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 Customer churn is a condition in which customers stop using 

telecommunications services, potentially reducing revenue and customer 

loyalty while increasing customer acquisition costs. This study implements 

XGBoost with Synthetic Minority Over-sampling Technique (SMOTE) to 

address class imbalance and Shapley Additive exPlanations (SHAP) to 

interpret the factors contributing to churn predictions. The dataset used is the 

Telecom Customer Churn dataset from Maven Analytics, consisting of 7,043 

customer records, with 6,589 records used after excluding customers with 

Joined status. The optimized XGBoost model achieved a Recall of 77.72%, 

an F1-score of 77.93%, and a ROC-AUC of 93.73%. SHAP analysis identified 

the factors contributing to customer churn predictions, while validation using 

Churn Category and Churn Reason showed that Competitor, Price, and 

Dissatisfaction accounted for 73.46% of churned customers. The most 

frequent churn reasons were Competitor had better devices (313 customers), 

Competitor made better offer (311 customers), and Attitude of support person 

(220 customers). The results provide analytical support for identifying 

customers likely to churn and understanding factors associated with churn 

predictions. 
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1. INTRODUCTION 

Customer retention is an important factor in maintaining business sustainability [1]. Increasing 

business competition has made customer loyalty more difficult to maintain, as customers have more 

alternatives and can switch to other services more easily [2]. Changes in customer preferences, service 

expectations, and competitive offers can further increase the possibility of customers discontinuing their 

current services [3]. The ability to identify customers who may discontinue their services is therefore important 

for businesses that seek to maintain their existing customer base [4]. 

This condition, known as customer churn, can negatively affect business revenue and increase 

customer acquisition costs because acquiring new customers generally requires greater resources than retaining 

existing customers [5]. Customer churn also represents the loss of customers who have already established 

relationships with a service provider [6]. Early identification of customers with a higher likelihood of churn 

can provide businesses with information for developing appropriate customer retention strategies [7]. Historical 

customer data can be utilized to identify patterns related to customer behavior, service usage, and customer 

characteristics that may be associated with churn [8]. 

The telecommunications industry is particularly exposed to customer churn due to intense 

competition, similar service offerings, and a relatively saturated market [9]. Customers can compare service 
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packages, prices, network services, and additional benefits offered by different providers [10]. The annual 

customer churn rate in the telecommunications sector has been reported to range from 20% to 40% [11]. The 

relatively high churn rate indicates the importance of identifying potential churn customers as part of customer 

retention efforts [12]. These conditions have encouraged the use of machine learning to identify customers who 

are likely to churn based on historical customer data [13]. Machine learning models can process multiple 

customer attributes simultaneously and identify patterns that may not be easily recognized through 

conventional analysis [14]. 

Customer churn datasets commonly have imbalanced class distributions, with fewer churned 

customers than retained customers [15]. Such imbalance can limit a classification model's ability to identify 

the minority class effectively [16]. A model trained on an imbalanced dataset may tend to favor the majority 

class because it has a larger number of observations [17]. This condition is particularly relevant in churn 

prediction because correctly identifying churned customers is important for providing information about 

customers who may require further attention [18]. Synthetic Minority Over-sampling Technique (SMOTE) can 

be applied to address class imbalance by generating synthetic observations for the minority class within the 

training data [19]. 

XGBoost is a machine learning algorithm that can be used for classification tasks involving structured 

customer data [20]. Its boosting-based approach enables the model to combine multiple decision trees to 

improve predictive performance [21]. Model performance can also be affected by the selection of 

hyperparameters, making hyperparameter optimization an important part of model development [22]. 

Combining SMOTE with XGBoost and optimizing the model parameters can therefore provide an approach 

for handling class imbalance while improving the model's ability to identify churned customers [23]. 

Evaluation using metrics such as Accuracy, Precision, Recall, F1-score, and ROC-AUC provides a more 

comprehensive assessment of model performance, particularly when the target classes are imbalanced [24]. 

Validation using actual churn categories and reasons can provide additional information about 

whether the factors identified by the model correspond to the recorded conditions of churned customers [13]. 
Such validation does not imply a direct causal relationship between the identified features and customer churn, 

but provides contextual information for interpreting the model predictions. This study therefore develops a 

customer churn prediction model using XGBoost with SMOTE and hyperparameter optimization, while SHAP 

is applied to interpret the model predictions. The identified factors are further compared with the available 

Churn Category and Churn Reason information to provide additional context regarding the factors associated 

with customer churn [25]. 

