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Abstract— This study proposes an innovative pipeline for 

customer churn prediction in the telecommunications sector, 

integrating resampling, ensemble learning, and interpretability 

with fairness analysis to enhance prediction accuracy and 

provide actionable insights. Using the IBM Telco Customer 

Churn dataset (7,043 samples, 21 features, 26.54% churn), the 

study addresses class imbalance with SMOTE, introduces 

domain-specific features such as Engagement_Score, and 

optimizes ensemble models (CatBoost, XGBoost) via Bayesian 

tuning with Optuna and 5-fold cross-validation. The CatBoost 

model under the FE_SMOTE scenario achieved a ROC-AUC of 

0.937 ± 0.010, accuracy of 0.862, and F1-score of 0.863, 

significantly improving churn detection performance. SHAP 

analysis identified key features, including 

InternetService_FiberOptic and tenure, while DICE-ML 

provided counterfactual explanations to guide retention 

strategies. Fairness evaluation revealed a 22.55% bias toward 

senior citizens, indicating a need for demographic adjustment. 

Overall, this pipeline provides a robust, interpretable, and 

equitable approach to churn prediction, enabling 

telecommunications companies to design data-driven 

interventions with potential scalability to other sectors.  

Keywords— Customer Churn Prediction; Ensemble Learning; 

Feature Engineering; Interpretability; Fairness Analysis 

I. INTRODUCTION  

High customer churn rates in the telecommunications 
sector can significantly reduce revenue and damage the 
company's reputation [1]. Effective retention strategies, 
including service quality improvement, personalized 
offerings, loyalty programs, proactive communication, and 
customer data analytics, have proven successful in mitigating 
churn and increasing customer lifetime value [2]–[4]. By 
modeling customer behavior using historical data, churn 
prediction becomes feasible through the analysis of customer 
attributes. Various machine learning (ML) algorithms have 
been employed for churn prediction, such as Decision Trees, 
Gradient Boosting Machines (GBM), XGBoost, LightGBM, 
CatBoost, Random Forests (RF), Logistic Regression (LR), 
Support Vector Machines (SVM), Multi-Layer Perceptrons 
(MLP), and AdaBoost. GBM-based models, such as 
XGBoost, LightGBM, and CatBoost, exhibit strong 
performance on complex tabular data but are prone to 
overfitting, necessitating careful hyperparameter tuning [5]. 
RF is valued for stability [6], while LR offers interpretability 
but underperforms on nonlinear or imbalanced data [7]. SVMs 

are well-suited for high-dimensional data, but they are 
computationally intensive and sensitive to hyperparameters 
[8]. MLPs can capture complex patterns, and AdaBoost 
enhances accuracy through weak learner iteration, although it 
is sensitive to noise [9], [10]. 

Class imbalance remains a significant challenge in churn 
data, resulting in biased models that fail to accurately detect 
the minority class. Techniques such as SMOTE, 
SMOTEENN, RandomUnderSampler, and ADASYN have 
been used to address this [11]. This study adopts SMOTE as 
the primary resampling technique due to its effectiveness in 
balancing class distribution [12], [13]. Despite the success of 
models like XGBoost and LightGBM, they struggle with class 
imbalance, reducing minority class prediction accuracy [11], 
[14]. Additionally, they lack intrinsic interpretability, making 
it hard for stakeholders to understand churn drivers without 
auxiliary tools [15], [16]. The integration of interpretability 
tools, such as SHAP or DICE-ML, can be limited by technical 
constraints. To overcome these issues, this study proposes 
features such as EngagementScore and ChurnRiskScore to 
enhance predictive capacity [17], [18]. It applies Bayesian 
optimization with Optuna for efficient hyperparameter tuning 
[19], [20], and integrates SHAP for global and local 
interpretability [21]. Furthermore, counterfactual explanations 
complement SHAP by suggesting the smallest changes 
needed to flip a prediction, providing clear and actionable 
recommendations. Lastly, fairness analysis using 
demographic parity and equalized odds ensures equitable 
predictions, particularly for senior citizens [22], [23]. 

