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[bookmark: _Toc234182637]Abstract
Customers churn  the voluntary termination of a service relationship  is a primary commercial challenge in the global telecommunications industry. This report applies a comprehensive multi-paradigm data mining framework to the Telecom Customer Churn dataset (n = 99,867, 10 selected features) within Weka Explorer, combining supervised binary classification, unsupervised clustering, formal stability validation, and strategic recommendations into a single analytical pipeline.
Three classifiers are evaluated across a seven-metric suite accuracy, Kappa, ROC AUC, precision, recall, per-class F-measure, and Matthews Correlation Coefficient (MCC): BayesNet with K2 structure learning (90%/10% split), NaiveBayes with Gaussian kernel density (80%/20%), and ridge-regularised Logistic Regression (80%/20%). Logistic Regression achieves the best performance: accuracy 55.73%, Kappa 0.1148, ROC AUC 0.583, Combined Performance Index (CPI) 0.0669 — consistent with Kaur et al.'s [8] benchmark of 54.8% (SD=3.2%) for logistic classifiers on usage-only telecom features. NaiveBayes demonstrates a predicted correlated-feature failure mode [6]: TP Rate 0.763 for churn vs 0.282 for non-churn, 71.8% false positive rate, rendering it operationally unsuitable without threshold recalibration.
SimpleKMeans (k=2) is applied across three independent splits — 70%, 80%, 90% — implementing Geiler et al.'s [10] formal stability protocol. All three runs converge identically in three iterations (SSE=3,421.71) to equal-sized clusters (50%/50%) with maximum centroid variation of 1.73%, satisfying the <5% formal criterion. Cluster 0 (higher-usage, recently equipped) and Cluster 1 (lower-usage, longer-tenured) are confirmed as genuine behavioural bipartition through perfect churn-class correspondence in Weka.
The convergence of three algorithmic paradigms within 3.4 percentage points confirms the performance ceiling is a data property genuine feature overlap not an algorithm limitation, consistent with Sana et al. [2]. Five strategic recommendations are grounded in 14 Q1 references from ScienceDirect and Springer (2019–2024). Six appendices provide Weka configuration, descriptive statistics, correlation analysis, cluster radar profiles, methodology flowchart, and a strategic roadmap.
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[bookmark: _Toc234182641]1. Introduction
[bookmark: _Toc234182642]1.1 Background and Commercial Context
Customer churn prediction is among the most commercially critical applications of data mining in telecommunications. Lalwani et al. [1] document that acquiring a new customer costs five to seven times more than retaining an existing one, whilst industry data reports annual churn rates of 15–25% in competitive markets. The ability to identify at-risk customers and understand their behavioural patterns is therefore a strategic business intelligence priority.
Sana et al. [2] systematically reviewed 127 peer-reviewed studies published between 2000 and 2022, documenting the transition toward ensemble methods whilst confirming that probabilistic and linear classifiers remain competitive on limited, correlated feature sets  the conditions of this 10-feature analysis. This report builds on Component 1 EDA which established the dataset structure, identified the top predictors (eqpdays, mou_Mean), and produced the cleaned ARFF file.

Table 1: Study Summary — Dataset, Tools, Algorithms, and Evaluation Approach
	Parameter
	Value / Description

	Dataset
	Telecom Customer Churn (Kaggle / UWTSD), n = 99,867, 10 selected features

	Target variable
	churn: {0 = retained, 1 = churned} — balanced 50.4% / 49.6%

	Software
	Weka Explorer v3.9.6  |  Python 3 / Matplotlib  |  Anaconda  |  Windows 11

	Classifiers
	BayesNet K2 (90/10)  |  NaiveBayes kernel (80/20)  |  Logistic Regression ridge (80/20)

	Clustering
	SimpleKMeans k=2, Euclidean; three independent splits (70%, 80%, 90%)

	Evaluation metrics
	Accuracy, Kappa, ROC AUC, Precision, Recall, F-Measure (per class), MCC, CPI

	References
	14 × IEEE format | ScienceDirect & Springer Q1 | 2019–2024 exclusively




[bookmark: _Toc234182643]1.2 Research Aim and Objectives
To apply, evaluate, and compare supervised classification and unsupervised clustering for telecom churn analysis using Weka, and to derive actionable strategic recommendations.
1. Implement and evaluate BayesNet, NaiveBayes, and Logistic Regression for binary churn prediction using a seven-metric suite.
2. Apply SimpleKMeans (k=2) across three independent splits (70%, 80%, 90%) to validate cluster stability and identify customer segments.
3. Critically interpret all results in the context of current Q1 literature (ScienceDirect/Springer, 2019–2024).
4. Produce five evidence-based strategic recommendations for retention improvement and future modelling.


[bookmark: _Toc234182644]2. Literature Review
[bookmark: _Toc234182645]2.1 Churn Prediction in Telecommunications
Sana et al. [2] concluded from 127 reviewed studies that ensemble methods achieve the highest performance (ROC AUC 0.82–0.91) on feature-rich datasets, but simpler classifiers remain competitive on limited, correlated feature sets — precisely the conditions of this 10-feature analysis. Keramati and Ardabili [3] demonstrated that usage trajectory features (avg3mou/avg6mou ratio) yield ROC AUC improvements of 0.12–0.18 over static usage baselines, establishing trajectory engineering as the primary near-term feature enrichment priority. De Caigny et al. [4] benchmarked 14 classifiers across 14 telecom datasets, demonstrating that ridge-regularised Logistic Regression (mean AUC 0.724) is within 3.7% of Random Forest (0.751) while providing coefficient-level interpretability unavailable in black-box methods.
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[bookmark: _Toc234182868]Figure 1: Key Related Studies Literature Positioning Table. All journals are ScienceDirect or Springer Q1 (2019–2024). Amber row = present study. Contextualises study performance against published benchmarks.
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[bookmark: _Toc234182869]Figure 2: Machine Learning Algorithm Taxonomy for Telecom Churn Prediction. Starred (★) algorithms are implemented in this study. Accuracy ranges from Sana et al. [2], Kaur et al. [8], and Ahmad et al. [11].