This study develops a customer churn prediction model for telecommunications customers using 

XGBoost with Synthetic Minority Over-sampling Technique (SMOTE) to address class imbalance. SHAP is 

applied to interpret the model predictions and identify features associated with customer churn. The resulting 

explanations are further compared with the Churn Category and Churn Reason attributes in the Maven 

Analytics Telecom Customer Churn dataset. This approach combines predictive modeling with model 

interpretation and validation using recorded churn information. 

The study contributes an evaluation of customer churn prediction using an imbalanced 

telecommunications dataset and provides an interpretation of the resulting model predictions using SHAP. The 

comparison with Churn Category and Churn Reason provides an additional validation perspective for 

examining the factors associated with customer churn. The results are intended to provide analytical 

information for identifying customers who are likely to churn and understanding factors associated with the 

model predictions. 

 

2. METHOD 

The research was conducted through several stages, including dataset acquisition, data preprocessing, 

train-test splitting, baseline model development, class imbalance handling using SMOTE, XGBoost modeling, 

hyperparameter tuning, model evaluation, and SHAP-based interpretation. The overall research procedure is 

presented in Figure 1. 
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Figure 1. Research Flowchart 

 

2.1.  Dataset 

The dataset used in this study is the Telecom Customer Churn dataset developed by Maven Analytics 

and available through Kaggle. The dataset contains 7,043 customer records with 38 attributes covering 

demographic information, services, contracts, and customer status. Customer Status was used as the target 

variable with two classes, Stayed and Churned. Records with Joined status were excluded because these 

customers did not have sufficient service history to be categorized as retained or churned customers. 

The Churn Category and Churn Reason attributes were not used as model features because they were 

reserved for validating the model interpretation results. After target selection, 6,589 records were used for 

modeling, consisting of 4,720 Stayed customers and 1,869 Churned customers. 

 

2.2.  Data Preprocessing 

Data preprocessing was performed to prepare the dataset for modeling. The process included checking 

duplicate records and missing values, removing unused attributes, and applying One-Hot Encoding to 

categorical attributes. Attributes such as Customer ID, City, Zip Code, Latitude, and Longitude were excluded 

because they were not required for classification. Customer Status was also removed from the feature set after 

being used to determine the target variable. Meanwhile, Churn Category and Churn Reason were retained for 

validating the model interpretation results. 

 

2.3.  Train-Test Split 

Stratified sampling was used to divide the dataset into training and testing sets while maintaining the 

class distribution. Four split ratios were evaluated: 70:30, 75:25, 80:20, and 90:10. Each split was tested using 

the initial XGBoost model without SMOTE or hyperparameter optimization. 

The 70:30 split was selected for subsequent modeling based on the comparative evaluation results. 
This configuration produced 4,612 training records and 1,977 testing records. The larger testing set also 

provided more observations for evaluating the model compared with the 90:10 split, which contained 659 

testing records. 

 

2.4.  XGBoost and SMOTE 

XGBoost was used as the classification algorithm to predict whether a customer belonged to the 

Stayed or Churned class. A baseline XGBoost model was first developed using the selected 70:30 split before 

applying SMOTE and hyperparameter optimization. The baseline model served as a reference for evaluating 

subsequent improvements. 

SMOTE was then applied to the training data to address class imbalance. The technique generates 

synthetic observations for the minority class based on existing minority-class samples. SMOTE was applied 

only to the training data, while the testing data was kept unchanged to provide an evaluation using unseen data. 

 

2.5.  Hyperparameter Optimization 

Hyperparameter optimization was conducted using Randomized Search followed by Grid Search. 

Both methods used 5-fold cross-validation, with Recall as the optimization metric because the study focused 

on identifying customers belonging to the churn class. 

The selected XGBoost configuration consisted of subsample = 0.8, n_estimators = 200, max_depth = 

4, learning_rate = 0.05, and colsample_bytree = 0.8. SMOTE and XGBoost were incorporated into the 
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modeling pipeline to ensure that oversampling was performed only on the training portion of each cross-

validation fold. 

 

2.6.  Model Evaluation 

The final model was evaluated using the testing data that was not used during model training or 

hyperparameter optimization. Five evaluation metrics were used: Accuracy, Precision, Recall, F1-score, and 

Receiver Operating Characteristic-Area Under the Curve (ROC-AUC). 

Accuracy measures the proportion of correctly classified observations. Precision measures the 

proportion of predicted churn customers that were actually churned. Recall measures the proportion of actual 

churn customers correctly identified by the model. F1-score combines Precision and Recall into a single 

measure, while ROC-AUC evaluates the model's ability to distinguish between the Stayed and Churned classes. 

 

2.7.  XAI and SHAP 

SHAP was used to interpret the predictions generated by the optimized XGBoost model. The method 

quantifies the contribution of each feature to individual predictions and provides an overall view of feature 

importance. 