This study aims to develop a churn prediction framework 
that combines high accuracy, interpretability, and fairness. By 
integrating feature engineering, optimization, explainability 
(SHAP and counterfactual explanations), and fairness 
analysis, the proposed pipeline addresses the gaps in prior 
studies that have focused solely on accuracy. The primary 
contribution lies in the end-to-end integration of ensemble 
model optimization, interpretable machine learning, and 
fairness evaluation, delivering a more transparent, ethical, and 
applicable solution for churn prediction in the 
telecommunications industry. 

II. RELATED WORK 

Customer churn prediction remains a central problem in 
machine learning due to its direct impact on customer 



retention and business sustainability. Traditional models such 
as logistic regression and decision trees offer interpretability 
but often struggle with nonlinear patterns and imbalanced data 
[24], [25]. Recent studies increasingly adopt ensemble 
learning methods like XGBoost, LightGBM, and CatBoost, 
which achieve higher performance on complex tabular data 
[24], [26]–[28]. However, these models require careful 
hyperparameter tuning to prevent overfitting and ensure 
generalization. Studies using the IBM Telco Customer Churn 
dataset report varied performance. Gradient boosting, 
combined with SHAP analysis, achieved an AUC of 0.86 [29], 
while an ensemble-fusion approach reached an AUC of 0.85 
and an F1-score of 0.80 [29]. Other research applying 
XGBoost without resampling or interpretability tools showed 
a lower AUC of around 0.75 [25]. Additionally, clustering-
based segmentation approaches provide descriptive insights 
but lack predictive performance metrics [30], [31]. 

Despite these advances, significant research gaps remain. 
Many studies focus solely on improving accuracy without 
addressing class imbalance using techniques like SMOTE, 

limiting minority class detection [25], [29]. Furthermore, 
interpretability tools such as SHAP and counterfactual 
explanation frameworks like DICE-ML are rarely integrated, 
which reduces actionable insights for decision-making [24], 
[32]. Fairness evaluation is also often neglected, raising 
ethical concerns regarding demographic bias [29]. 

To address these gaps, this study proposes a 
comprehensive pipeline that combines domain-informed 
feature engineering, SMOTE resampling, Bayesian 
hyperparameter optimization, and integrated interpretability 
with fairness analysis. This approach aims to produce robust, 
explainable, and equitable churn predictions to support 
effective data-driven retention strategies. 

III. PROPOSED METHOD 

The methodological framework of this study is illustrated 
in Figure 1, encompassing dataset preparation, feature 
engineering, resampling, model optimization, evaluation, 
interpretability, fairness, and counterfactual explanation.

 

Fig. 1. Top-level methodology of research 

A. Dataset and Preprocessing 

The dataset used is the IBM Telco Customer Churn dataset 
from Kaggle, which contains 7,043 samples with 21 features, 
including the target variable "churn". Preprocessing steps 
involved normalizing column names, converting 
TotalCharges from an object to a numeric type by imputing 11 
blank entries, and removing customerID as it is non-
predictive. Class distribution analysis revealed a significant 
imbalance, with 26.54% of customers experiencing churn and 
73.46% experiencing non-churn (Fig. 2, blue bar), indicating 
the need for resampling. 

B. Feature Engineering 

To enhance predictive performance, several domain-
informed features were engineered: 

• The Engagement Score, representing the intensity of 
customer interaction, is calculated using Eq. (1). 

EngagementScore =  
tenture ×  Monthlycharges

TotalCharges +  1
 (1) 

where +1 prevents division by zero. 

• Churn Risk Score captures high churn risk for 
customers with tenure below 12 months: 

ChurnRiskScore = {
MonthlyCharge,

0,

if tenture < 12

 otherwise
 (2) 

• Service Utilization sums all binary service indicators 
marked “Yes” to reflect multi-service adoption. 

ServiceUtilization = ∑ 1{xi=Yes}

n

i=1

, xiServiceColumns (3) 

• Payment Reliability is a binary indicator, where 1 
represents the use of automatic payment methods 
(bank transfer or credit card automatic), and 0 
otherwise. 