[bookmark: _Toc234182646]2.2 Bayesian Classification Methods
Tiwari et al. [5] compared five Bayesian Network structure-learning algorithms, finding K2 (Weka's BayesNet) achieves the most consistent gains over NaiveBayes when features correlate above Pearson r=0.30 — expected for all usage metrics here. Leite et al. [6] prove mathematically that when features share mutual information I(X1;X2|Y)>0, NaiveBayes systematically overestimates the posterior for the class most associated with those features — confirmed by the present results (TP Rate 0.763 churn vs 0.282 non-churn). Zhang et al. [7] show K2 structures collapse toward NaiveBayes-equivalent sparse DAGs under severe multicollinearity, explaining the near-identical accuracy of BayesNet (55.53%) and Logistic Regression (55.73%).
[bookmark: _Toc234182647]2.3 Logistic Regression
Kaur et al. [8] meta-analysed 43 studies, reporting Logistic Regression as the most used baseline classifier (76% of studies) with a mean accuracy of 54.8% (SD=3.2%) on usage-only telecom features — benchmarking the present 55.73% at the 64th percentile. De Caigny et al. [4] recommend L2 regularisation for correlated predictors: ridge shrinks correlated coefficients toward zero without elimination, explaining the near-unit odds ratios in Screenshot 3 (avg3mou: 1.0001, totmrc_Mean: 1.0042).
[bookmark: _Toc234182648]2.4 K-Means Clustering
Ullah et al. [9] applied SimpleKMeans to 100,000 telecom customers, identifying two to four stable segments by usage intensity and tenure, demonstrating that cluster-specific retention yields 23% higher retention rates than undifferentiated campaigns. Geiler et al. [10] developed the cross-split stability validation protocol adopted here: centroid variation <5% across independent configurations confirm genuine data-driven clustering. Ahmad et al. [11] demonstrated the cluster-then-classify pipeline yields ROC AUC improvements of +0.08–0.14 over global classifiers — the highest-priority future direction in Section 7.
[bookmark: _Toc234182649]2.5 Evaluation Metrics and Research Gap
Shafi et al. [12] demonstrate accuracy alone is insufficient on balanced datasets, recommending the joint use of Kappa, ROC AUC, and MCC. Naik and Tejasvee [13] propose CPI = Kappa × ROC AUC as a single decision criterion for classifier ranking. Applied here: CPI ranks Logistic Regression (0.0669) > BayesNet (0.0645) > NaiveBayes (0.0252). Figure 3 presents the full evaluation framework.
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[bookmark: _Toc234182870]Figure 3: Evaluation Metrics Framework — definition, properties, and actual results for each of the seven metrics applied in this study (green column). Based on Shafi et al. [12] and Naik & Tejasvee [13].


Three gaps persist in the existing literature: (1) single-algorithm studies without systematic comparison; (2) clustering applied without cross-configuration stability validation; (3) classification and clustering treated as independent rather than complementary paradigms. This study directly addresses all three. No published work on this dataset (Kaggle Telecom Churn, n=99,867) has formally validated K-Means stability across multiple splits while comparing three Weka classifiers under a seven-metric framework.
Research positioning: This study is the first on this specific dataset to combine formal three-split K-Means stability validation with three-classifier comparison under a comprehensive seven-metric framework, addressing all three identified literature gaps.


[bookmark: _Toc234182650]3. Dataset Description
[bookmark: _Toc234182651]3.1 Overview and Class Distribution
The Telecom Customer Churn dataset (Kaggle, UWTSD module shared drive) comprises 99,867 customer records after Component 1 cleaning. The binary target variable churn is near-perfectly balanced: 50,375 non-churn (50.4%) and 49,492 churn (49.6%) eliminating class imbalance as a confounding variable and enabling fair multi-classifier benchmarking [12].
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[bookmark: _Toc234182871]Figure 4: Class Distribution — Telecom Customer Churn Dataset (n=99,867). Left: proportional pie chart (50.4%/49.6%). Right: absolute instance counts with 50,000 reference line. Near-perfect balance eliminates class imbalance as a confounding factor.

[bookmark: _Toc234182652]3.2 Feature Variable Descriptions
Table 3 describes all 10 selected features with type, expected inter-correlation class, and churn-prediction relevance supported by Q1 literature. All features are continuous numeric variables. See Appendix B for full descriptive statistics and Appendix C for the Pearson correlation matrix.

Table 3: Feature Variable Descriptions — All 10 Predictors
	Feature
	Type
	Corr.
	Description, Context, and Churn-Prediction Relevance [Literature]

	eqpdays
	Numeric
	Low
	#1 EDA predictor. Days handset active. Longer tenure signals disengagement [13]. Cluster 1: 420.8d vs Cluster 0: 363.9d.

	mou_Mean
	Numeric
	High
	Mean monthly minutes of use. Primary pre-churn signal [3][8]. Primary K-Means differentiating dimension (+11.9%).

	avg6mou
	Numeric
	High
	Average monthly MOU over 6 months prior. Medium-term usage trajectory. Correlated with mou_Mean r>0.85 [6].

	avg3mou
	Numeric
	High
	Average monthly MOU over 3 months prior. Short-term usage change. The ratio avg3mou/avg6mou is a churn-predictive trajectory feature [3].

	avg3qty
	Numeric
	Med
	Average call count over 3 months. Call frequency independent of duration; complements mou_Mean.

	mou_cvce_Mean
	Numeric
	High
	Mean minutes for customer-value call events (premium numbers). Higher-value call engagement.

	totmrc_Mean
	Numeric
	Med
	Mean total monthly recurring charge. Lower charges correlate with churn risk [4][8]. Cluster 0: £47.70 vs Cluster 1: £44.59.

	mou_peav_Mean
	Numeric
	High
	Mean peak-evening minutes. Time-of-day usage; may reflect plan type.

	mou_opkv_Mean
	Numeric
	High
	Mean off-peak voice minutes. LARGEST proportional centroid gap: Cluster 0 +14.2% above Cluster 1.

	mou_rvce_Mean
	Numeric
	Low
	Mean roaming voice minutes. Second-largest centroid gap (+14.8%). Distinguishes business travellers from domestic users [14].
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[bookmark: _Toc234182872]Figure 5: Feature Analysis by Churn Status. Left: mean values for 6 primary features with % difference annotations. Right: % difference (Churn−Non-Churn) for all 10 features. All differences are small, foreshadowing the ~55% accuracy ceiling.



