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ustomer churn is a major concern for subscription-based businesses since acquiring a 
new customer can cost several times more than retaining an existing one. High class 
imbalance ratios and high-dimensional, heterogeneous customer datasets constrain the 

scope of conventional predictive analytics. This study proposes an integrated machine learning 
framework which combines three tree-based ensemble techniques — Extreme Gradient 
Boosting (XGBoost), Light Gradient Boosting Machine (LightGBM) and CatBoost and 
Synthetic Minority Over-sampling Technique (SMOTE) applied exclusively on the training 
folds to address class imbalance. The framework is experimented on the IBM Telco Customer 
Churn dataset (7,043 instances: 1,869 churned [26.54%] and 5,174 retained [73.46%] 
customers), evaluated using 5-fold Stratified Cross-Validation. The study also integrates post-
hoc explainable AI techniques to render model interpretation. The optimized XGBoost 
configuration achieved a cross-validated accuracy of 78.50% ± 1.08%, precision of 59.37% ± 
1.83%, recall of 59.98% ± 3.47%, and ROC-AUC of 0.832 ± 0.012. While XGBoost 
outperformed the Logistic Regression and Decision Tree benchmarks in terms of accuracy 
(paired t-test on fold-level accuracy: p < 0.001), Logistic Regression achieved a higher ROC-
AUC (0.844) compared to the tree-based models (0.832). No statistically significant difference 
in accuracy was found between the XGBoost and the other two ensembles (p > 0.05). The 
global SHAP analysis highlighted the influence of the contract duration, customer tenure and 
internet service types on customer attrition. The proposed framework can be utilized as a 
statistically validated and interpretable prototype in enterprise retention analytics. 
Keywords: Customer Churn Prediction, Machine Learning, Gradient Boosting, XGBoost, 
Light GBM, Cat Boost, Explainable AI, SHAP, Predictive Analytics, Class Imbalance, 
SMOTE. 
Introduction: 

Today's hyper-competitive business environment demands the retention and growth 
of the company's customer base as a fundamental element of financial stability. Regardless of 
the industry, whether telecommunications, digital banking, software-as-a-service (SaaS) or 
streaming entertainment, the acquisition cost to acquire new customers is higher than the cost 
of keeping existing subscribers. Landmark commercial research in corporate Business 
Intelligence shows that it costs anywhere from five to twenty-five times as much to acquire a 
new profile as it does to implement targeted retention [1]. This economic asymmetry has been 
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reaffirmed by recent industry-scale analyses of subscription businesses, prompting 
organizational shift from customer recovery toward proactive subscriber retention. The shift 
is brought about by the creation of very precise, readable and understandable Customer Churn 
Prediction (CCP) engines. 

The act of an individual consumer terminating a relationship with a business 
organization, both explicitly and implicitly, that negatively affects the business is defined as 
customer churn, and it has a negative "ripple effect". In addition to the loss of monthly 
recurring revenue (MRR) streams, rapid churn rates lower company valuation, add pressure to 
complaints from existing customers, and taint employee morale. As for identifying dissatisfied 
cohorts, historically corporations have used simple statistical thresholds or manual 
spreadsheets. Today, multi-channel companies produce multi-terabyte data streams, though, 
with complex transactional patterns, extensive usage telemetry and digital communication 
histories, linear data structures are soon overwhelmed. These contemporary high dimensional 
behavioral records have non-linear interactions which require the application of sophisticated 
machine learning architectures. 

Although some of the initial predictive models were based on simple models like 
logistic regression, support vector machines, or individual decision trees, it was these two basic 
operational facts that systematically discredit the models. Firstly, enterprise user databases are 
typically highly class-imbalanced: the overwhelming majority of consumers persist their 
subscription over any window of time analyzed while the 'churners' form a comparatively small 
minority slice for example 26.54% of records in the benchmark dataset used in this study. This 
majority class bias is a natural phenomenon of unmodified classifiers that are just designed to 
maximize the accuracy on the raw accuracy measure, as such many high-risk consumers are 
misclassified as stable. Secondly, the most advanced predictive systems, such as deep neural 
network architectures and highly complex boosting models, can be used as a kind of 'black 
box'. But for a marketing department or data-driven executive, an abstract probability score 
with no structural basis equals no actionable leverage. Without the ability to detect the specific 
technical and/or financial factors causing an account's instability, it's impossible to create a 
hyper-personalized retention offer.  