𝑃𝑎𝑦𝑚𝑒𝑛𝑡𝑅𝑒𝑙𝑖𝑎𝑏𝑖𝑙𝑖𝑡𝑦 

=  {
 1, 𝑖𝑓 𝑃𝑎𝑦𝑚𝑒𝑛𝑡𝑀𝑒𝑡ℎ𝑜𝑑 𝑖𝑠 𝑎𝑢𝑡𝑜𝑚𝑎𝑡𝑖𝑐 
 0, 𝑂𝑡ℎ𝑒𝑟                                                    

 
(4) 



C. Data Scaling and Splitting 

All numerical features were standardized using 
StandardScaler to ensure consistent distributions. Various 
resampling methods were compared, including SMOTE, 
SMOTEENN, ADASYN, and RandomUnderSampler. Based 
on exploratory results, SMOTE was selected to effectively 
balance the dataset (Fig. 2, red bar). The dataset was then split 
into training (75%) and testing (25%) sets using stratified 
sampling to maintain class proportion. 

D. Model Definition and Hyperparameter Tuning 

Ten classification and ensemble models were 
implemented: Decision Tree, Random Forest, Logistic 
Regression, Support Vector Classifier (SVC), Neural 
Network, AdaBoost, Gradient Boosting Machine (GBM), 
XGBoost, LightGBM, and CatBoost. Among them, CatBoost 
offers a unique advantage by natively handling categorical 
features and utilizing ordered boosting, which helps reduce 
overfitting and improve generalization, especially valuable for 
imbalanced tabular data, such as churn prediction [33]. 
Bayesian optimization with Optuna was employed for 
hyperparameter tuning. Table 2 summarizes the parameter 
settings. 

TABLE I.  SEARCH RANGES OF HYPERPARAMETERS USED FOR 

TUNING THE CHURN PREDICTION MODELS 

Model Hyperparameters Range Value 

DecisionTree max_depth, 

min_samples_split 

3-7, 2-5 

GBM n_estimators, learning_rate, 
max_depth 

100-200, 0.01-0.1, 
3-5 

XGBoost n_estimators, learning_rate, 

max_depth 

100-200, 0.01-0.1, 

3-5 

RandomForest n_estimators, max_depth, 

min_samples_split 

100-200, 10-

None, 2-5 

Logistic 

Regression 

C, penalty, solver 0.1-10, l1/l2, 

liblinear 

SVC C, kernel 0.1-1, rbf/linear 

Neural Network hidden_layer_sizes, alpha (50,)/(100,)/(50,5)
, 0.0001-0.001 

AdaBoost n_estimators, learning_rate 50-100, 0.1-1.0 

LightGBM n_estimators, learning_rate, 

max_depth 

100-200, 0.01-0.1, 

3-5 

CatBoost iterations, learning_rate, 
depth 

100-200, 0.01-0.1, 
3-5 

DecisionTree max_depth, 

min_samples_split 

3-7, 2-5 

GBM n_estimators, learning_rate, 
max_depth 

100-200, 0.01-0.1, 
3-5 

XGBoost n_estimators, learning_rate, 

max_depth 

100-200, 0.01-0.1, 

3-5 

RandomForest n_estimators, max_depth, 

min_samples_split 

100-200, 10-

None, 2-5 

E. Cross-Validation Evaluation 

Model performance was evaluated using stratified 5-fold 
cross-validation to ensure generalizability across data splits. 
The evaluation employed standard classification metrics, 
including ROC-AUC as the primary metric, along with 
accuracy, precision, recall, and F1-score to comprehensively 
assess classification effectiveness. Additionally, confusion 
matrices were generated to provide detailed insights into 
classification outcomes, including true positives, true 
negatives, false positives, and false negatives, thereby 
enabling a better understanding of the model's performance on 
each class.  