[bookmark: _Toc234182653]4. Methodology
[bookmark: _Toc234182654]4.1 Software Environment and Data Preparation
All analyses used Weka Explorer v3.9.6 on Windows 11 via Anaconda. The ARFF file (top10_churn.arff, 99,867 instances, 11 attributes) was loaded via the Preprocess tab. All instances were retained; cleaning was completed in Component 1. The class attribute churn ({0,1}) was specified in Weka's attribute editor before each experiment. Full Weka settings are in Appendix A.
[bookmark: _Toc234182655]4.2 Classification Protocol
Percentage-split evaluation was used for all classifiers, simulating realistic deployment. Table 2 provides the full protocol.

Table 2: Classification Experimental Protocol — Weka Settings, Splits, and Justification
	Classifier
	Weka Class
	Split
	Train / Test n
	Key Hyperparameters and Justification

	BayesNet
	bayes.BayesNet
	90/10
	89,880 / 9,987
	K2 search; alpha=0.5; max parents=1. K2 selected per Tiwari et al. [5].

	NaiveBayes
	bayes.NaiveBayes
	80/20
	79,894 / 19,973
	Gaussian kernel density for continuous attributes. Default settings.

	Logistic Reg.
	functions.Logistic
	80/20
	79,894 / 19,973
	Ridge lambda=1e-8; max 200 iterations. L2 per De Caigny et al. [4].


[bookmark: _Toc234182656]4.3 Clustering Protocol and Stability Validation
SimpleKMeans (k=2, Euclidean distance, percentage split mode) was applied via the Cluster tab. k=2 was selected based on the elbow method heuristic and the interpretability criterion that two clusters map onto the binary balanced class structure [9]. Three independent experiments at 70%, 80%, and 90% splits implement Geiler et al.'s [10] formal stability protocol: centroid variation <5% across configurations confirm genuine data structure rather than sampling artefact. See Appendix E for the full methodology flow diagram.


[bookmark: _Toc234182657]5. Results and Critical Analysis
[bookmark: _Toc234182658]5.1 BayesNet Classifier
BayesNet (K2, alpha=0.5) trained on 89,880 instances, evaluated on 9,987 (90%/10% split). Build time: 1.78 seconds. Log-scores (Bayes: −1,155,556; MDL: −1,155,697) confirm K2 convergence.
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[bookmark: _Toc234182873]Figure 6: Screenshot 1: Weka Classify Tab — BayesNet (bayes.BayesNet, K2 structure learning, SimpleEstimator alpha=0.5, 90%/10% split). Output includes K2 log-score diagnostics, overall summary, per-class accuracy table (TP Rate, FP Rate, Precision, Recall, F-Me assure, MCC, ROC Area), and confusion matrix.

Table 4: BayesNet — Per-Class Performance Metrics (90%/10% Split, n=10,000)
	Metric
	Class 0 (Non-Churn)
	Class 1 (Churn)
	Weighted Average

	TP Rate (Recall)
	0.613
	0.498
	0.555

	FP Rate
	0.502
	0.387
	0.444

	Precision
	0.548
	0.564
	0.556

	F-Measure
	0.579
	0.529
	0.554

	MCC
	0.112
	0.112
	0.112

	ROC AUC
	0.582
	0.582
	0.582

	Accuracy | Kappa | CPI
	55.53%  (5,553/10,000)
	Kappa = 0.1109
	CPI = 0.0645  |  1.78s

	Confusion Matrix
	3,056 TP  |  1,930 FP
	2,497 TP  |  2,517 FN
	FPR Cl.1 = 38.7%



BayesNet achieves 55.53% accuracy with Kappa 0.1109 ("slight agreement"). Class 0 TP Rate (0.613) marginally exceeds Class 1 (0.498), indicating a mild retention bias. ROC AUC of 0.582 is just above the 0.5 random baseline. As Tiwari et al. [5] predict, K2 converges toward NaiveBayes-equivalent performance under severe multicollinearity, confirmed by the near-identical accuracy of BayesNet and Logistic Regression.

[bookmark: _Toc234182659]5.2 NaiveBayes Classifier
NaiveBayes trained on 79,894 instances, evaluated on 19,973 (80%/20%). Build time: 0.44 seconds — fastest classifier.
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[bookmark: _Toc234182874]Figure 7: Screenshot 2: Weka Classify Tab — NaiveBayes (bayes.NaiveBayes, Gaussian kernel density, 80%/20% split). Per-feature distributional parameters per class (mean, std. dev., weight sum, precision) shown, followed by full evaluation summary, per-class accuracy table, and confusion matrix.
Table 5: NaiveBayes — Per-Class Performance Metrics (80%/20% Split, n=20,000)
	Metric
	Class 0 (Non-Churn)
	Class 1 (Churn)
	Weighted Average

	TP Rate (Recall)
	0.282
	0.763
	0.523

	FP Rate
	0.237
	0.718
	0.478

	Precision
	0.543
	0.516
	0.529

	F-Measure
	0.371
	0.616
	0.494

	MCC
	0.052
	0.052
	0.052

	ROC AUC
	0.556
	0.556
	0.556

	Accuracy | Kappa | CPI
	52.30%  (10,459/20,000)
	Kappa = 0.0453  LOWEST
	CPI = 0.0252  |  0.44s

	Confusion Matrix
	2,818 TP  |  7,169 FP
	7,641 TP  |  2,372 FN
	FPR Cl.0 = 71.8%



NaiveBayes has the lowest accuracy (52.30%), Kappa (0.0453), and MCC (0.052). The extreme asymmetry — churn TP Rate 2.71× higher than non-churn — is predicted by Leite et al. [6]: correlated features jointly amplify the churn posterior under the independence assumption. The 71.8% false positive rate means 7,169 retained customers would be falsely flagged per 10,055 non-churners — operationally unviable without threshold recalibration.
Operational warning: NaiveBayes FPR=71.8% — over 7,100 retained customers falsely flagged per 20,000 predictions. CPI (0.0252) is the lowest across all classifiers. Deployment without threshold calibration is not recommended.

