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ABSTRACT Customer churn prediction is important for e-commerce
companies because identifying customers who are likely to
leave can help companies develop more targeted retention
strategies. This study compares baseline and optimized
XGBoost models for customer churn prediction using
GridSearchCV and Stratified Five-Fold Cross-Validation.
The experiment used an e-commerce churn dataset
containing 5,630 customer records, 18 predictor variables,
and one binary target variable. Data preprocessing
included median imputation, Min-Max scaling for
numerical features, Ordinal Encoding for categorical
features, and removal of the CustomerID identifier. The data
were divided into training and testing sets using an 80.:20
stratified split. For model optimization, preprocessing,
SMOTE, and XGBoost were integrated into a pipeline, with
SMOTE applied only to the training portion of each cross-
validation  fold. GridSearchCV  evaluated 216
hyperparameter combinations, with the best configuration
achieving a mean cross-validation F1-Score of 0.8747 +
0.0155. On the independent test set, the baseline model
achieved 99.11% Accuracy, 97.37% Precision, 97.37%
Recall, 97.37% F1-Score, and 99.92% ROC-AUC, while the
optimized model achieved 98.85% Accuracy, 97.84%
Precision, 95.26% Recall, 96.53% F1-Score, and 99.74%
ROC-AUC. The optimized model slightly improved
Precision but did not outperform the baseline on the other
evaluation — metrics.  These  findings  show  that
hyperparameter optimization does not necessarily improve
overall test-set performance and should therefore be
assessed using an independent test set.

KEYWORDS Customer Churn Prediction, E-Commerce, GridSearchCV,
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INTRODUCTION

The rapid expansion of e-commerce has fundamentally transformed consumer
purchasing behavior, creating increasingly competitive digital marketplaces (N. Chen &
Hu, 2023). In this environment, customer retention has become a critical business objective
because retaining existing customers is considerably more cost-effective than acquiring
new ones (Maan & Maan, 2023). Despite continuous investments in promotional
campaigns and loyalty programs, many e-commerce companies continue to experience
customer churn, resulting in revenue loss, increased marketing expenditure, and reduced
long-term profitability (Azhar et al., 2025; Maan & Maan, 2023). Consequently, accurately
identifying customers who are likely to discontinue using an e-commerce platform has
become an essential component of customer relationship management and data-driven
business decision making (Rahman & Khan, 2023).

Recent advances in machine learning have significantly improved the capability of
predictive analytics for customer churn prediction (Manzoor et al., 2024; Mouli et al.,
2024). Traditional statistical models are often limited in capturing complex nonlinear
relationships among demographic, behavioral, and transactional customer attributes. In
contrast, machine learning algorithms are capable of automatically learning hidden patterns
from historical data, resulting in more accurate and robust customer churn prediction
models (Imani et al., 2025). Consequently, various supervised learning algorithms,
including logistic regression, decision tree, random forest, support vector machine,
artificial neural networks, and extreme gradient boosting (XGBoost), have been widely
adopted for customer churn prediction in various business domains (Liang, 2023; Manzoor
et al., 2024).

Among these algorithms, XGBoost has attracted considerable attention because of its
high predictive accuracy, computational efficiency, and robustness against overfitting
through regularization mechanisms (T. Chen & Guestrin, 2016). The gradient boosting
framework enables XGBoost to iteratively construct decision trees that correct errors
produced by previous trees, allowing the model to effectively capture complex nonlinear
interactions among customer attributes(Gunasekara et al., 2024; Ouf et al., 2024).
Furthermore, XGBoost can naturally accommodate heterogeneous feature types and has
demonstrated superior predictive performance in numerous classification problems
involving structured tabular datasets (Brito et al., 2024; Gala et al., 2024). Therefore,
XGBoost was selected as the classification algorithm in this study because its predictive
capability, computational efficiency, and robustness make it well suited for customer churn
prediction using structured e-commerce data (Andespa et al., 2025; Brito et al., 2024)
Despite the widespread adoption of XGBoost and hyperparameter optimization techniques
in customer churn prediction, empirical evidence regarding whether hyperparameter
optimization consistently provides meaningful improvements over the default XGBoost
configuration remains limited (Ouf et al., 2024).

