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 Customer churn remains one of the most pressing issues in the e-commerce sector, 

as it directly erodes revenue and reduces customer lifetime value. This study 

proposes an interpretable machine learning approach designed not only to predict 

churn but also to uncover practical insights that can inform retention strategies. The 

analysis draws on a publicly available dataset containing customer behavior and 

transaction records. Data preparation involved handling missing values, applying 

label encoding, and addressing class imbalance with SMOTE. Five classification 

models—Logistic Regression, Random Forest, XGBoost, Support Vector Machine, 

and Gradient Boosting—were trained on an 80:20 stratified split, with performance 

assessed through accuracy, precision, recall, F1-score, and AUC. Among these, 

XGBoost delivered the most consistent results, achieving 96% accuracy, 95% 

precision, 92% recall, and a near-perfect AUC of 0.999, followed closely by Random 

Forest. Logistic Regression produced the lowest AUC at 0.886. To ensure 

transparency in decision-making, SHAP (SHapley Additive exPlanations) was 

applied, revealing Tenure, Complain, and CashbackAmount as the most influential 

predictors. Longer customer relationships were linked to reduced churn risk, while 

frequent complaints and higher cashback usage indicated a greater likelihood of 

leaving. These findings contribute knowledge by blending robust predictive 

performance with interpretability, enabling e-commerce businesses to design more 

targeted and proactive customer retention measures. 
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I. INTRODUCTION 

The increasing competitiveness of the e-commerce 

landscape, driven by rapid digital transformation, has 

positioned customer retention as a critical success factor for 

sustainable growth. As acquiring new users becomes more 

costly than retaining existing ones, predictive analytics using 

machine learning has emerged as a practical solution to 

proactively identify potential churners and reduce attrition 

rates [21], [22], [23]. Recent studies further emphasize the 

role of explainable and interpretable models in churn 

prediction, enabling businesses to convert raw behavioral data 

 

 

into actionable retention strategies [24], [26], [30]. 

Leveraging explainable ML not only boosts prediction 

performance but also bridges the gap between model output 

and business decision-making [22], [25], [28]. 

To address this issue, machine learning (ML) methods 

have been widely adopted. A bagging-based selective 

ensemble model was proposed to handle highly imbalanced 

and high-dimensional data, improving accuracy through 

hybrid feature selection and cost-sensitive classifiers [1]. 

Another study applied explainable artificial intelligence 

(XAI), integrating LightGBM, XGBoost, SHAP, and LIME 
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to enhance both prediction and model interpretability in the 

telecom sector [2]. Adaptive learning frameworks that 

combine evolutionary computation and Naïve Bayes have 

also demonstrated promising results in dynamic environments 

[3]. 

A deep learning approach utilizing ConvLSTM and Grey 

Wolf Optimization with attention mechanisms was 

introduced to improve customer satisfaction prediction 

alongside churn classification [4]. In parallel, comparative 

studies on ML techniques like SVM, Random Forest, and 

Naïve Bayes have shown varying degrees of success across 

different telecom datasets [5]. Additional approaches 

explored inter-customer dependencies using graph-based 

churn modeling [6], while case-specific churn models have 

been developed for regional fixed wireless ISPs [7]. 

Supervised learning methods remain a common 

benchmark, with algorithms such as KNN, ANN, and RF 

frequently applied to telecom churn datasets [8]. Cloud 

service environments pose unique challenges, leading to the 

development of deep feature extraction techniques integrated 

with tuned Naïve Bayes classifiers and dimensionality 

reduction [9]. Moreover, recent research has focused on early-

stage churn prediction using hybrid neural network 

architectures, especially in gaming platforms.  

While these studies contribute significantly to the field, 

most focus solely on either prediction accuracy or model 

interpretability. There is limited research offering a unified 

framework that balances both goals using current explainable 

ML techniques. Moreover, the comparative evaluation of 

various classifiers with SHAP-based feature explanation in a 

standardized churn dataset remains underexplored.[10] 

The novelty of this study lies in combining robust 

predictive modeling with knowledge discovery through 

SHAP-based interpretability. Unlike previous works that 

primarily emphasized achieving high accuracy, this research 

highlights how model explanations can reveal hidden 

behavioral patterns behind churn, thereby transforming 

predictive outputs into actionable business knowledge. This 

dual contribution strengthens both methodological rigor and 

managerial relevance, bridging the gap between machine 

learning performance and practical decision-making in 

customer retention. 