Three SHAP visualizations were used: Feature Importance, Summary Plot, and Waterfall Plot. The 

Feature Importance and Summary Plot were used to examine the overall contribution of features, while the 

Waterfall Plot was used to explain the contribution of individual features to a specific customer prediction. 

The important features identified through SHAP were compared with the Churn Category and Churn 

Reason attributes. These attributes were not used during model training and were only used as supporting 

information to examine the consistency between the model explanations and the recorded churn information. 

 

3. RESULTS AND DISCUSSION 

This section presents the results of the customer churn prediction model and discusses its performance 
and interpretation. The evaluation covers data preprocessing, train-test split selection, XGBoost modeling, 

SMOTE application, hyperparameter optimization, and model evaluation using Accuracy, Precision, Recall, 

F1-score, and ROC-AUC. SHAP is also used to interpret the factors contributing to the model predictions and 

to compare the identified factors with the available Churn Category and Churn Reason information. 

 

3.1.  Dataset and Data Preprocessing Results 

The initial dataset contained 7,043 customer records with 38 attributes. After excluding customers 

with Joined status, 6,589 records remained for the classification process. The resulting dataset consisted of 

4,720 Stayed customers (71.67%) and 1,869 Churned customers (28.33%). The difference in class proportions 

indicates an imbalance between the two target classes. 

 
Figure 2. Trainin Data Before SMOTE 

 
Figure 3. Trainin Data After SMOTE 
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3.2.  Train-Test Split Selection 

Four train-test split ratios were evaluated using the initial XGBoost model without SMOTE or 

hyperparameter optimization. The evaluation results are presented in Table 1. 

 

Table 1. Comparison of Train-Test Split Ratios 

Split Ratio 
Training 

Data 

Testing 

Data 
Accuracy Precision Recall F1- score ROC-AUC 

70:30 4.612 1.977 85,84% 78,50% 68,98% 73,43% 92,51% 

75:25 4.941 1.648 85,44% 77,09% 69,16% 72,91% 91,92% 

80:20 5.271 1.318 85,96% 81,19% 65,78% 72,67% 91,72% 
90:10 5.930 659 85,89% 79,75% — 73,04% 91,28% 

 

The 70:30 split produced the highest F1-score and ROC-AUC among the evaluated configurations. 

This ratio also provided 1,977 testing observations, compared with only 659 observations in the 90:10 

configuration. Based on these results, the 70:30 split was used for the subsequent modeling process, resulting 

in 4,612 training records and 1,977 testing records. 

 

3.3.  XGBoost Model Performance 

The baseline XGBoost model was developed using the selected 70:30 split without applying SMOTE 

or hyperparameter optimization. The model was trained using 4,612 records and evaluated using 1,977 testing 

records. The baseline model achieved an Accuracy of 85.84%, Precision of 78.50%, Recall of 68.98%, F1-

score of 73.43%, and ROC-AUC of 92.51%. 

 
Figure 4. Confusion matrix Model XGBoost Baseline 

 
Figure 5. Confusion matrix Baseline After Smote 

Figure 5 shows the prediction results of the XGBoost model after applying SMOTE. Predictions for 

the “Stayed” class are mostly correct, while for the “Churned” class, there are still some data points predicted 

as “Stayed.” These results were used to calculate Accuracy, Precision, Recall, F1-score, and ROC-AUC. 

 
Figure 6. Comparison of Model Performance 

 

3.4.  Hyperparameter Optimization 

Hyperparameter optimization was performed after applying SMOTE using Randomized Search and 

Grid Search with 5-fold cross-validation. Recall was used as the search metric to emphasize the identification 
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of Churned customers. Randomized Search evaluated 20 randomly selected parameter combinations and 

obtained a cross-validation Recall of 78.13%, while Grid Search obtained 77.29%. 

 

Table 2. Hyperparameter Search Results 
Hyperparameter Grid Search Randomized Search 

n_estimators 400, 600 200, 400, 600 

max_depth 4, 6 3, 4, 5, 6 

learning_rate 0,05; 0,1 0,03; 0,05; 0,1; 0,2 

subsample Default (1,0) 0,8; 1,0 
colsample_bytree Default (1,0) 0,8; 1,0 

 

The configuration selected through Randomized Search consisted of n_estimators = 400, max_depth 

= 4, learning_rate = 0.03, subsample = 1.0, and colsample_bytree = 0.8. 

 

Table 3. Selected XGBoost Hyperparameters 
Metode Recall Rata-rata 5-Fold CV 

Grid Search 77,29% 

Randomized Search 78,13% 

 

3.5.  Final Model Evaluation 

The optimized XGBoost model was evaluated using the same 1,977 testing records. The model 

achieved an Accuracy of 87.51%, Precision of 78.14%, Recall of 77.72%, F1-score of 77.93%, and ROC-AUC 

of 93.73%. The confusion matrix consisted of 1,294 true negatives, 122 false positives, 125 false negatives, 

and 436 true positives. 

