression and the Decision Tree, and re-score the active customer base on a regular (e.g. monthly) cycle to maintain a current at-risk list.
1. Prioritise retention spend on customers resembling the High Value Churners segment (Cluster 1): though under 16% of churners, its revenue and usage intensity are substantially above average, so even a modest reduction in this segment's churn rate would disproportionately boost retained revenue.
1. Design an early-tenure engagement programme for customers resembling Low Usage Churners (Cluster 0), such as proactive plan-right-sizing outreach within the account's first 12 months, since this segment's short tenure and below-average usage suggest early plan-fit issues, rather than long-term dissatisfaction, as the dominant driver of attrition.
1. Introduce a loyalty-linked device upgrade incentive for long-tenured customers with ageing handsets, directly addressing the Long Tenure Churners segment (Cluster 2), whose average equipment age of over 700 days is markedly higher than the other segments and plausibly linked to their eventual departure.
1. Treat model precision and recall as a business trade-off reviewed periodically with commercial stakeholders rather than a fixed technical parameter, since the relative cost of a missed churner versus an unnecessary offer may shift with changing acquisition costs and margin pressure.
1. [bookmark: _Toc234756094]Invest in future data collection — particularly customer-service interaction transcripts, competitor-offer exposure and network-quality complaints — since the modest predictive ceiling observed here (maximum accuracy of 62.05%) suggests behavioural and billing variables alone capture only part of churn's true drivers.


8. Conclusion
This report applied and evaluated three classification models — Logistic Regression, Decision Tree and Random Forest — to predict customer churn on a 100,000-record telecommunications dataset, complementing this with K-Means clustering applied to the churned customer population. Random Forest emerged as the strongest classifier, achieving 62.05% accuracy and an F1-score of 0.6294, while the clustering analysis identified three behaviourally distinct churned-customer segments — Low Usage Churners, High Value Churners and Long Tenure Churners — validated by a silhouette coefficient of 0.2963 and visualised through PCA. Together, these findings show that behavioural and usage data provide meaningful, if imperfect, predictive signal for churn, and that churned customers should not be treated as a single undifferentiated population when designing retention strategy. The recommendations arising from this analysis — targeted model deployment, segment-specific retention offers, and expanded future data collection — directly address the report's stated aim of using data mining techniques to generate insight that supports effective, evidence-based decision-making in telecommunications.
[bookmark: _Toc234756095]
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