To address these two bottlenecks, this work proposes a single end-to-end analytical 
framework which leverages the power of advanced tree-based ensemble models and post-hoc 
game-theoretic interpretability. SMOTE is used to counter the class imbalance while 
regularized and optimized variants of Extreme Gradient Boosting, LightGBM, and CatBoost 
are used to predict risk scores. The framework relies on SHapley Additive exPlanations 
(SHAP) to make tree-based ensembles' decisions interpretable to business stakeholders. 

This paper's main contributions can be summarized in four aspects. Firstly, we 
perform an in-depth benchmarking experiment comparing the performance of three advanced 
tree-based boosting algorithms against the classical group of Logistic Regression, Decision 
Tree, and Random Forest classifier using enterprise-level churn prediction task as a use-case. 
The comparison is made using a custom-built evaluation protocol which utilizes SMOTE 
inside the training folds to combat the class imbalance in a leakage-controlled manner in a 5-
fold Stratified Cross-Validation setting. Secondly, each of the compared models is subjected 
to a hyperparameter optimization procedure and the optimization results are statistically 
validated using paired t-test and McNemar’s test. Thirdly, the predictive results of the validated 
ensemble of classifiers are converted to actionable enterprise logic using model-agnostic 
SHAP-based global and local explanation techniques. Lastly, we provide a high-level executive 
summary which highlights how the obtained risk scores can be integrated into the enterprise 
retention workflow. 
Literature Review: As with the rest of modern data science, the development of customer 
churn predictive methodologies follows the general path from simple parametric demographic 
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modelling, to multi-layered, sequence-aware ensemble tracking. Early academic research was 
mostly focused on empirical marketing statistics, with churn generally being viewed as an 
outcome of customer attrition. Almost all of the studies used logistic regression models for 
determining significant demographic correlation coefficients [1][2]. These classical paradigms 
provided good statistical transparency and low computational burden, but they made the 
assumption that the relation between the input variables (covariates) and the log-odds of 
attrition is linear. As a result, these models often would not capture the complex and non-
linear usage patterns and multi-variable relationships typical of today's subscriber profile in the 
era of the multi-channel environments. 

The application of non-parametric machine learning techniques such as Support 
Vector Machines (SVM) and K-Nearest Neighbors (K-NN) greatly improved the multi-
dimensional mapping of boundaries [3]. For complex data environments in the telecom 
industry, [3] carried out a large-scale comparative study where they showed the superiority of 
non-linear SVM variants over classic logistic architectures systematically. But these models 
were found to be very CPU-intensive for millions of transaction rows, and were difficult to 
use to monitor the enterprise in real-time. At the same time, decision tree models became 
more popular because they can naturally deal with attributes having both categorical and 
continuous formats. Standalone decision trees, however, are very sensitive to structural 
variance, and can easily build overfitting trees if not pruned and can easily build underfitting 
trees if not grown. 

In order to overcome the instability of single-tree designs, researchers shifted their 
focus to ensemble learning models. Ensemble methodology is based on the principle that 
multiple weak learners can be used to create a strong consensus predictor with low variance. 
[4] proved this by training different random spaces with early bagging and boosting 
architectures, and showed that these models outperformed individual baseline models. To 
address the skewed data environments, [5] later came up with Improved Balanced Random 
Forests (IBRF), where they added an under-sampled concept directly to the parallelized 
bootstrap sampling loops. This change showed that the tree aggregation can reduce the 
generalization error significantly in the presence of noise in corporate data. 

Recently, sequential gradient-boosted architectures have become the leading approach 
to structured, tabular corporate records [6][7]. Author [6] examined the performance of 
Extreme Gradient Boosting (XGBoost) in detail, compared with the traditional random forest 
models, stating that XGBoost has second order Taylor expansion gradients inside which 
converge faster and make sharper decision boundaries. Author [7] also showed that the 
Gradient Boosting Machines (GBM) minimize the AUC value by sequentially correcting the 
mathematical errors made by the previous sub-trees. More recently, algorithms such as 
LightGBM and CatBoost have pushed the envelope further by providing optimized 
algorithms for generating leaves and significantly improving the performance on categorical 
features without using pipelines that are memory intensive and one-hot encoding [8][9]. 