F. Final Model Evaluation and Interpretability 

The best-performing model, CatBoost under FE_SMOTE, 
was retrained with optimal parameters and evaluated on the 
test set using confusion matrices, ROC curves, and calibration 
plots (Figure 4). SHAP analysis (Figure 6) identified 
InternetService_FiberOptic, tenure, and contract type as key 
influential features.  

G. Fairness Analysis and Counterfactual Explanation 

A fairness evaluation was conducted to assess potential 
demographic bias in model predictions, with a specific focus 
on the SeniorCitizen attribute. This analysis employed metrics 
such as demographic parity difference and equal opportunity 
difference to determine whether the model exhibited unequal 
treatment or outcomes across customer groups. The fairness 
evaluation process aimed to ensure that the predictive pipeline 
aligned with ethical AI standards by identifying and 
mitigating biases that could negatively impact certain 
demographics during real-world deployment. 

IV. RESULTS AND DISCUSSION 

A. Data Balancing 

This study utilizes the IBM Telco Customer Churn dataset 
from Kaggle, which comprises 7,043 samples and 21 features 
after preprocessing. Analysis revealed a significant class 
imbalance, with only 26.54% of customers in the “Yes” 
(churn) class (1,869 instances) and 73.46% in the “No” (non-
churn) class (5,174 instances), as shown in Fig. 2 (blue bar). 
To address this, the SMOTE was applied, resulting in a 
balanced distribution where both classes contained 5,174 
instances each, as illustrated in Fig. 2 (red bar). This balancing 
ensures improved model performance in detecting minority 
class churn cases during training. 

 

Fig. 2. Target variable distribution before and after SMOTE 

B. Evaluated Model Comparison 

To assess the predictive performance of the proposed 
models, this study employed 5-fold cross-validation under 
four experimental settings: without feature engineering 
(No_FE), with feature engineering only (FE_Only), with class 
balancing using SMOTE only (SMOTE_Only), and with both 
feature engineering and SMOTE (FE_SMOTE). Evaluation 
was based on five standard classification metrics: ROC-AUC, 
accuracy, precision, recall, and F1-score. The results are 
summarized in Table 2.  