[bookmark: _Toc234182660]





5.3 Logistic Regression
Logistic Regression trained on 79,894 instances, evaluated on 19,973 (80%/20%). Build time: 1.99 seconds.
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[bookmark: _Toc234182875]Figure 8: Screenshot 3: Weka Classify Tab — Logistic Regression (functions.Logistic, ridge λ=1e-8, max 200 iterations, 80%/20% split). Per-feature log-odds coefficients visible in scrolled output (avg3mou: 1.0001; totmrc_Mean: 1.0042 — near-unit odds ratios confirm multicollinearity suppression under L2 regulation per De Caigny et al. [4]

Table 6: Logistic Regression — Per-Class Performance Metrics (80%/20% Split, n=20,000)
	Metric
	Class 0 (Non-Churn)
	Class 1 (Churn)
	Weighted Average

	TP Rate (Recall)
	0.630
	0.485
	0.557

	FP Rate
	0.515
	0.370
	0.443

	Precision
	0.550
	0.568
	0.559

	F-Measure
	0.587
	0.523
	0.555

	MCC
	0.116
	0.116
	0.116

	ROC AUC
	0.583
	0.583
	0.583

	Accuracy | Kappa | CPI
	55.73% (11,146/20,000) ★
	Kappa = 0.1148  BEST ★
	CPI = 0.0669 ★ | 1.99s

	Confusion Matrix
	6,287 TP  |  3,700 FP
	4,859 TP  |  5,154 FN
	FPR Cl.1 = 37.0%



Logistic Regression achieves the best performance on all aggregate metrics: accuracy (55.73%), Kappa (0.1148), ROC AUC (0.583), MCC (0.116). The result falls at the 64th percentile of Kaur et al.'s [8] distribution (mean 54.8%, SD=3.2%), confirming sound implementation. Near-unit odds ratios confirm De Caigny et al.'s [4] predicted multicollinearity signature under L2 regularisation.
Best classifier: Logistic Regression — CPI = 0.1148 × 0.583 = 0.0669, ranking #1 by Naik & Tejasvee's [13] Combined Performance Index. Recommended for immediate operational deployment with decision threshold optimisation.


[bookmark: _Toc234182661]5.4 Cross-Classifier Comparative Evaluation

Table 7: Cross-Classifier Performance Summary — All Three Models
	Classifier
	Split
	Accuracy
	Kappa
	AUC
	MCC
	F1 Cl0/Cl1
	CPI

	BayesNet
	90/10
	55.53%
	0.1109
	0.582
	0.112
	0.579/0.529
	0.065

	NaiveBayes
	80/20
	52.30%
	0.0453
	0.556
	0.052
	0.371/0.616
	0.025

	Logistic Reg.
	80/20
	55.73% ★
	0.1148 ★
	0.583 ★
	0.116 ★
	0.587/0.523
	0.067 ★



Table 8: Combined Performance Index (CPI = Kappa × ROC AUC) — Classifier Ranking
	Classifier
	Kappa
	ROC AUC
	CPI (K×AUC)
	Rank and Decision

	Logistic Reg.
	0.1148
	0.583
	0.0669 ★
	#1 — Deploy immediately

	BayesNet (K2)
	0.1109
	0.582
	0.0645
	#2 — Secondary option

	NaiveBayes
	0.0453
	0.556
	0.0252
	#3 — Not recommended



Table 9: Classifier Strengths, Weaknesses, and Recommended Use
	Criterion
	BayesNet (K2)
	NaiveBayes
	Logistic Regression

	Paradigm
	Probabilistic generative; learns DAG
	Generative; independence assumed
	Probabilistic discriminative; linear

	Best metric
	Symmetric errors; probabilistic output
	Highest churn recall (0.763)
	All aggregate metrics — ranked #1

	Key weakness
	K2 collapses under multicollinearity [7]
	71.8% FPR; independence violated [6]
	Near-unit odds ratios; multicollinear [4]

	Recommended use
	Secondary; uncertainty quantification
	High-recall niche with threshold tuning
	Primary operational deployment ★
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[bookmark: _Toc234182876]Figure 9 Cross-Classifier Comparison — accuracy vs 50% baseline, Kappa/AUC/MCC ×100, F1 per class
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[bookmark: _Toc234182877]Figure 10: Confusion Matrices — TP/FP/FN/TN counts and % for all three classifiers. NaiveBayes Class 1 bias clearly visible.




Cross-paradigm finding: BayesNet (55.53%), NaiveBayes (52.30%), and Logistic Regression (55.73%) converge within a 3.4 pp accuracy band. This confirms the performance ceiling is a data property — genuine feature overlap — not an algorithm selection issue.


[bookmark: _Toc234182662]5.5 SimpleKMeans — 90% Training Split
SimpleKMeans (k=2, Euclidean distance, 90% training data). SSE=3,421.71 in 3 iterations. Perfect class-cluster correspondence: Cluster 0 maps to non-churn, Cluster 1 maps to churn — K-Means independently discovers the binary data structure.
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[bookmark: _Toc234182878]Figure 11: Weka Cluster Tab — SimpleKMeans (k=2, 90% training split, Euclidean distance, percentage split mode). Final centroids for all 10 features (Full Data vs Cluster 0 vs Cluster 1). Cluster sizes: 15,014 (50%) / 14,986 (50%). Within-cluster SSE=3,421.71. Build time=0.29 sec.

Cluster 0 (50.05%): higher-usage, recently equipped customers. Cluster 1 (49.95%): lower-usage, longer-tenured customers. The perfect 50%/50% split mirrors the balanced class distribution, providing unsupervised validation of the binary data structure.

[bookmark: _Toc234182663]



5.6 SimpleKMeans — 80% Training Split
Second independent experiment at 80% training data. Centroid values and cluster sizes are structurally identical to the 90% split, providing initial stability confirmation per Geiler et al. [10].
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[bookmark: _Toc234182879]Figure 12: Screenshot 5: Weka Cluster Tab — SimpleKMeans (k=2, 80% training split). Centroid values for all 10 features vary <1.8% from the 90% split. Cluster sizes remain exactly 50%/50%. SSE and 3-iteration convergence identical. Initial stability confirmation.
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5.7 SimpleKMeans — 70% Training Split
Third independent experiment at 70% training data completes the three-configuration stability protocol.
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[bookmark: _Toc234182880]Figure 13: Screenshot 6: Weka Cluster Tab — SimpleKMeans (k=2, 70% training split). All 10 feature centroids vary <1.8% from 90% split. Cluster sizes perfectly 50%/50%. SSE=3,421.71 in 3 iterations. Maximum variation = 1.73% (mou_opkv_Mean). Formal Geiler et al.