Further studies have continued to explore this direction of research. [10] carried out a 
broad comparative study evaluating machine learning models including gradient boosting 
approaches for telecommunications churn prediction, reporting improvements in 
performance achieved by ensemble approaches compared to classical machine learning 
algorithms. [11] proposed a voting ensemble combining XGBoost, LightGBM and CatBoost 
with LIME and SHAP explainability features, highlighting the potential of ensemble methods 
combined with model interpretability for developing customer retention approaches. Most 
recently, [12] used an ensemble of classifiers and feature importance analysis based on SHAP 
values and customer segmentation on the same IBM Telco dataset used in this work, reporting 
0.932 ROC-AUC for XGBoost algorithm. 
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At the same time, deep learning paradigms are becoming popular to process customer 
interactions that are extremely sequential and time-dependent [13][14]. To process long time-
series of subscriber activity, [13] proposed a hybrid deep learning model that combines 
Bidirectional Long Short-Term Memory (BiLSTM) with Convolutional Neural Networks 
(CNN). This enabled the network to classify application engagements automatically and 
identify the drop-offs dynamically. Likewise, [14] used multi-head attention Transformer 
networks to analyze multi-year transaction sequences to find fine-grained behavioral anomalies 
that users exhibit before canceling their accounts. However, the high computational demands, 
huge data needs and lack of clarity that is inherent in deep neural models restrict their use in 
the real world, especially in agile business environments [15] and [16]. The modern field of 
Explainable AI (XAI) [17][18] has been propelled by this operational limitation. [18][12] show 
that incorporating post-hoc cooperative game theory tools, such as the SHAP, gives increased 
clarity to complex models, and allows for an abstract mathematical risk vector to be 
transformed into an auditable, transparent, business intelligence. 
Methodology: 

This section offers technical specifics regarding how our predictive and interpretive 
framework is designed. The structural process unfolds across six consecutive phases: (A) 
Dataset Description, (B) Data Preprocessing, (C) Class Imbalance Resolution using SMOTE, 
(D) Multi-Model Ensemble Formulation, (E) Hyperparameter Optimization, and (F) Post-
Hoc Game-Theoretic Explanation Mapping. 
Dataset Description: 

This research relies on the IBM Telco Customer Churn benchmark dataset, which is 
publicly accessible on Kaggle (https://www.kaggle.com/datasets/blastchar/telco-customer-
churn). The dataset contains 7,043 customer records, characterized by 21 attributes that cover 
customer demographics, subscribed services, and billing/account information (Table 1). The 
target variable, Churn, is binary: 5,174 customers (73.46%) were retained, while 1,869 
customers (26.54%) churned, indicating a moderate level of class imbalance that is typical of 
real-world subscription businesses. All features of dataset have been summarized in Table 1. 

Table 1. Dataset Feature Summary 

Category Features 

Demographics Gender, SeniorCitizen, Partner, Dependents 

Services PhoneService, MultipleLines, InternetService, 
OnlineSecurity, OnlineBackup, DeviceProtection, 
TechSupport, StreamingTV, StreamingMovies 

Account / 
Billing 

Tenure, Contract, PaperlessBilling, 
PaymentMethod, MonthlyCharges, TotalCharges 

Target Churn (Yes/No) 

Data Preprocessing: 
The framework takes in subscriber profile data that is heterogeneous, containing both 

categorical attributes (for example, contract type, payment method, and internet service type) 
and numeric attributes (for example, tenure, monthly charges, and total charges), matching the 
feature set outlined in Table 1. In most cases, missing records are filled using localized median 
imputation so that the overall feature distributions are not skewed by outliers. For categorical 
strings with high cardinality, One-Hot Encoding is applied to transform them into sparse 
logical matrices. All continuous numerical vectors are normalized through Min-Max 
Standardization to preserve the structural parity between distance sensitive classifiers, as 
shown in the equation below: 