Furthermore, this study opens potential avenues for future 

development. Churn prediction frameworks can be integrated 

with recommendation systems to provide personalized 

retention strategies, such as targeted promotions or adaptive 

service recovery plans. In addition, evaluating the model 

across multiple datasets from different e-commerce domains 

or real-time transactional environments would enhance the 

generalizability and robustness of the findings. 

 

Knowledge discovery involves extracting hidden patterns 

and insights from data, which can then be leveraged to 

develop accurate and informative predictive models [20]. In 

the context of churn analysis, this process enables businesses 

to uncover latent behavioral signals and design early 

intervention strategies to retain valuable customers. In this 

study, we present an interpretable churn prediction 

framework that evaluates the performance of five models it is 

Logistic Regression, Random Forest, XGBoost, SVM, and 

Gradient Boosting. By integrating SHAP, the framework not 

only highlights the most influential features at both global and 

individual levels but also offers practical insights to guide 

business strategies and strengthen model evaluation. 

II. METHODS 

To develop an accurate and interpretable churn prediction 

model, this study follows a structured workflow that blends 

data-driven machine learning methods with post-hoc model 

interpretation. The process starts with data collection and 

preprocessing to ensure quality and consistency, followed by 

addressing class imbalance through SMOTE. Several 

classification algorithms particularly tree-based ensemble 

models are then trained and fine-tuned using stratified cross-

validation and randomized hyperparameter search, as 

recommended in prior comparative studies [11], [12]. To 

improve the transparency of the model’s predictions, SHAP 

is employed to explain feature contributions at both the global 

and individual levels. The use of explainable AI in this 

framework is consistent with earlier research underscoring its 

value in churn prediction, especially in sectors such as 

telecommunications and human resources [13], [14]. 

Additionally, profit-driven optimization and the use of 

Bayesian tuning for XGBoost have been shown to improve 

model performance in real-world churn scenarios [15]. Each 

step in the proposed framework is aligned with 

methodological recommendations from previous studies on 

churn prediction [1]–[15]. A flowchart illustrating the overall 

research framework is presented below. 

 

 
Figure 1. Flowchart Process 

This study applies a supervised learning approach using 

five classifiers Logistic Regression, Random Forest, SVM, 

XGBoost, and Gradient Boosting due to their proven 

effectiveness in churn prediction [1], [3], [4], [5], [8], [11], 

[12]. Ensemble and boosting methods, especially XGBoost, 

have consistently shown superior performance across 

domains [11], [12], [15], [16], [17]. SHAP is employed to 
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enhance model transparency by explaining feature 

contributions globally and locally, as recommended in recent 

XAI-based churn studies [2], [6], [13], [14]. To address class 

imbalance, SMOTE is applied during preprocessing [1], [9], 

with additional support from studies that emphasize its impact 

on improving minority class recall [13], [16], [18]. 

Several modifications were introduced to adapt existing 

techniques to the context of this study. While past studies 

have applied SHAP post-modeling, this research integrates 

SHAP throughout the analysis pipeline to guide feature 

understanding from the start [14]. This approach supports 

more transparent model development and facilitates earlier 

identification of influential variables [13], [14]. Additionally, 

hyperparameter tuning was optimized using Randomized 

Search CV, an efficient alternative to Grid Search, for 

identifying optimal model configurations while reducing 

computation time [4], [5], [15]. The study also standardizes 

the training and testing process using 10-fold stratified cross-

validation, ensuring fair performance comparison across all 

classifiers [11], [12]. 