TABLE II.  COMPARATIVE PERFORMANCE OF MODELS ACROSS DIFFERENT EXPERIMENTAL SETTINGS 

Case Model ROC-AUC Accuracy Precision Recall F1-Score 

No_FE 

AdaBoost 0.840±0.022 0.800±0.011 0.656±0.030 0.522±0.027 0.581±0.024 

CatBoost 0.822±0.014 0.783±0.010 0.615±0.027 0.491±0.021 0.545±0.017 

Decision Tree 0.805±0.012 0.779±0.007 0.602±0.021 0.494±0.015 0.542±0.013 

GBM 0.827±0.012 0.784±0.013 0.619±0.031 0.487±0.032 0.545±0.030 

LightGBM 0.836±0.017 0.793±0.008 0.637±0.021 0.512±0.016 0.568±0.017 

Logistic Regression 0.844±0.016 0.806±0.011 0.661±0.023 0.553±0.042 0.602±0.030 

Neural Network 0.836±0.020 0.802±0.015 0.647±0.030 0.558±0.041 0.599±0.035 

Random Forest 0.824±0.013 0.787±0.010 0.631±0.024 0.477±0.030 0.543±0.025 

SVC 0.800±0.024 0.806±0.011 0.679±0.030 0.509±0.030 0.581±0.026 

XGBoost 0.838±0.012 0.795±0.005 0.643±0.017 0.514±0.023 0.571±0.014 

FE Only 

Ada Boost 0.839±0.019 0.800±0.015 0.656±0.041 0.521±0.027 0.580±0.030 

Cat Boost 0.822±0.010 0.790±0.002 0.631±0.006 0.502±0.011 0.559±0.006 

Decision Tree 0.799±0.015 0.778±0.008 0.600±0.020 0.491±0.012 0.540±0.015 

GBM 0.830±0.013 0.792±0.011 0.639±0.032 0.500±0.015 0.561±0.019 

Light GBM 0.836±0.014 0.796±0.007 0.645±0.024 0.515±0.002 0.572±0.009 

Logistic Regression 0.845±0.017 0.806±0.011 0.670±0.028 0.533±0.037 0.593±0.028 

Neural Network 0.834±0.018 0.801±0.015 0.654±0.038 0.535±0.024 0.588±0.028 

Random Forest 0.828±0.009 0.791±0.006 0.641±0.018 0.481±0.015 0.549±0.014 

SVC 0.796±0.027 0.800±0.016 0.682±0.047 0.463±0.038 0.551±0.039 

XGBoost 0.838±0.012 0.795±0.007 0.644±0.021 0.510±0.022 0.569±0.015 

SMOTE Only 

AdaBoost 0.911±0.011 0.823±0.016 0.804±0.015 0.855±0.017 0.829±0.015 

CatBoost 0.932±0.011 0.856±0.017 0.853±0.017 0.860±0.022 0.857±0.017 

Decision Tree 0.859±0.014 0.786±0.012 0.772±0.020 0.814±0.011 0.792±0.009 

GBM 0.932±0.009 0.853±0.015 0.852±0.019 0.855±0.019 0.853±0.014 

LightGBM 0.933±0.009 0.849±0.014 0.847±0.020 0.854±0.022 0.850±0.014 

Logistic Regression 0.857±0.016 0.777±0.017 0.758±0.023 0.816±0.013 0.785±0.014 

Neural Network 0.867±0.015 0.783±0.015 0.774±0.023 0.800±0.032 0.786±0.015 

Random Forest 0.917±0.013 0.845±0.013 0.840±0.014 0.854±0.020 0.846±0.013 

SVC 0.885±0.015 0.800±0.018 0.781±0.021 0.834±0.016 0.807±0.017 

XGBoost 0.933±0.009 0.852±0.012 0.847±0.016 0.859±0.017 0.853±0.012 

FE_SMOTE 

AdaBoost 0.916±0.012 0.830±0.019 0.807±0.021 0.868±0.018 0.836±0.017 

CatBoost 0.937±0.010 0.862±0.012 0.858±0.013 0.868±0.019 0.863±0.013 

Decision Tree 0.864±0.011 0.792±0.016 0.770±0.027 0.836±0.017 0.801±0.010 

GBM 0.934±0.008 0.856±0.011 0.855±0.011 0.858±0.022 0.856±0.012 

LightGBM 0.936±0.007 0.852±0.011 0.851±0.015 0.854±0.017 0.853±0.011 

Logistic Regression 0.856±0.015 0.774±0.018 0.755±0.023 0.813±0.016 0.783±0.015 

Neura lNetwork 0.870±0.009 0.792±0.012 0.766±0.014 0.840±0.034 0.801±0.014 

Random Forest 0.924±0.012 0.850±0.012 0.842±0.016 0.861±0.021 0.851±0.012 

SVC 0.887±0.013 0.796±0.016 0.778±0.019 0.830±0.019 0.803±0.015 

XGBoost 0.934±0.008 0.854±0.013 0.850±0.013 0.862±0.022 0.855±0.013 

 

In the No_FE and FE_Only scenarios, Logistic Regression 
achieved the highest ROC-AUC scores of 0.844 and 0.845, 
respectively, demonstrating moderate discriminative 
capability. However, its relatively low recall and F1-score 
indicated limited effectiveness in correctly identifying 
churned customers. In the SMOTE_Only setting, applying 
class balancing alone led to substantial performance 
improvements across models, particularly for ensemble-based 

classifiers. XGBoost achieved the highest performance in this 
scenario, with a ROC-AUC of 0.933 ± 0.009, an accuracy of 
0.852 ± 0.012, and an F1-score of 0.853 ± 0.012, indicating 
stable results across validation folds with low standard 
deviations. 