X_norm = (X - X_min) / (X_max - X_min) 
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Class Imbalance Resolution Using SMOTE: 
To prevent machine learning models from majority class bias, a Synthetic Minority 

Over-sampling Technique (SMOTE) [19] is applied. Whereas the traditional minorities are just 
copied, SMOTE generates completely new, synthetic user profiles in the minority class feature 
space, preventing severe overfitting. The algorithm finds the k-nearest minority neighbours of 
a minority sample and samples random vectors on the line segments between the minority 
samples as per the following: 

x_new = x_i + λ × (x_zi − x_i) 
where x_i is a reference minority vector under analysis, x_zi is a random vector from 

a randomly selected k-neighborhood, and λ is a uniform random variable whose distribution 
interval is [0,1]. This increases the dimensionality of the minority class decision space to require 
downstream boosting models to learn structural feature combinations instead of mere 
memorized paths. 

Importantly, SMOTE was applied only to the training partition in every iteration of 
the 5-fold Stratified Cross-Validation loop, while the corresponding held-out validation/test 
fold in each iteration remained in its original, unmodified distribution. This design keeps 
synthetic minority samples from leaking into the evaluation set and guarantees that the 
performance metrics reported, represent true out-of-sample generalization instead of inflated 
in-sample agreement. 
Algorithmic Formulation of Ensemble Models: 

We compare four sophisticated tree-based ensemble architectures, all of which have 
different kinds of structural regularizations and gradient step profiles. 
Random Forest (RF): An uncorrelated deep decision tree model that is implemented in 
parallel using the bagging technique. Random Subspace Selection used at each node split helps 
reduce the correlation among trees, thereby decreasing the predictive variance of the ensemble 
vote. 
Extreme Gradient Boosting (XGBoost): A sequential boosting system to minimize a 
regularized objective function. Unlike classic gradient boosting, XGBoost uses a second-order 
Taylor approximation of the loss function, thus facilitating faster convergence, and uses L1 
and L2 regularization to prevent the model from being too complex. The mathematical 
objective function to be minimized in step t is written as follows: 

L^(t) = Σ [ l(y_i, y_hat^(t-1) + f_t(x_i)) ] + Ω(f_t) 
where l is a differentiable loss function that measures the error between the prediction 

y_hat and the ground truth label y_i, and Ω(f_t) is a structural complexity penalty, which 
regulates the number of terminal leaves and leaf weight values in order to avoid overfitting. 
Light Gradient Boosting Machine (LightGBM): An extremely fast and memory-efficient 
boosting method, which employs a leaf-wise tree growing strategy instead of the classic level-
wise strategy. LightGBM uses two techniques to significantly reduce the computational 
requirements of training large tabular datasets while maintaining high accuracy: Gradient-
Based One-Side Sampling (GOSS) and Exclusive Feature Bundling (EFB). 
CatBoost: a gradient boosting framework that uses ordered boosting along with built-in, 
statistically robust target-based encoding of categorical variables, thereby preventing the 
prediction shift and target leakage that typically accompany standard greedy target encoding 
of high-cardinality categorical features. CatBoost builds symmetric (oblivious) decision trees, 
which enhances training efficiency and lessens overfitting compared with traditional leaf-wise 
or level-wise growth strategies. 
Hyperparameter Optimization: 

Every ensemble model was tuned with a Randomized Search Cross-Validation using 
3-fold inner cross-validation on the training partition. The optimized metric for the model 
selection was the ROC-AUC to be maximized over 15 randomly sampled configurations for 
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each model. For the boosting models (XGBoost, LightGBM, CatBoost) the parameters were 

sampled from learning rate ∈ [0.01, 0.2], max tree depth ∈ [3], number of estimators / 

iterations ∈ [100,500], row subsampling ratio ∈ [0.6,1.0], column / feature subsampling ratio 

∈ [0.6,1.0]. Random Forest was tuned over number of estimators ∈ [100,500], max depth ∈ 