 

A. Data Collection 

This study utilizes an open-source e-commerce churn 

dataset, which is publicly accessible through the Kaggle 

platform. The dataset consists of 5,630 customer records, with 

950 churners (16.9%) and 4,680 non-churners (83.1%), along 

with various behavioral and demographic attributes. Each 

record includes information such as transaction frequency, 

app usage patterns, satisfaction scores, and preferred digital 

behaviors, which serve as features for churn prediction. An 

initial class distribution analysis shows that approximately 

4,680 customers did not churn (label 0), while around 950 

customers churned (label 1). This substantial disparity 

indicates a class imbalance problem in the dataset. Such 

imbalance has been shown to negatively affect classification 

performance, particularly by reducing the recall of the 

minority class [1], [5], [9], [21], [24], [27]. To address this 

challenge, the Synthetic Minority Oversampling Technique 

(SMOTE) was employed during preprocessing. SMOTE has 

been widely adopted in recent churn prediction studies for its 

ability to improve model generalization and sensitivity to 

minority classes [23], [25], [28]. 

 

 
Figure 2. Churn Distribution 

 

The features encompass a mix of numerical and categorical 

variables capturing customer activity, engagement, and 

satisfaction metrics. 
TABLE 1 

FEATURES 

 

N

o 

Features Data Type Description 

1 OrderCount Numerical Number of orders placed 

by the customer 

2 HourSpendOn

App 

Numerical Average hours per week 

spent in the app 

3 Complain Categorical Whether the customer 

has made a complaint 

(Yes/No) 

4 CashbackAmo

unt 

Numerical Total cashback amount 

received 

5 Tenure Numerical Duration of customer 

relationship (months) 

6 SatisfactionSc

ore 

Numerical Survey-based customer 

satisfaction score (1–5) 

7 PreferredLogi

nDevice 

Categorical Primary device used to 

log in 

8 Gender Categorical Customer's gender 

9 PaymentMeth

od 

Categorical Preferred payment 

method 

10 NumberOfAd

dress 

Numerical Total number of 

shipping addresses 

linked 

11 OrderAmount

HikeFromLast

Year 

Numerical Increase in order amount 

compared to the previous 

year 

12 CouponUsed Categorical Whether the customer 

used a coupon 

13 NumberOfDev

iceRegistered 

Numerical Total devices registered 

to the account 

14 WarehouseTo

Home 

Numerical Average delivery 

distance from warehouse 

to home (km) 

15 CityTier Categorical Tier classification of the 

customer's city (1st, 2nd, 

3rd) 

16 MaritalStatus Categorical Customer's marital status 

17 PreferedOrder

Cat 

Categorical Preferred product 

category for orders 

18 DaySinceLast

Order 

Numerical Number of days since the 

customer last ordered 

19 Churn Binary/Targ

et 

Churn label: 0 = 

retained, 1 = churned 

 

B. Data Preprocessing 

The preprocessing stage included handling missing values 

via statistical imputation (mean for numerical, mode for 

categorical), encoding categorical features using label or one-

hot encoding as appropriate, and normalizing continuous 

variables with Min-Max scaling to enhance model 

performance [5], [6], [8], [9], [10]. These steps align with 

preprocessing standards in churn prediction literature, 

particularly for improving classifier convergence and 

interpretability [16], [17], [18], [19]. 



               e-ISSN: 2548-6861  

JAIC Vol. 9, No. 5, October 2025:  2695 – 2702 

2698 

C. Handling Class Imbalance with SMOTE 

Class imbalance is a common issue in churn prediction that 

can lead to biased learning. This study applies SMOTE to 

generate synthetic samples of the minority class, improving 

recall without duplicating records [1], [6], [9]. Prior studies 

have shown that SMOTE, particularly when combined with 

ensemble methods, enhances classification performance [5], 

[16], [17], [18]. 