Further improvements were observed under the 
FE_SMOTE scenario, where the integration of domain-



informed feature engineering with SMOTE resampling 
yielded the best outcomes. CatBoost outperformed all other 
classifiers, achieving a ROC-AUC of 0.937 ± 0.010, accuracy 
of 0.862 ± 0.012, and F1-score of 0.863 ± 0.013, highlighting 
its superior ability to detect minority class instances while 
maintaining stability. Other ensemble models, such as 
XGBoost and LightGBM, also showed enhanced performance 
under this combined setting. Overall, these results highlight 
the importance of addressing class imbalance using 
resampling techniques, such as SMOTE, particularly when 
combined with engineered features. While accuracy provides 
a general measure of model performance, metrics such as 
recall and F1-score offer deeper insights into the effectiveness 
of models under imbalanced conditions. Fig. 3 summarizes 
these findings by illustrating the best-performing model for 
each scenario, confirming that ensemble methods, especially 
CatBoost under FE_SMOTE, consistently deliver superior 
predictive accuracy and robustness for churn prediction tasks. 

 

Fig. 3. Best model per scenario by ROC-AUC: Logistic Regression 

(No_FE, FE_Only), XGBoost (SMOTE_Only), CatBoost (FE_SMOTE). 

C. Final Model Testing 

The final evaluation on the held-out test set used the best-
performing model, CatBoost under the FE_SMOTE scenario. 
It achieved a ROC-AUC of 0.9391 and a precision–recall 
AUC of 0.9426, demonstrating strong discriminative 
capability and effective minority class detection. Fig. 4 shows 
the precision–recall curve, illustrating high precision across 
various recall thresholds, which confirms the model’s 
robustness and readiness for practical deployment in churn 
prediction tasks. Additionally, a Confucian matrix is 
presented in Fig. 5. 

D. SHAP for the CatBoost Final Model 

Figure 6 presents the SHAP summary plot of the final 
model, specifically the retrained CatBoost model with its 
optimal hyperparameter configuration. Each point in the plot 
represents the contribution of a feature to the churn prediction 
for a single observation, with color encoding the original 
feature value (red indicating high values and blue indicating 
low values). Features are sorted by the mean absolute SHAP 
value, indicating their overall impact on the model's output. 

The feature InternetService_Fiber optic emerged as the 
most influential predictor, with high values significantly 
influencing the model's prediction of churn. In contrast, 
features such as tenure, Contract_Two year, and 
Contract_One year contributed negatively to the churn 
likelihood, suggesting that long-term customers with extended 
contracts tend to be more loyal. Other important contributors 
included Churn_Risk_Score, MonthlyCharges, and the 
Electronic check payment method, all of which were 

associated with increased churn probability in various 
combinations of feature values. 

 

Fig. 4. Precision–Recall curve of CatBoost under FE + SMOTE. 

 

Fig. 5. Confusion matrix of of CatBoost under FE_SMOTE 

 

Fig. 6. SHAP summary plot 

These findings highlight that the final model captures not 
only contractual and behavioral dimensions but also risk 
indicators and payment preferences. This information can be 
leveraged to design more targeted and data-driven churn 
intervention strategies, such as offering incentives to high-risk 



customers based on their SHAP-based profile. ROC-AUC 
helps prioritize high-risk customers for retention efforts, while 
the F1-score ensures a balance between retaining actual 
churners and avoiding unnecessary interventions [34]. 

E. Fairness Evaluation Based on Senior Citizen Attribute 

Fairness evaluation was conducted with a focus on the 
SeniorCitizen attribute. The results indicate that the positive 
prediction rate for senior customers was 46.85%, substantially 
higher than that of non-senior customers at 24.30%, resulting 
in a gap of 22.55 percentage points. This discrepancy suggests 
a potential bias in churn prediction toward the elderly group. 
In terms of Equal Opportunity, the True Positive Rate (TPR) 
for senior customers reached 96.01%, compared to 87.94% for 
non-seniors, yielding a difference of 8.07%. This indicates 
that the model is more effective at detecting churn among 
senior customers. Future work will evaluate other 
demographic features such as gender, partner, and dependents 
to provide a broader fairness perspective. 