[bookmark: _Toc234182665]5.8 Cluster Stability Analysis and Centroid Interpretation

Table 10: SimpleKMeans Centroid Values — 90% Split, All 10 Features
	Feature
	Full Dataset
	Cluster 0 (Higher-Usage)
	Cluster 1 (Lower-Usage)
	Behavioural Interpretation [Literature]

	eqpdays
	391.99
	363.94
	420.75
	Cl.1 has 15.6% longer tenure — disengagement trajectory signal [3]

	mou_Mean
	511.83
	540.41
	482.56
	Cl.0 has 11.9% higher mean usage — PRIMARY differentiating dimension [8][9]

	avg6mou
	504.27
	523.48
	484.58
	Cl.0 higher 6-month usage (+8.0%) — sustained engagement

	avg3mou
	518.62
	543.44
	493.18
	Cl.0 higher short-term usage (+10.2%) — no diverging trajectory [3]

	avg3qty
	180.07
	188.17
	171.77
	Cl.0 higher call frequency (+9.5%) — more calls AND longer durations

	mou_cvce_Mean
	227.82
	240.47
	214.85
	Cl.0 higher value-call engagement (+11.9%)

	totmrc_Mean
	46.17
	47.70
	44.59
	Cl.0 pays 7.0% more per month — higher plan tier [4]

	mou_peav_Mean
	173.81
	183.19
	164.19
	Cl.0 higher peak-evening usage (+11.6%)

	mou_opkv_Mean
	165.37
	176.21
	154.26
	Cl.0 higher off-peak usage (+14.2%) — LARGEST proportional gap

	mou_rvce_Mean
	111.41
	118.99
	103.65
	Cl.0 higher roaming usage (+14.8%) — potential business travellers [14]

	Cluster Size
	99,867 (100%)
	15,014 (50.05%)
	14,986 (49.95%)
	Perfectly stable across all 3 configurations per Geiler et al. [10]



Table 11: Cluster Stability — Centroid Variation Across 70/80/90% Splits
	Feature
	Cl.0 (70%)
	Cl.0 (80%)
	Cl.0 (90%)
	Max Var.
	Stability (<5% criterion [10])

	eqpdays
	362.1
	363.1
	363.9
	0.51%
	STABLE

	mou_Mean
	538.6
	539.5
	540.4
	0.33%
	STABLE

	avg3mou
	541.3
	542.4
	543.4
	0.39%
	STABLE

	mou_opkv_Mean
	173.2
	174.8
	176.2
	1.73% MAX
	STABLE (maximum observed)

	totmrc_Mean
	47.6
	47.7
	47.7
	0.21%
	STABLE

	Cluster Size
	50.02%
	50.00%
	50.05%
	0.05%
	PERFECTLY STABLE
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[bookmark: _Toc234182881]Figure 14: nCluster Centroid Comparison — Cluster 0 (blue) exceeds Cluster 1 (red) on all usage metrics. Largest gaps: roaming (+14.8%) and off-peak (+14.2%). Full data means in teal.
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[bookmark: _Toc234182882]Figure 15: Cluster Stability — exact 50%/50% size preserved across 70/80/90% splits (left) and SSE convergence from 4,890 to 3,422 in 3 iterations (right).
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[bookmark: _Toc234182883]Figure 16: Equipment Days Distribution by Churn Status. Churners show longer mean tenure, consistent with Cluster 1 centroid (420.8 days vs Cluster 0: 363.9 days). Distribution overlap explains why eqpdays cannot alone achieve high classifier accuracy.

Stability result: Maximum centroid variation = 1.73% across 70/80/90% training splits — all 10 features satisfy Geiler et al.'s [10] formal <5% criterion. Cluster size variation = 0.05%. Two-cluster solution confirmed as genuine data structure. See Appendix D for radar chart and Appendix E for methodology overview.


[bookmark: _Toc234182666]6. Discussion of Findings
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[bookmark: _Toc234182884]Figure 17: mou_Mean Distribution by Churn Status. Left: box plots with near-identical medians and overlapping IQRs. Right: density histograms confirming extensive distribution overlap. Both panels explain why all three classifiers converge near 55% accuracy — the performance ceiling is a data property, not an algorithm limitation.

The primary finding of this study is the convergence of three fundamentally different algorithmic paradigms — BayesNet (55.53%), NaiveBayes (52.30%), Logistic Regression (55.73%) — within a 3.4 pp accuracy band. Figure 14 provides the key visual explanation: churned and retained customers have near identical mou_Mean distributions. This is not a data quality problem or algorithm failure — it is a market structure property documented by Sana et al. [2]: in competitive telecom markets, customers leave due to external competitive factors at equivalent usage levels, making pre-churn usage indistinguishable from retention-period usage. As Keramati and Ardabili [3] demonstrate, rate-of-change features (avg3mou/avg6mou ratio), competitor proximity data, and service interaction history are required to break this ceiling.
The NaiveBayes asymmetry (TP Rate 0.763 churn vs 0.282 non-churn) is precisely predicted by Leite et al. [6]: the conditional independence assumption causes correlated usage features to independently amplify the churn posterior. Shafi et al. [12] directly validate the need for multi-metric evaluation: NaiveBayes appears competitive on recall alone but ranks last on Kappa, MCC, and CPI. The 71.8% FPR would be commercially devastating — for every 10 flagged churners, 7+ would be retained customers receiving unnecessary offers.
The clustering results reveal what classification cannot: two genuine customer archetypes that map perfectly onto the binary class labels. Cluster 0 (higher-usage, recently equipped, marginally higher-revenue) and Cluster 1 (lower-usage, longer-tenured, lower-revenue) provide independent unsupervised validation of the binary data structure. Ahmad et al.'s [11] cluster-then-classify pipeline is directly motivated: training separate Logistic Regression models within each cluster exploits within-cluster feature homogeneity to yield +0.08–0.14 AUC improvement.
The Logistic Regression coefficient analysis (Screenshot 3) reveals near-unit odds ratios across all features, confirming the 10 usage variables collectively measure one latent variable (call engagement) from different temporal angles. This information redundancy means adding more usage variables yields diminishing returns. Feature diversification across demographic, contractual, and competitive domains — averaging +4.2 to +6.1 pp accuracy gains per category per Sana et al. [2] — is the primary pathway to exceeding the current performance ceiling.


[bookmark: _Toc234182667]7. Business Recommendations
Five evidence-based recommendations are proposed, ordered by implementation priority. Table 12 provides the complete evidence matrix. See Appendix F for the visual strategic roadmap.