 

D. Model Development and Training 

Five classification algorithms were selected for 

comparative analysis: Logistic Regression (LR), Random 

Forest (RF), Support Vector Machine (SVM), XGBoost, and 

Gradient Boosting Classifier (GBC). To ensure fair and 

reliable evaluation, all models were trained and tested using 

stratified 10-fold cross-validation, which maintains consistent 

class proportions across folds. This validation approach helps 

reduce bias and variance, making the performance 

comparison across models more robust. The choice of 

algorithms was guided by their demonstrated effectiveness in 

churn prediction: tree-based models such as RF and XGBoost 

have repeatedly shown superior performance, while LR 

remains a dependable baseline [3], [4], [5], [16], [17], [19]. 

 
TABLE 2 

 ALGORITHM 

 

E. Hyperparameter Tuning 

To improve model performance, hyperparameter tuning 

was carried out using Randomized Search Cross-Validation. 

This method efficiently explores a wide range of parameter 

combinations while reducing computation time compared to 

an exhaustive grid search. The tuning process focused on key 

parameters such as the number of estimators, maximum tree 

depth, and learning rate for ensemble models (Random 

Forest, Gradient Boosting, and XGBoost), as well as the 

regularization coefficient (C) and kernel type for SVM. This 

optimization ensured that each classifier was evaluated under 

its best-performing configuration. The tuning process focused 

on model-specific parameters such as the number of 

estimators and tree depth for RF and XGBoost, and the 

regularization coefficient for SVM [4], [5], [8]. This strategy 

is consistent with findings in [4] and [8], which emphasize the 

importance of parameter optimization in enhancing classifier 

performance. 

 

F. Model Interpretation using SHAP 

After training, SHapley Additive exPlanations (SHAP) 

was applied to interpret the model’s predictions. SHAP is a 

model-agnostic method grounded in cooperative game theory, 

assigning each feature a contribution score that explains both 

overall model behavior and individual predictions [2], [6], [7]. 

To visualize these insights, SHAP summary plots were 

generated to highlight the most influential features in the 

dataset, while SHAP force plots were created for selected 

customers to illustrate the reasoning behind their predicted 

churn probabilities. By incorporating SHAP, this study 

addresses the limitations of earlier works that relied solely on 

traditional feature importance measures, as noted in [2] and 

[6]. 

 

G. Model Evaluation and Comparison 

The performance of all models was assessed using multiple 

classification metrics, including Accuracy, Precision, Recall, 

F1-Score, and the Area Under the ROC Curve (AUC). Using 

a combination of these metrics offers a well-rounded view of 

each model’s ability to correctly identify both churn and non-

churn cases, which is particularly important when dealing 

with imbalanced datasets [3], [5], [8]. The results were then 

compared to determine which model achieved the best trade-

off between predictive performance and interpretability. This 

multi-metric evaluation approach is consistent with the 

recommendations in [3] and [9], which caution against relying 

solely on accuracy in churn detection tasks. 

 

H. Data Analysis Techniques 

All modeling, evaluation, and visualization were carried 

out in Python (v3.10) using libraries such as scikit-learn, 

xgboost, imbalanced-learn, and shap. These tools offer the 

flexibility, scalability, and reproducibility required for 

effective churn modeling. The experimental pipeline was 

structured to support both comparative analysis and model 

interpretability, providing an advantage over the traditional 

black-box approaches commonly used in earlier studies [2], 

[4], [6], [10]. 

III. RESULT AND DISCUSSION   

This study assessed the performance of five classification 

models Logistic Regression, Support Vector Machine, 

Random Forest, Gradient Boosting, and XGBoost for 

predicting customer churn using an e-commerce dataset. 

Model evaluation employed Accuracy, Precision, Recall, F1-

Score, and AUC, with stratified 10-fold cross-validation to 

ensure consistent class distribution. SHAP was also applied to 

explain model predictions at both the global and individual 

levels. 

No. Algorithm Description 

1. Logistic Regression  A basic statistical model for 

binary classification, used as a 

baseline. 

2. Random Forest A tree-based ensemble 

algorithm that builds multiple 

decision trees randomly. 

3. XGBoost A fast and accurate boosting 

model, highly effective for 

churn prediction. 

4. Support Vector 

Machine (SVM) 

A margin-based classification 

algorithm that performs well on 

high-dimensional data. 