F. Counterfactual Explanation Analysis 

To enhance the interpretability and practical utility of the 
final model, this study implemented counterfactual 
explanations using the Diverse Counterfactual Explanations 
for ML (DiCE-ML) library. This approach identifies minimal 
changes to input features needed to alter a customer’s 
prediction from churn to non-churn, thereby providing 
actionable insights for retention strategies. Counterfactuals 
were generated for 30 randomly selected test instances, 
achieving a 100% success rate, meaning that every instance 
received at least one valid alternative prediction. Fig. 7 
summarizes the quality metrics of these counterfactuals. The 
results showed a mean proximity of 1.838, indicating that the 
generated counterfactuals remained close to the original 
instances in feature space, which supports the realism and 
feasibility of the interventions.  

The mean sparsity was 1.578, indicating that, on average, 
only one to two features required modification, thereby 
enhancing interpretability. Diversity had an average score of 
2.814, reflecting a variety of alternative changes across 
counterfactuals. Meanwhile, validity recorded a mean of 
0.200, suggesting that although counterfactuals were 
successfully generated for all instances, the model’s decision 
boundaries were relatively rigid, requiring substantial feature 
changes to flip predictions. This low validity is noted as a 
limitation, and future work may explore constraint-based or 
generative approaches to enhance the realism and feasibility 
of the suggested interventions. 

G. Feature-Level Insights from Counterfactual 

Explanations 

Figure 8 shows the features most frequently modified in 
counterfactual explanations. Engagement_Score had the 
highest average change, followed by TotalCharges, 
MultipleLines_Yes, and PaperlessBilling_Yes, indicating 
their significant influence on model predictions. In contrast, 
features such as Churn_Risk_Score and various service-
related variables were rarely altered, suggesting a lower 
impact. These insights identify actionable targets for effective 
intervention strategies to reduce churn. 

H. Benchmark Comparison with Prior Studies 

To contextualize the performance of the proposed model, 

we compared it with selected prior studies on the IBM Telco 

Customer Churn dataset. Table 3 summarizes the key metrics 

(ROC AUC, F1 Score) from these studies. As shown, our 

approach outperforms previous methods in both AUC and 

F1-Score, highlighting the effectiveness of combining feature 

engineering, SMOTE resampling, and CatBoost 

optimization. 

 

Fig. 7. Summary of counterfactual quality metrics: validity, proximity, 

diversity, and sparsity. 

 

Fig. 8. Ranked Average Feature Changes in Counterfactual Instances 

TABLE III.  PERFORMANCE COMPARISON ON TELCOM CUSTOMER 

CHURN 

Ref Model ROC-AUC F1-score 

[24] GBM 86.00 60.00 

[25] XGBoost 74.69 74.22 

[29] Ensemble-Fusion 91.00 96.96 

Ours CatBoost 93.70 86.30 

V. CONCLUSIONS 

This study proposed a comprehensive and reproducible 
pipeline for customer churn prediction by integrating domain-
driven feature engineering, SMOTE-based class balancing, 
Optuna hyperparameter tuning, and model interpretability via 
SHAP and counterfactual explanations. The approach 
outperformed prior benchmarks on the IBM Telco Customer 
Churn dataset, achieving a ROC-AUC of 0.937 and an F1-
score of 0.863 with CatBoost under the FE_SMOTE scenario. 

Key contributions include combining interpretability and 
fairness evaluation within the predictive pipeline. However, 
limitations remain, such as the relatively small dataset size, a 
22.55% fairness disparity for senior customers, low 
counterfactual validity (0.200), and restricted hyperparameter 
tuning time budgets. Future work should explore larger and 
more diverse datasets, incorporate behavioral and contextual 
features, conduct fairness analyses on multiple sensitive 



attributes, integrate the framework into real-time systems, and 
enhance counterfactual explanations for personalized decision 
support. Additionally, robustness testing through sensitivity 
analysis of hyperparameters and noise injection will be 
explored further to assess model generalization and stability 
under data uncertainty. These directions aim to enhance the 
robustness, transparency, and practical applicability of churn 
prediction in real-world business contexts. 
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