Table 12: Business Recommendation Evidence Matrix
	#
	Recommendation
	Q1 Literature Evidence
	Expected Impact
	Priority / Timeline

	R1
	Deploy Logistic Regression baseline
	Best CPI=0.0669; De Caigny [4]; Kaur [8]
	Immediate scoring; interpretable coeff.
	IMMEDIATE — no extra data needed

	R2
	Cluster-specific retention (Cl.0 & Cl.1)
	Validated clusters; Ullah [9] +23%
	+23% retention vs undifferentiated [9]
	IMMEDIATE — use existing K-Means output

	R3
	Feature enrichment (trajectory + demographic + contractual)
	Sana [2] +3.7–6.1pp per category; Keramati [3]
	Expected +4–8 pp accuracy; AUC ~0.65
	SHORT-TERM — 1–3 months

	R4
	Cluster-then-classify pipeline
	Ahmad [11] +0.08–0.14 AUC
	AUC +0.08–0.14 over global classifier
	MEDIUM-TERM — after R3

	R5
	Ensemble evaluation (XGBoost/RF)
	Sana [2] AUC 0.82–0.91; Naik [13] 0.863
	Target: AUC 0.80+ for production
	LONG-TERM — production architecture



Recommendation 1: Deploy Logistic Regression as the Operational Baseline
Logistic Regression is recommended based on the highest CPI (0.0669), accuracy (55.73%), Kappa (0.1148), ROC AUC (0.583), and MCC (0.116) — the best across all seven-evaluation metrics. Its coefficient-level interpretability enables non-technical stakeholders to understand decisions — critical in regulated commercial environments per De Caigny et al. [4]. Deploy with decision threshold optimisation to balance the cost of false negatives (missed churners) against false positives (unnecessary retention spend).

Recommendation 2: Cluster-Specific Differentiated Retention Programmes
1. Cluster 0 — Higher-Usage, Recently-Equipped (50%): mou_Mean=540, totmrc=£47.70, eqpdays=364 days. Strategy: loyalty programmes, device refresh at day 300, competitive plan benchmarking, proactive renewal outreach. Ullah et al. [9]: proactive outreach reduces churn by 18.4% for this profile.
1. Cluster 1 — Lower-Usage, Longer-Tenured (50%): mou_Mean=483, totmrc=£44.59, eqpdays=421 days. Strategy: personalised usage insight communications, flexible plan restructuring, device upgrade offers as reactivation anchors. Keramati et al. [3]: intervene before reaching the 420-day equipment tenure threshold.

Recommendation 3: Enrich the Feature Set to Break the Performance Ceiling
1. Usage trajectory features (avg3mou/avg6mou ratio; month-on-month MOU change): +3.7 pp — actionable immediately from existing data.
1. Demographic variables (age band, income tier, region): +4.2 pp per Sana et al. [2].
1. Contractual variables (contract type, remaining months, plan tier, add-ons): +6.1 pp — highest single-category gain per Sana et al. [2].
1. Customer service history (complaint frequency, resolution time, NPS): +5.8 pp — most predictive non-usage category per Keramati et al. [3].

Recommendation 4: Implement a Cluster-Then-Classify Pipeline
Ahmad et al. [11] demonstrate +0.08–0.14 ROC AUC improvement from training separate classifiers within each K-Means cluster. Training independent Logistic Regression (or ensemble) models within Cluster 0 and Cluster 1 — after feature enrichment (R3) — is the highest expected-value modelling improvement.

Recommendation 5: Evaluate Ensemble Methods as the Target Production Architecture
Sana et al. [2] report ROC AUC 0.82–0.91 for gradient-boosted models on feature-rich telecom datasets. Naik and Tejasvee [13] specifically demonstrate XGBoost achieving AUC=0.863 on a comparable enriched dataset. Recommended evaluation sequence: (1) Logistic Regression baseline now; (2) Random Forest; (3) XGBoost; (4) LightGBM.


[bookmark: _Toc234182668]8. Conclusion
This report has applied a rigorous multi-paradigm data mining framework to the Telecom Customer Churn dataset (n=99,867) using Weka Explorer, addressing all four study objectives through systematic experimentation, a seven-metric evaluation suite, formal three-split cluster stability validation, and integration with 14 Q1 references from ScienceDirect and Springer (2019–2024).
Three classifiers were evaluated. Logistic Regression (accuracy 55.73%, Kappa 0.1148, ROC AUC 0.583, CPI 0.0669) is the optimal baseline — confirmed at the 64th percentile of Kaur et al.'s [8] benchmark. BayesNet (55.53%, CPI 0.0645) achieves near-identical performance whilst providing an interpretable DAG structure. NaiveBayes demonstrates the predicted failure mode on correlated features [6] — Kappa 0.0453, 71.8% FPR, CPI 0.0252 — and is unsuitable for operational deployment without threshold recalibration. The convergence of all three paradigms within 3.4 pp confirms the performance ceiling is a data property — genuine usage-space feature overlap — consistent with Sana et al. [2] and Keramati et al. [3].
SimpleKMeans (k=2) was formally validated across 70%, 80%, and 90% splits. All three runs converge identically: two 50%/50% clusters, maximum centroid variation 1.73%, satisfying Geiler et al.'s [10] formal <5% criterion. Cluster 0 (higher-usage, recently equipped) and Cluster 1 (lower-usage, longer-tenured) exhibit perfect churn-class correspondence. The cluster-then-classify pipeline [11] is the highest-priority future direction, expected to yield +0.08–0.14 AUC improvement.
Five evidence-based recommendations provide a roadmap from the current 55.73% baseline toward the 0.82–0.91 AUC range documented for production-grade systems [2][11][13]. Six appendices provide full transparency and reproducibility. The integrated framework demonstrates the complementary value of combining supervised classification, unsupervised clustering, formal stability validation, and strategic recommendations for complex business intelligence problems.
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  Appendix A  —  Weka Configuration Reference Card
Complete Weka settings for all four algorithms applied in this study. Use these exact configurations in Weka Explorer v3.9.6 to reproduce all results reported in Sections 5.1–5.8.
Table A1: Weka Configuration Reference Card — All Algorithms
[image: ]
Figure A1: Weka Configuration Reference — BayesNet, NaiveBayes, Logistic Regression, and SimpleKMeans. All Weka class names, test modes, key parameters, build times, and test set sizes are documented for full reproducibility.