5. Gradient Boosting A tree-based boosting 

technique that improves 

accuracy by gradually 

minimizing residuals. 
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The overall results are presented in Table 1. XGBoost 

achieved the highest F1-Score and AUC, demonstrating a 

strong balance between precision and recall an especially 

important aspect when working with imbalanced data. 

Random Forest and Gradient Boosting also delivered 

competitive results, while Logistic Regression and SVM 

obtained reasonable accuracy but lower recall. 

 
TABLE 3 

 MODEL PERFORMANCE COMPARISON 

Model Accuracy Precision Recall 
F1-

Score 

ROC-

AUC 

Logistic 

Regression 
0.88 0.82 0.72 0.76 0.886 

Random 

Forest 
0.96 0.97 0.89 0.93 0.999 

XGBoost 0.96 0.95 0.92 0.93 0.999 

SVM 

(Balanced) 
0.90 0.64 0.89 0.74 0.88 

Gradient 

Boost 
0.92 0.87 0.63 0.73 0.91 

 

The overall results are presented in Table 3. XGBoost 

achieved the highest F1-Score and AUC, demonstrating a 

strong balance between precision and recall—an especially 

important aspect when working with imbalanced data. 

Random Forest also performed consistently well with very 

high accuracy and precision, showing its robustness in 

handling nonlinear patterns. Gradient Boosting produced 

good precision but suffered from lower recall, which makes it 

less effective in identifying churners. Logistic Regression, 

while achieving a solid accuracy of 88%, showed relatively 

weak recall, confirming its limitations in handling complex 

churn behavior. Meanwhile, SVM performed reasonably, 

with high recall but low precision, resulting in more false 

positives. This indicates that while SVM can capture many 

churners, it also misclassifies a considerable number of 

retained customers. 

Overall, the comparative analysis shows that ensemble-

based methods (Random Forest and XGBoost) provide the 

best trade-off between accuracy, recall, and interpretability, 

while baseline models such as Logistic Regression still serve 

as useful benchmarks for evaluating more advanced 

approaches. 

Based on the evaluation results, Random Forest and 

XGBoost emerged as the top-performing models for churn 

detection. Logistic Regression achieved 88% accuracy, with 

a precision of 0.82, recall of 0.72, and an F1-score of 0.76—

reflecting solid overall performance but limited sensitivity, 

consistent with earlier findings on linear models [1], [3]. 

Random Forest reached 96% accuracy, 0.97 precision, 0.89 

recall, and an F1-score of 0.93. XGBoost matched this 

accuracy but delivered slightly higher recall (0.92), 

reinforcing its ability to identify churners effectively in 

imbalanced datasets [1], [4], [5], [15], [16]. These results 

align with prior research demonstrating the robustness of 

boosting methods in handling complex churn prediction tasks 

[17]. 

With class weighting and standardization, SVM produced 

a strong recall (0.89) but relatively low precision (0.64), 

leading to more false positives—a pattern also noted in 

previous churn studies [8], [19]. Gradient Boosting recorded 

92% accuracy and high precision (0.87) but weaker recall 

(0.63), which limits its suitability for churn detection. 

Overall, XGBoost provided the best balance between 

precision and recall, echoing earlier studies that emphasize its 

adaptability and high accuracy across various domains [5], 

[9], [17]. Combined with SHAP analysis, the model offers 

actionable insights into critical churn drivers, such as 

declining customer engagement or low satisfaction, enabling 

businesses to design proactive and targeted retention 

strategies [2], [6], [7], [10], [18]. 

 

 
Figure 3. ROC Curve 

 

The ROC Curve analysis further confirms the strength of 

ensemble models in churn classification. Both Random Forest 

and XGBoost achieved AUC scores close to 1.0, indicating 

excellent capability in distinguishing between churn and non-

churn customers [1], [4], [5], [16]. This finding is consistent 

with prior studies that highlight the robustness of ensemble 

methods in handling imbalanced and nonlinear datasets [17]. 