 
Figure 7. Confusion Matrix of the Optimized XGBoost Model 

Compared with the baseline model, the optimized model increased Accuracy from 85.84% to 87.51%, 

Recall from 68.98% to 77.72%, F1-score from 73.43% to 77.93%, and ROC-AUC from 92.51% to 93.73%. 

Precision changed from 78.50% to 78.14%. The results show an improvement in the model's ability 

to identify Churned customers while maintaining a similar Precision value. 

 

Table 4. Performance Comparison of XGBoost Models 
Metrik XGBoost Baseline XGBoost After SMOTE XGBoost Optimasi 

Accuracy 85,84% 86,44% 87,51% 
Precision 78,50% 77,69% 78,14% 

Recall 68,98% 73,26% 77,72% 

F1-score 73,43% 75,41% 77,93% 

ROC-AUC 92,51% 92,41% 93,73% 

 

The ROC curve of the optimized model produced an area under the curve of 93.73%, indicating its 

discrimination performance between the Stayed and Churned classes. 

 
Figure 8. ROC Curve of the Optimized XGBoost Model 
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3.6.  SHAP Interpretation 

SHAP was used to interpret the contribution of features to the XGBoost predictions. The SHAP 

Feature Importance and Summary Plot identified Contract_Month-to-Month, Tenure in Months, Number of 

Referrals, Number of Dependents, and Monthly Charge as the five features with the highest contributions. 

 
Figure 9. SHAP Feature Importance 

The Summary Plot provides information about the direction of each feature's contribution. Higher 

values of Contract_Month-to-Month tended to contribute toward Churned predictions. Lower Tenure in 

Months values tended to contribute toward Churned predictions, while higher tenure values tended toward 

Stayed predictions. Higher Number of Referrals generally contributed toward Stayed predictions, whereas 

lower values contributed toward Churned predictions. Number of Dependents showed a similar pattern, with 

higher values tending toward Stayed predictions. Higher Monthly Charge tended to contribute toward Churned 

predictions. 

 
Figure 10. SHAP Summary Plot 

The SHAP Waterfall Plot was used to illustrate the contribution of individual features for a single 

prediction. The example showed contributions from Contract_Month-to-Month, Number of Dependents, 

Number of Referrals, Monthly Charge, Tenure in Months, and several service-related features. The combined 

contributions in the example moved the prediction toward the Stayed class. 

 
Figure 11. SHAP Waterfall Plot 
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3.7.  Churn Category and Churn Reason Validation 

The SHAP interpretation was examined further using Churn Category and Churn Reason, which were 

not used as model features. Among the 1,869 Churned customers, Competitor was the largest Churn Category 

with 841 customers (45.00%), followed by Dissatisfaction with 321 customers (17.17%), Attitude with 314 

customers (16.80%), Price with 211 customers (11.29%), and Other with 182 customers (9.74%). Competitor, 

Price, and Dissatisfaction together accounted for 1,373 customers or 73.46% of the Churned records. 

 
Figure 12. Churn Category Distribution 

The Churn Reason results showed that Competitor had better devices was recorded for 313 customers, 

followed by Competitor made better offer for 311 customers and Attitude of support person for 220 customers. 

These results provide additional context for the SHAP interpretation by showing the recorded churn reasons 

associated with the customers classified as Churned. 

 
Figure 13. Top Churn Reasons 

 

4. CONCLUSION 

This study developed a customer churn prediction model for telecommunications customers using 

XGBoost with SMOTE and hyperparameter optimization, along with SHAP for model interpretation. The 

optimized model achieved an Accuracy of 87.51%, Precision of 78.14%, Recall of 77.72%, F1-score of 

77.93%, and ROC-AUC of 93.73%. Compared with the baseline XGBoost model, the optimized model 

improved Recall from 68.98% to 77.72%, F1-score from 73.43% to 77.93%, and ROC-AUC from 92.51% to 

93.73%. 

SHAP identified Contract_Month-to-Month, Tenure in Months, Number of Referrals, Number of 

Dependents, and Monthly Charge as the features with the highest contributions to the model predictions. The 

validation results showed that Competitor, Price, and Dissatisfaction accounted for 73.46% of Churned 

customers. These results provide analytical support for identifying customers associated with churn predictions 

and understanding the factors contributing to the model's predictions. Further research can explore other 

datasets, additional optimization techniques, and alternative explainable artificial intelligence methods to 

evaluate the consistency of the model and its interpretation across different customer populations. 
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