{3,5,7,10,15,}, min samples per split ∈ {2,5,10}. The random search procedure was run once, 
using an independent 80/20 train-test stratified split (different from the outer cross-validation 
folds used in the evaluation, with only the train partition subjected to SMOTE oversampling. 
The hyperparameter configuration that emerged as optimal (Table 2) was then applied to each 
of the five outer folds of the evaluation. The single random search procedure was preferred 
to a nested cross-validation (in which the optimal hyperparameters would have been re-
sampled separately for each outer training fold) due to the computational burden, while the 
possibility to pursue such an alternative would be worth investigating in future work to limit 
optimistic bias. Optimal configurations of hyperparameters of different models have been 
presented in Table 2. 

Table 2. Optimal Hyperparameter Configurations 

Model Selected Hyperparameter Settings 

XGBoost Learning rate: 0.03; maximum depth: 10; estimators: 
300; subsample: 0.7; column sampling: 0.6 

LightBGM Learning rate: 0.05; maximum depth: 6; estimators: 
500; subsample: 0.9; column sampling: 1.0 

CatBoost Learning rate: 0.15; depth: 10; iterations: 300; 
subsample: 0.7; level-wise column sampling: 1.0 

Random 
Forest 

Estimators: 500; maximum depth: unlimited; 
minimum samples for split: 2 

Post-Hoc Interpretability Framework based on SHAP: 
We use SHapley Additive exPlanations (SHAP) values [18] to optimize our models for 

maximum transparency of operation. Based on a cooperative game theory approach, SHAP 
calculates the additive attribution values of the features to determine precisely the influence 
that every single feature has on the user churn risk compared to the global average churn risk. 
The unique contribution φ_i of feature i to an entry space is defined as: 

φ_i(v) = Σ [ (|S|! × (|F| − |S| − 1)!) / |F|! ] × [ v(S ∪ {i}) − v(S) ] 
where F is the complete set of all input features, S is a subset of the features excluding 

feature i, and v(S) is the expected value of the model given the values of the features in S. It 
guarantees three important properties: local accuracy, consistency and missingness, yielding 
reliable explanations for all predictions. 
Experimental Simulations and Evaluations: 

We applied our framework to the IBM Telco Customer Churn benchmark dataset 
using the attributes summarized in Table 1, such as tenure, monthly and total charges, contract 
type, and subscribed service options. 
Experimental Environment: 

All training runs and evaluations were performed on a dedicated server with an AMD 
Ryzen 9 5900X processor (12 Cores, 3.7 GHz) and 64 GB of RAM and an NVIDIA RTX 
3080 GPU (10 GB VRAM). The software stack was based on Ubuntu 22.04 LTS, Python 3.10, 
Scikit-Learn 1.2, XGBoost 1.7, LightGBM 3.3 and the core libraries of SHAP 0.41. To 
guarantee complete reproducibility of the reported results, a fixed random seed (seed = 42) 
was applied across data splitting, SMOTE resampling, and model initialization. 
Evaluation Metrics: 

Five metrics were used to assess the performance of the models: Accuracy, Precision, 
Recall, F1-Score, and Area Under the Receiver Operating Characteristic Curve (ROC-AUC). 
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These are based on measurements of True Positives (TP), False Positives (FP), True Negatives 
(TN), and False Negatives (FN): 

Accuracy = (TP + TN) / (TP + TN + FP + FN) 
Precision = TP / (TP + FP) 

Recall = TP / (TP + FN) 
F1-Score = (2 × Precision × Recall) / (Precision + Recall) 

The positive class is defined as Churn = 1 (the customer discontinued service), while 
the negative class corresponds to Churn = 0 (the customer was retained). Every Precision, 
Recall, and F1-Score value reported here is calculated specifically for the positive (churn) class 
instead of being averaged over both classes, because the main operational goal of this 
framework is to correctly identify at-risk customers, not to achieve overall label agreement. 
Quantitative Comparative Analysis: 

Table 3 presents the final out-of-sample performance metrics (mean ± standard 
deviation across the 5 outer cross-validation folds) for all six architectures that were evaluated. 
The experimental results are shown in order to demonstrate how much the tree-based 
ensembles improve upon the classical statistical baselines. Performance metrics have been 
presented in Table 3. 
Table 3. Performance Matrix of Predictive Architectures (5-Fold Stratified Cross-Validation, 

mean ± std.dev) 