Gradient Boosting and SVM also attained strong AUC values 

(>0.90), though slightly lower than the top-performing 

models. Logistic Regression recorded a lower AUC (~0.88), 

reflecting reduced sensitivity in detecting the minority class—

an observation also reported in earlier churn research [3], [8], 

[19]. Overall, these results underscore the superiority of 

ensemble-based models such as XGBoost and Random 

Forest, which deliver both high accuracy and strong 

generalization for real-world applications [15], [17], [18]. 

Feature importance analysis was conducted using SHAP to 

evaluate the global contribution of each input variable in 

churn prediction. As shown in Figure 4, the SHAP summary 

plot for the XGBoost model identifies Tenure, Complain, and 

CashbackAmount as the most influential features, followed 
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by SatisfactionScore and OrderAmountHikeFromLastYear. 

These results align with prior studies that emphasize the role 

of customer tenure, dissatisfaction signals, and reward 

patterns in churn behavior [16], [18]. Loyalty duration and 

satisfaction level are consistently linked to churn likelihood, 

while complaints and incentive-related features often signal 

disengagement. Such insights support explainable AI 

frameworks that enable actionable, domain-specific retention 

strategies [2], [6], [10], [19]. 

 

 
Figure 4. Figure 4. SHAP Summary Plot for XGBoost (Top 20 Features) 

 

Figure 5 presents a simplified SHAP visualization, 

displaying the top 20 features ranked by contribution weight. 

Tenure and Complain remain the most dominant, reaffirming 

that loyalty duration and negative service experiences are 

strong churn indicators [16], [18]. Other behavioral attributes 

such as NumberOfAddress, CashbackAmount, and 

SatisfactionScore also contribute meaningfully, though with 

lower relative impact. These results suggest that churn is 

influenced by a mix of temporal, behavioral, and experiential 

factors, consistent with recent findings in churn prediction 

research [17], [19]. 

 
Figure 5. Feature Importance 

 

To assess the overall influence of each feature on the 

model’s predictions, a SHAP summary plot was generated, as 

shown in Figure 5. This visualization displays the distribution 

of SHAP values for each feature, indicating both the 

magnitude and the direction of their impact on churn 

outcomes. Each dot represents a single observation, with 

color denoting the original feature value red for high values 

and blue for low values. This enables an intuitive 

interpretation of how a feature’s value influences the 

prediction: whether it increases the likelihood of churn 

(positive SHAP value) or retention (negative SHAP value). 

By combining a global overview with local variability, the 

summary plot supports transparent and interpretable decision-

making. 

 
Figure 6. SHAP Value 

 

The SHAP summary plot (Figure 6) identifies Tenure, 

NumberOfDeviceRegistered, and Complain as the most 

influential features in predicting churn. Longer tenure (red) 

was associated with strongly negative SHAP values, 

indicating a lower churn risk among loyal customers. In 

contrast, frequent complaints contributed positively to churn 

probability, highlighting the impact of negative customer 

experiences [16], [18]. Lower engagement levels—such as 

reduced HourSpendOnApp—were also linked to a higher 

likelihood of churn. In addition, categorical variables like 

PreferredOrderCat and PreferredPaymentMode ranked 

among the top contributors, suggesting that digital 

preferences may shape churn behavior. These findings are 

consistent with prior research that underscores loyalty 

duration, dissatisfaction signals, and behavioral patterns as 

key churn drivers [17], [19]. 

 
Figure 7. SHAP waterfall plot 
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The SHAP analysis not only identified the most influential 

features in predicting churn but also provided insights that can 

be directly translated into managerial strategies. Several 

practical implications are summarized as follows: 

A. Tenure 

Longer customer tenure was associated with lower churn risk. 

This indicates that loyal customers can be retained more 

effectively by implementing loyalty programs, exclusive 

membership benefits, or long-term engagement initiatives. 

 

B. Complain 

A high number of complaints consistently increased churn 

probability. Firms should therefore allocate priority customer 

service or establish specialized support channels to handle 

dissatisfied customers more promptly. 