Although XGBoost consistently achieves competitive predictive performance, its
effectiveness largely depends on the selection of appropriate hyperparameter values (Imani
et al., 2025). Hyperparameters such as learning rate, tree depth, number of estimators,
subsampling ratio, and column sampling ratio directly influence model complexity,
learning capability, and generalization performance (Fazli & Mohammadi, 2026; Peng et
al., 2023). Previous studies have shown that hyperparameter optimization techniques,
including GridSearchCV, Random Search, and Bayesian Optimization, may improve
classification accuracy. However, the reported improvements are often inconsistent across
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datasets, and relatively few studies have explicitly compared baseline and optimized
XGBoost models under identical experimental settings using multiple evaluation metrics.
Consequently, the actual contribution of hyperparameter optimization to customer churn
prediction remains insufficiently understood (Hakyemez & Adar, 2024; Ouf et al., 2024).

To address these limitations, this study develops a customer churn prediction model
based on XGBoost and investigates the effectiveness of hyperparameter optimization using
GridSearchCV combined with Stratified Five-Fold Cross Validation. Unlike previous
studies that primarily emphasize optimized model performance, this research performs a
comprehensive comparison between the baseline XGBoost model and the optimized model
using multiple evaluation metrics, including Accuracy, Precision, Recall, F1-Score, ROC-
AUC, and Confusion Matrix. This comparative evaluation provides a more objective
assessment of whether hyperparameter optimization offers meaningful predictive
improvements over the default XGBoost configuration.

The objective of this study is to evaluate the predictive performance of baseline and
optimized XGBoost models for customer churn prediction using an e-commerce dataset.
Furthermore, this study aims to examine the effect of hyperparameter optimization on
predictive performance. Additionally, this study provides empirical evidence on the
performance differences between baseline and GridSearchCV -optimized X GBoost models.

RESEARCH METHOD
This study employed a quantitative experimental approach to develop and evaluate an
XGBoost based customer churn prediction model for e-commerce. The overall research
workflow is presented in Figure 1.
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Figure 1. Research Workflow

Figure 1 illustrates the research workflow used in this study. The process begins with
the E-Commerce Customer Churn Dataset obtained from Kaggle. The dataset was
examined to understand its structure, feature characteristics, missing values, and class
distribution.

The next stage is data preprocessing, which includes identifying numerical and
categorical features, handling missing values, applying Min-Max scaling to numerical
features, and applying Ordinal Encoding to categorical features. The CustomerID attribute
was removed because it functions only as a customer identifier and does not provide
predictive information. The data were then divided into training and testing sets using an
80:20 stratified split with a random state of 42. During model training, the preprocessing
transformations were fitted using the training data, while the testing set was kept separate
and used only for final model evaluation.

A Dbaseline XGBoost model was then developed as a reference model without
hyperparameter optimization. The optimized model was developed using GridSearchCV
with Stratified Five-Fold Cross-Validation. The modeling pipeline integrated
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preprocessing, SMOTE, and XGBoost, with SMOTE applied only to the training portion
of each cross-validation fold while the validation fold remained unchanged. This procedure
was used to reduce the risk of data leakage. GridSearchCV evaluated 216 hyperparameter
combinations through five-fold cross-validation, resulting in 1,080 model fits. The
configuration with the highest mean F1-Score was selected as the final optimized model.

Finally, the baseline and optimized XGBoost models were evaluated using the
independent test set based on Accuracy, Precision, Recall, F1-Score, ROC-AUC, and
Confusion Matrix. The performance of both models was then compared to assess the effect
of hyperparameter optimization on customer churn prediction.

RESULT AND DISCUSSION

3.1. Dataset Description

The experiments were conducted using the E-Commerce Customer Churn Dataset
obtained from Kaggle. The dataset contains 5,630 customer records and 20 attributes,
including one customer identifier (CustomerID) and one binary target variable (Churn).
Since CustomerID serves only as a unique identifier and does not provide predictive
information, it was removed during data preprocessing. After removing this identifier, the
dataset contained 18 predictor variables and one binary target variable representing
customer churn. The predictor variables represent customer characteristics, purchasing
behavior, service usage, and transaction-related information. These variables were used as
input features to develop a supervised machine learning model for customer churn
prediction.

Table 1. Dataset Characteristics

Characteristic Description
Dataset Source Kaggle — E-Commerce Customer Churn Dataset
Number of Records 5.630
Initial Attributes 20
Identifier CustomerID
Predictor Variables 18
Target Variable Churn
Target Classes Non-Churn (0), Churn (1)

3.2.Exploratory Data Analysis

Exploratory Data Analysis (EDA) was conducted to examine the characteristics of the
dataset before model development. The analysis focused on the target class distribution,
missing values, and general feature characteristics to understand the data before
preprocessing.
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Figure 2. Distribution of Customer Churn Classes

As shown in Figure 2, the dataset consists of 4,682 non-churn customers (83.16%) and
948 churn customers (16.84%). The distribution indicates an imbalanced target variable,
with the non-churn class considerably larger than the churn class. To address this
imbalance, SMOTE was incorporated into the modeling pipeline during the training and
cross-validation process, as described in the research methodology.