Model 
Architecture 

Accuracy Precision Recall F1-Score ROC-
AUC 

Logistic 
Regression 

74.73% ± 
0.80% 

51.56% ± 
1.00% 

79.08% 
± 1.88% 

62.41% 
± 1.13% 

0.844 ± 
0.013 

Decision 
Tree (CART) 

72.54% ± 
0.70% 

48.49% ± 
1.16% 

55.80% 
± 1.60% 

51.89% 
± 1.26% 

0.672 ± 
0.009 

Random 
Forest 

78.01% ± 
0.86% 

58.19% ± 
1.36% 

60.56% 
± 3.19% 

59.34% 
± 2.21% 

0.827 ± 
0.012 

LightGBM 
(Optimized) 

78.39% ± 
1.13% 

59.42% ± 
2.17% 

58.48% 
± 2.82% 

58.94% 
± 2.40% 

0.825 ± 
0.011 

CatBoost 
(Optimized) 

78.23% ± 
0.97% 

59.67% ± 
1.77% 

55.32% 
± 3.15% 

57.39% 
± 2.44% 

0.814 ± 
0.014 

XGBoost 
(Proposed) 

78.50% ± 
1.08% 

59.37% ± 
1.83% 

59.98% 
± 3.47% 

59.65% 
± 2.58% 

0.832 ± 
0.012 

The results demonstrate that ensemble tree-based models considerably outperform 
classical baselines both in terms of accuracy, although the differences between the three tuned 
boosting architectures are modest. The proposed XGBoost configuration achieves 78.50% 
accuracy, whereas Logistic Regression 74.73% and the Decision Tree baseline 72.54%. Worth 
noting is that Logistic Regression attains a slightly higher ROC-AUC (0.844) compared to 
XGBoost (0.832), hence, the comparison is not always favorable to XGBoost in terms of all 
metrics. The advantages of XGBoost are manifested in the superiority in terms of accuracy, 
precision and F1-score, while its ROC-AUC is on par with that of Random Forest, LightGBM, 
and CatBoost. To establish whether the differences in accuracy were statistically significant 
rather than due to sampling variance, a paired t-test was applied to the five fold-level accuracy 
values, comparing the proposed XGBoost model with each baseline, and McNemar's test was 
administered to the pooled out-of-fold predictions produced for the same validation 
observations across the five outer folds (Table 4). XGBoost attained significantly higher 
accuracy than Logistic Regression (paired t-test: t = 10.48, p < 0.001; McNemar's test: χ² = 
59.31, p < 0.001), and the Decision Tree (t = 27.81, p < 0.0001; χ² = 138.67, p < 0.0001), 
while a borderline-significant improvement was observed over Random Forest (t = 2.91, p = 
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0.044; p < 0.0010__, p < 0.0011__). No statistically significant accuracy difference was found 
between XGBoost and LightGBM (p < 0.0012__, p < 0.0013__; p < 0.0014__, p < 0.0015__), 
or CatBoost (p < 0.0016__, p < 0.0017__; p < 0.0018__, p < 0.0019__); a non-significant p-
value indicates that the data do not provide evidence of a difference, not proof that the models 
are equivalent. XGBoost is retained as the proposed architecture due to its advantages in terms 
of accuracy over the classical baselines, and its compatibility with the SHAP TreeExplainer 
employed for the interpretability analysis. Proposed model has been compared with multiple 
other models proposed in literature in Table 4. 

Table 4. Statistical Significance Tests (XGBoost vs. Baselines) 

Comparison of XGBoost vs Paired t-test (t, p) McNemar's test (χ², p) 

Logistic Regression t = 10.48, p = 0.00047 χ² = 59.31, p = 1.3×10⁻¹⁴ 
Decision Tree t = 27.81, p < 0.0001 χ² = 138.67, p = 5.2×10⁻³² 
Random Forest t = 2.91, p = 0.044 χ² = 2.87, p = 0.090 

LightGBM t = 0.57, p = 0.60 χ² = 0.13, p = 0.72 

CatBoost t = 0.99, p = 0.38 χ² = 0.64, p = 0.42 

Business Implications and Discussion: 
Maximizing predictive performance is not enough to ensure practical deployment: a 

model used in a corporate environment must also be explainable in terms of its logic. In order 
to achieve this transparency, we compute global and local SHAP value distributions on a held-
out evaluation split using the tuned XGBoost model (Figure 1, Figure 2). 