 

C. CashbackAmount 

Despite receiving substantial cashback, some customers still 

exhibited churn tendencies. This suggests that monetary 

incentives alone are insufficient as retention tools. Companies 

may need to complement cashback strategies with non-

monetary approaches, such as personalized recommendations 

or improved user experience. 

 

D. HourSpendOnApp 

Low engagement levels, such as reduced time spent on the 

application, emerged as early indicators of churn. Targeted re-

engagement strategies, including push notifications, 

personalized offers, and adaptive marketing campaigns, 

should be deployed to address this risk. 

These implications highlight how interpretable machine 

learning results can extend beyond statistical performance to 

generate actionable business knowledge. By integrating 

SHAP-based insights into retention strategies, e-commerce 

platforms can design proactive interventions that directly 

address customer needs and behaviors. 

To interpret an individual churn prediction, a SHAP 

waterfall plot was used to track how each feature shifts the 

model output from the base value (E[f(x)] = –1.925) to the 

final prediction (f(x) = 0.72). The strongest positive 

contributors were PreferredOrderCat (+0.89), 

CashbackAmount (+0.77), and NumberOfAddress (+0.65), 

suggesting that certain purchase patterns and accumulated 

rewards may signal disengagement [16], [17]. 

In contrast, Tenure (–0.55), HourSpendOnApp (–0.38), and 

Gender (–0.36) reduced the likelihood of churn, highlighting 

the protective influence of long-term engagement and active 

app usage. Complain contributed moderately (+0.26), 

indicating that dissatisfaction can play a more nuanced role in 

individual cases. These personalized explanations 

demonstrate how SHAP improves both trust and actionability 

in churn prediction, supporting its use in real-world decision-

making systems [2], [10], [18], [19]. 

In addition to evaluating model performance, this study 

uncovers behavioral patterns that can be translated into 

actionable knowledge. SHAP-based interpretations reveal 

several key insights. For example, longer customer tenure is 

strongly linked to a lower churn risk, while frequent 

complaints and higher cashback usage are associated with an 

increased likelihood of churn. This suggests that dissatisfied 

customers may still leave despite receiving monetary 

incentives. Lower app engagement—such as reduced 

HourSpendOnApp—also emerges as an early indicator of 

disengagement.  

These patterns contribute to knowledge discovery by 

revealing latent relationships between customer behavior and 

churn that might be overlooked in traditional analyses. Such 

insights can inform early-warning systems, customer 

segmentation strategies, and targeted retention campaigns. 

This perspective aligns with previous research emphasizing 

the importance of knowledge discovery in supporting real-

world decision-making beyond achieving high predictive 

accuracy. 

IV. CONCLUSION 

This study demonstrates that ensemble learning models 

particularly XGBoost and Random Forest deliver the most 

reliable and accurate performance in predicting customer 

churn within the e-commerce sector.By integrating SHAP for 

model interpretability, the research not only achieves high 

predictive capability but also provides transparent reasoning 

behind each prediction, addressing a major gap in many 

previous studies. The findings reveal that features related to 

loyalty duration, complaints, cashback, and digital 

engagement are key churn indicators, offering valuable 

insights for targeted retention strategies. The impact of this 

research lies in its practical applicability: businesses can 

adopt the proposed framework to identify high-risk customers 

and implement data-driven interventions, ultimately reducing 

churn rates and improving customer lifetime value. 

Furthermore, these results provide new business knowledge 

on customer behavior that can be utilized to prevent churn 

more effectively, in line with recent studies that integrate 

knowledge discovery frameworks for actionable outcomes. 

Nevertheless, this study has certain limitations. The analysis 

was conducted using a single publicly available dataset, 

which may not fully capture the diversity of customer 

behaviors across different e-commerce platforms. In addition, 

the framework has not yet been evaluated in real-time 

operational settings, which could affect its applicability in 

dynamic business environments. 

Future research should therefore explore the integration of 

churn prediction frameworks with recommendation systems, 

enabling more personalized and adaptive retention strategies. 

Testing the proposed approach on multi-domain or real-time 

datasets is also recommended to enhance the generalizability 

and robustness of the findings, ensuring broader applicability 

across industries. 
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