Table 2. Customer Churn Distribution

Class Number of Records Percentage
Non-Churn 4.682 83.16%
Churn 948 16.84%

Besides the class distribution, several predictor variables contain missing values, as
summarized in Table 3. These missing values were handled during the preprocessing stage
using appropriate imputation methods based on the feature type.

Table 3. Missing Values

Feature Missing Values
DaySinceLastOrder 307
OrderAmountHikeFromlastY ear 265
Tenure 264
OrderCount 258
CouponUsed 256
HourSpendOnApp 255
WarehouseToHome 251

3.3 Data Preprocessing

Data preprocessing was performed to prepare the dataset for machine learning
modeling. The preprocessing procedures included handling missing values, transforming
numerical and categorical features, and removing the CustomerID attribute. For numerical
features, missing values were handled using median imputation, followed by Min-Max
scaling. For categorical features, missing values were handled before applying Ordinal
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Encoding. The CustomerID attribute was removed because it functions only as a customer
identifier and does not provide predictive information.

The preprocessing transformations were implemented using a ColumnTransformer
and were fitted using the training data during model development. After removing
CustomerID, the dataset contained 18 predictor variables and one binary target variable
(Churn). For the optimized model, SMOTE was integrated into the GridSearchCV pipeline
and applied only to the training portion of each cross-validation fold, while the validation
and testing data remained unchanged.preprocessing was performed to prepare the dataset
for machine learning modeling. The preprocessing included handling missing values,
transforming numerical and categorical features, and removing the CustomerID attribute.
These steps were carried out to make the data suitable for the XGBoost classification
model.

Table 4. Data Preprocessing Procedures

Step Description
Numerical Missing Values Median Imputation
Categorical Missing Values Imputation
Numerical Features Min-Max Scaling
Categorical Features Ordinal Encoding
Identifier Removal Remove CustomerID
Predictor Variables 18 Features
Target Variable Churn

3.4 Train-Test Split

After the predictor and target variables were defined, the dataset was divided into
training and testing sets using an 80:20 ratio. Stratified sampling was applied to preserve
the original proportion of churn and non-churn customers. As a result, 4,504 records were
assigned to the training set and 1,126 records to the testing set. The testing set was kept
separate and used only for final model evaluation.

Table 5. Training and Testing Dataset Partition

Dataset Records Percentage
Training Set 4,504 80%
Testing Set 1,126 20%
Total 5,630 100%

The training set was used for model development, including baseline modeling and
hyperparameter optimization. The testing set was kept separate and was used only for the
final evaluation of the baseline and optimized XGBoost models.

3.5 Baseline XGBoost Model

A baseline XGBoost classifier was developed as a reference model for evaluating the
effect of hyperparameter optimization. The baseline model used the XGBoost classifier
with default hyperparameter settings and a random state of 42. The model used the same
preprocessing and class-balancing procedures as the optimized model to ensure a fair
comparison. The testing set was kept separate and used only for final evaluation.
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The baseline model was evaluated using the testing set. Its performance was then
compared with the optimized XGBoost model to assess whether hyperparameter
optimization improved the prediction of customer churn.

Table 6. Baseline XGBoost Configuration

Parameter Value
Algorithm XGBoost Classifier
Objective Function binary:logistic
Evaluation Metric logloss
Random State 42
Hyperparameters Default

The baseline model was evaluated using the testing set, and its results were
used as the benchmark for comparison with the optimized XGBoost model.

3.6 Hyperparameter Optimization

Hyperparameter optimization was performed using GridSearchCV combined with
Stratified Five-Fold Cross-Validation to identify an effective configuration of the XGBoost
classifier. The optimization was implemented using a machine learning pipeline integrating
preprocessing, SMOTE, and XGBoost. During each cross-validation iteration,
preprocessing transformations and SMOTE were applied only to the training portion of the
corresponding fold, while the validation portion remained unchanged. This procedure was
used to reduce the risk of data leakage and ensure a consistent evaluation of each
hyperparameter configuration.