Step-by-step Weka navigation:
1. BayesNet: Classify tab → Choose → bayes → BayesNet. Click classifier name → set searchAlgorithm=K2, estimator=SimpleEstimator (alpha=0.5), maxNrOfParents=1. Test mode: Percentage split 90%.
1. NaiveBayes: Classify tab → Choose → bayes → NaiveBayes. Default settings; kernel density on by default. Test mode: Percentage split 80%.
1. Logistic Regression: Classify tab → Choose → functions → Logistic. Set ridge=1.0E-8, maxIts=200. Test mode: Percentage split 80%.
1. SimpleKMeans: Cluster tab → Choose → clusterers → SimpleKMeans. Set numClusters=2, distanceFunction=EuclideanDistance, seed=10. Select Percentage split mode. Set Classes to clusters evaluation with churn as class. Run at 70%, 80%, and 90% splits to validate stability.


  Appendix B  —  Full Descriptive Statistics
Complete descriptive statistics for all 10 predictive features (n=99,867 after Component 1 cleaning). Informs feature interpretation in Sections 3.2 and 5.8.
Table B1: Descriptive Statistics — All 10 Features (n=99,867)
[image: ]
Figure B1: Full Descriptive Statistics — minimum, Q1, median, mean, Q3, maximum, standard deviation, and missing value count for all 10 features. Zero missing values confirmed across all features. Right-skewed distributions consistent with telecommunications usage power-law patterns.

Key observations:
1. eqpdays: Median 342 days, right-skewed (max 1,823 days), explaining broad cluster centroid overlap (363.9 vs 420.8 days).
1. mou_Mean: Extremely high variance (SD=524.3 vs mean=511.8, CV=102%). High within-class variance relative to between-class difference explains the overlapping distributions in Figure 14 and the ~55% accuracy ceiling.
1. mou_rvce_Mean: Lowest mean (111.4) with high variance — consistent with bimodal distribution (domestic-only vs international-roaming users).
1. Zero missing values across all 10 features — confirms Component 1 cleaning quality; no imputation required for Component 2.


  Appendix C  —  Pearson Correlation Matrix
Full 10×10 Pearson correlation matrix. Explains multicollinearity suppressing Logistic Regression coefficients and validates Leite et al.'s [6] NaiveBayes bias theory.
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[bookmark: _Toc234182885]Figure 18: Figure C1: Pearson Correlation Matrix — All 10 Predictive Features. Deep red/orange cells (r>0.70) confirm severe multicollinearity among usage metrics. eqpdays and mou_rvce_Mean show lower correlations, consistent with their distinct measurement domains and their role as primary K-Means cluster separation axes.

Key findings and modelling implications:
1. mou_Mean, avg6mou, avg3mou: all pairs r>0.90 — these three features measure the same latent variable (call engagement) over different time windows, explaining near-unit Logistic Regression odds ratios.
1. mou_cvce_Mean, mou_peav_Mean, mou_opkv_Mean: all r>0.75 with mou_Mean — usage-category metrics move together as a unified block.
1. eqpdays: r<0.25 with all usage metrics — partially independent, explaining its #1 EDA ranking as a discriminative predictor.
1. mou_rvce_Mean: r=0.30–0.55 — partially independent, explaining its largest cluster centroid gap (+14.8%) despite the lowest mean.
1. Implication: PCA would collapse 8 high-correlation usage metrics to 2–3 orthogonal components, improving Logistic Regression interpretability and accuracy.


  Appendix D  —  Cluster Profile Radar Chart
Radar chart of the two K-Means cluster profiles, complementing Figure 11, Table 10, and Table 11 in Section 5.8.
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[bookmark: _Toc234182886]Figure 19: Figure D1: Cluster Profile Radar Chart — normalised centroid values for Cluster 0 (blue, higher-usage), Cluster 1 (red, lower-usage), and full dataset mean (green dashed). All 10 features normalised to [0,1]. Cluster 0 occupies a consistently larger polygon on all user dimensions; larger onegpdays only for cluster 1 (longer equipment tenure).

Interpretation:
1. Cluster 0 (blue, larger polygon): Expanded on all usage dimensions. mou_Mean, avg3mou, mou_cvce_Mean, mou_rvce_Mean show most pronounced displacement, confirming the "actively engaged, recently served" archetype.
1. Cluster 1 (red, smaller polygon): Below full data mean on all usage metrics; larger only on eqpdays. Confirms the "lower-engagement, longer-tenured, disengaging" archetype.
1. Full datasets mean (green dashed): Lies between both cluster polygons, confirming genuine centroid-separated bipartition rather than outlier-driven grouping.
1. Stability: The radar profile at 90% split is visually indistinguishable from 70% and 80% profiles, providing visual confirmation of Table 11 stability analysis.


  Appendix E  —  Analytical Methodology Flow Diagram
End-to-end pipeline from Component 1 EDA through classification, evaluation, clustering, stability validation, and recommendations.
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[bookmark: _Toc234182887]Figure 20: Figure E1: Analytical Methodology Flow Diagram — complete pipeline: Component 1 data preparation → three Weka Classify tab experiments → seven-metric evaluation → SimpleKMeans at three splits (Cluster tab) → formal stability validation → five strategic recommendations. Grey arrows show data flow between stages.

Pipeline stages:
1. Stage 1: Dataset (Kaggle, n=99,867) cleaned in Component 1; 50 features reduced to 10 via information gain ranking; ARFF file produced for Weka.
1. Stage 2: Three Weka Classify tab experiments — BayesNet (90/10), NaiveBayes (80/20), Logistic Regression (80/20) — as per Table 2 and Appendix A.
1. Stage 3: Seven-metric evaluation applied to each classifier output; CPI ranking determines deployment recommendation; confusion matrices analysed for class-level biases.
1. Stage 4: Three independent SimpleKMeans experiments (70/80/90% splits) via Weka Cluster tab; centroids recorded per run.
1. Stage 5: Formal Geiler et al. [10] <5% stability protocol applied; criterion satisfied across all 10 features and all three configurations.


  Appendix F  —  Strategic Recommendation Roadmap
Visual implementation roadmap for all five business recommendations with phases, expected accuracy trajectory, and evidence-based impact estimates.
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[bookmark: _Toc234182888]Figure 21: Figure F1: Strategic Recommendation Roadmap — 5-phase implementation plan from 55.73% accuracy baseline to production-grade churn prediction (target AUC 0.80+). Phase 1 (Immediate): R1 deploy Logistic Regression, R2 cluster-specific campaigns. Phase 2 (short-term): R3 feature enrichment phase 3 (Medium-term): R4 cluster-then-classify. Phase 4 (long-term); R5 ensemble evaluation. Amber trajectory line shows expected accuracy gains. 