 
Figure 1. Global Shap feature importance (mean absolute shap value) for the optimized 

XGBoost model. 
The global feature attribution provided in Figure 1 indicates that contract duration is 

the most influential feature: customers with Two-Year contracts contribute the most to the 
negative (decrease in likelihood) SHAP value (their churn risk is massively decreased), 
followed closely by tenure (longer the customer stays with the company, the less likely they 
are to churn). Meanwhile, the Fiber-optic internet subscription type has a strong positive 
SHAP value (indicating increased likelihood of churn in the model), the reason for which may 
be worth investigating from the business standpoint. Monthly charges, electronic-check 
payment type, and total charges contribute to the model, with service-related features, 
including lack of Online Security and Tech Support, providing the weakest impetus for 
subscription continuation. The beeswarm plot (Figure 2) also suggests that low values of 
tenure (customer stayed with the company for a short period of time) have a propensity to 
drive predictions toward churn, as do high monthly charges and fiber-optic service type. Such 
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actionable insights can be instrumental in helping enterprise marketing teams to abandon 
ineffective and expensive discount strategies, instead using the models to prioritize specific 
retention actions for different segments of their customer base. 

 
Figure 2. SHAP beeswarm plot showing the direction and magnitude of each feature's 

contribution to individual churn predictions. 
For instance, if our automated process identifies a subscriber with fiber-optic 

connection and high monthly charges as a customer segment with high likelihood to churn, 
the retention team could be alerted to provide a suitable adjustment to their service or 
subscription plan. Likewise, if short contract duration or low tenure is identified as the primary 
reason for churn, the marketing department will be able to prioritize this segment for offers 
and adjustments to encourage the switch to longer-term subscriptions. As the SHAP 
explanation is produced by a statistically validated XGBoost model, such targeted 
interventions will produce a statistically significant reduction in misclassified at-risk customers, 
enabling the organization to both reduce the costs of blanket customer retention discounts 
and begin the process of prototyping operational-level retention actions. 
Conclusion and Future Work: 

This research proposes a powerful end-to-end machine learning solution to address 
the dual problem of data imbalance and model opacity in customer churn prediction. The 
proposed architecture consists of highly optimized tree-based ensemble models and SMOTE-
based data balancing, resulting in the optimized XGBoost engine. The accuracy across the 
cross-validated folds was 78.50 ± 1.08%, with an ROC-AUC of 0.832 ± 0.012. This accuracy 
increase was statistically significant compared to the classical Logistic Regression and Decision 
Tree (paired t-test on the fold-level accuracy, p < 0.001). Moreover, no statistically significant 
difference in the accuracy was found compared to the LightGBM or CatBoost engines. Finally, 
incorporating the SHAP-based interpretability allows one to highlight the model’s inner 
workings, thus providing the business side with actionable and interpretable information. This 
way, the black-box nature of the gradient-boosted decision trees is mitigated, which transforms 
an analytic instrument into a powerful business intelligence decision-support tool. 

This work will be extended in two directions that will be the focus of future work. 
First, we will start to build in active stream-processing architectures (such as Apache Kafka 
and Apache Flink) to continuously update customer risk profiles in real time as they use or do 
not use a website or an application. Secondly, we want to leverage Natural Language 
Processing (NLP) models, including fine-tuned transformers, to process text from customer 



                                                           Magna Carta: Contemporary Social Science 

October 2026|Vol 5 | issue 5                                                                 Page |374 

emails, chat logs, and social media to understand their sentiment. The ability of these 
unstructured communication flows to be integrated into our existing structured ensemble 
model will further increase predictive accuracy and provide companies with a more 
comprehensive insight into customer behavior. 
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