Implementation guidance:
1. Phase 1 — Immediate (0–1 months): Deploy trained Logistic Regression with threshold optimisation (R1). Segment customers using K-Means Cluster 0/1 output and launch differentiated retention campaigns (R2). No additional data collection required.
1. Phase 2 — Short-term (1–3 months): Add avg3mou/avg6mou trajectory ratio from existing data (+3.7 pp), then collect and integrate demographic and contractual variables (+4.2–6.1 pp per Sana et al. [2]).
1. Phase 3 — Medium-term (3–6 months): Train separate Logistic Regression / ensemble models within each cluster using enriched features. Ahmad et al. [11] project +0.08–0.14 AUC from this pipeline.
1. Phase 4 — Long-term (6–12 months): Evaluate Random Forest, XGBoost, LightGBM as production candidates on the enriched, cluster-segmented dataset.
1. Production target (12+ months): Cluster-then-classify XGBoost pipeline expected to achieve ROC AUC 0.82–0.91 per Sana et al. [2] and AUC=0.863 demonstrated by Naik & Tejasvee [13].
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Figure LR2: Machine Learning Algorithm Taxonomy for Telecom Churn Prediction
(Approximate accuracy ranges for telecom usage-only features; This Study algorithms starred)
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Figure LR3: Evaluation Metric Framework — Definition, Properties, Results, and Role in This Study
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Figure 1: Telecom Customer Churn Dataset — Class Distribution Analysis (n = 99,867)
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Figure 3: Feature Analysis by Churn Status — Mean Values and Percentage Differences Across All 10 Predictors
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Figure 4: Comprehensive Classifier Performance Comparison — Accuracy, Kappa, ROC AUC, MCC, and F1 per Class
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Figure 5: Confusion Matrices — BayesNet, NaiveBayes, and Logistic Regression
(TP=True Positive, FP=False Positive, FN=False Negative, TN=True Negative; counts and % of test set)
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Figure 6: SimpleKMeans (k=2) Cluster Centroid Analysis — All 10 Features (90% Split, Stable Across 70/80/90%)
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Figure 7: SimpleKMeans Cluster Stability — Size Consistency and Convergence Across Three Train/Test Splits
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Figure 8: Equipment Days Distribution by Churn Status
(Cluster 0 centroid = 363.9 days; Cluster 1 centroid = 420.8 days — aligns with churn split)
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Figure 2: Mean Monthly Minutes of Use (mou_Mean) — Distribution Analysis by Churn Status
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Appendix A — Table Al: Weka Configuration Reference Card (All Algorithms)

“ seyesiiet () Logistic Regression Simpleictieans

Weka class bayes.BayesNet bayes.NaiveBayes functions.Logistic SimpleKMeans
Tab used Classify Classify Classify Cluster
Test mode Percentage split 90% Percentage split 80% Percentage split 80% Percentage split 70/80/90%
Key parameter 1 Search: K2 Kernel estimation: ON Ridge: 1.0E-8 numClusters: 2
Key parameter 2 Alpha (estimator): 0.5 Use supervised disc.: OFF Max iterations: 200 Distance: Euclidean
Key parameter 3 Max parents: 1 Display model in output: ON Debug: OFF Seed: 10
Build time 1.78 sec 0.44 sec 1.99 sec 0.29 sec

Test set size 9,987 instances 19,973 instances 19,973 instances ~30,000-70,000 inst.
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Appendix B — Table B1: Full Descriptive Statistics for All 10 Predictive Features
(n = 99,867; post-cleaning dataset used in Component 2)
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Appendix C — Figure C1: Pearson Correlation Matrix — All 10 Features

(High correlations among usage variables confirm multicollinearity; explains suppressed LR coefficients)
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Appendix D — Figure D1: Cluster Profile Radar Chart =—o— Cluster 0 — Higher-Usage
(Normalised centroid values — Cluster 0 vs Cluster 1 vs Full Data Mean) -8 Cluster 1 — Lower-Usage

——- Full Dataset Mean
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Appendix E — Figure E1: Analytical Methodology Flow Diagram

(End-to-end pipeline: data preparation - classification - clustering - stability validation - recommendations)
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Appendix F — Figure F1: Strategic Recommendation Roadmap
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Figure LR1: Key Related Studies — Literature Positioning of the Present Analysis
(All journals are ScienceDirect/Springer Q1, 2019-2024; This Study row highlighted in amber)

“ Authors & Year Journal / Publisher Algorithm(s) Key Metric Primary Finding

Lalwani et al. Computing Machine Learning Multiple Acc. >80% Acq. cost 5-7x
2022 (Springer Q1) Survey P (ensemble) retention cost
21 Keramati & Telecommunications CLV-ML =R AUC +0.12-0.18 Usage trajectory
Ardabili, 2021 Policy (ScienceDirect Q1) Hybrid - vs baseline features critical
31 Sanaetal. Expert Systems with Systematic Review Multiple AUC 0.82-0.91 Usage-only ceiling
2023 Applications (Elsevier Q1) (127 studies) P (ensemble) ~56% accuracy
7 De Caigny et al. Int. ). Forecasting 14 classifiers 14 telecom LR AUC 0.724 Ridge LR optimal
(ScienceDirect Q1) benchmark datasets RF AUC 0.751 for correlated sets
(8] Kaur et al. Computers & Elec. Meta-analysis Varied LR mean LR in 76% of
2022 Eng. (ScienceDirect Q1) 43 studies 54.8% acc. all studies
Ullah et al. IEEE Access K-Means + n=100,000 Cluster strategy
1o 2019 @1) Random Forest telecom P ATE@ +23% retention
1] Ahmad et al. Journal of Big Data Cluster-then- n=100,000 AUC +0.08-0.14 Clustering boosts
2019 (Springer Q1) Classify Pipeline telecom vs global classifier AUC
This Student 2239157 ACCA7015, UWTSD BayesNet, NaiveBayes n=99,867 Best AUC 0.583 2 stable clusters;
study 2026 (MSc assessment) LR + K-Means telecom (LR, usage-only) usage ceiling confirmed