Six XGBoost hyperparameters were optimized: n_estimators, learning_ rate,
max_depth, min_child weight, subsample, and colsample bytree. The search space
consisted of 216 possible hyperparameter combinations. Each combination was evaluated
using Stratified Five-Fold Cross-Validation, resulting in a total of 1,080 model fits. F1-
Score was selected as the optimization criterion because the dataset has an imbalanced class
distribution, making a balance between Precision and Recall important for churn detection.
The hyperparameter search space is presented in Table 7.

Table 7. Hyperparameter Search Space
Hyperparameter Candidate Values

n_estimators 100, 200, 300
learning_rate 0.05,0.1,0.2
max_depth 4,6,8
min_child weight 1,3
subsample 0.8, 1.0

colsample bytree 0.8, 1.0

GridSearchCV identified the hyperparameter configuration that obtained the highest
mean F1-Score across the five validation folds. The selected configuration was
subsequently used to construct the optimized XGBoost model. The selected
hyperparameter values are presented Table 8.

Table 8. Best Hyperparameter Configuration
Hyperparameter Best Value

n_estimators 300
learning_rate 0.2
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max_depth 8
min_child weight 1
subsample 1.0
colsample bytree 0.8

The selected configuration achieved a mean F1-Score of 0.8747 with a standard
deviation of 0.0155 across the five folds.

3.7. Model Evaluation and Comparison

The baseline and optimized XGBoost models were evaluated using the independent
testing dataset containing 1,126 observations. The evaluation used Accuracy, Precision,
Recall, F1-Score, and ROC-AUC. Confusion matrices were also generated to provide a
detailed comparison between the predicted and actual churn classes. Table 9 presents the
performance comparison between the baseline and optimized XGBoost models.

Table 9. Performance Comparison between Baseline and Optimized XGBoost Models

Baseline Optimized
XGBoost XGBoost
Accuracy 99.11% 98.85%

Metric

Precision 97.37% 97.84%
Recall 97.37% 95.26%
F1-Score 97.37% 96.53%

ROC-AUC 99.92% 99.74%

As shown in Table 9, both models achieved high predictive performance on the
independent testing dataset, with Accuracy above 98% and ROC-AUC above 99%. The
optimized XGBoost model improved Precision from 97.37% to 97.84%. However,
Accuracy, Recall, and ROC-AUC decreased slightly, while the F1-Score decreased from
97.37% to 96.53%. These results indicate that hyperparameter optimization improved

Precision but did not lead to improvements across all evaluation metrics.
Baseline XGBoost Optimized XGBoost
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Figure 3. Confusion Matrix Comparison between Baseline and Optimized XGBoost Models

Figure 3 shows the confusion matrices of the baseline and optimized XGBoost models. The
baseline model produced 931 true negatives (TN), 5 false positives (FP), 5 false negatives (FN), and
185 true positives (TP). In comparison, the optimized model produced 932 TN, 4 FP, 9 FN, and 181
TP. The optimized model correctly classified one additional non-churn customer and produced one
fewer false positive. However, the number of false negatives increased from 5 to 9, while the number
of correctly identified churn customers decreased from 185 to 181.
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The increase in false negatives indicates that the optimized model missed more customers who
actually churned. This is important in churn prediction because false negatives represent churn
customers who are not identified by the model and may therefore be missed by retention efforts.
Under the experimental setting used in this study, the optimized model improved Precision slightly
but did not improve the identification of churn customers compared with the baseline model.

3.8. Discussion

The results show that both baseline and optimized XGBoost models achieved high
performance for e-commerce customer churn prediction. The baseline model achieved
99.11% Accuracy, 97.37% Precision, 97.37% Recall, 97.37% F1-Score, and 99.92% ROC-
AUC. Meanwhile, the optimized model achieved 98.85% Accuracy, 97.84% Precision,
95.26% Recall, 96.53% F1-Score, and 99.74% ROC-AUC. The optimized model provided
a small improvement in Precision, increasing from 97.37% to 97.84%. However, Accuracy,
Recall, F1-Score, and ROC-AUC were slightly lower than those of the baseline model. The
confusion matrix also shows that false negatives increased from 5 to 9 after optimization,
while false positives decreased from 5 to 4. This indicates that the optimized model
produced fewer false-positive predictions but missed more customers who actually
churned.

The optimized model was selected through GridSearchCV using Stratified Five-Fold
Cross-Validation. A total of 216 hyperparameter combinations were evaluated, resulting in
1,080 model fits. The selected configuration achieved a mean F1-Score of 0.8747 with a
standard deviation of 0.0155 across the five folds. However, the final test results show that
the optimized configuration did not improve overall performance compared with the
baseline model. From a practical perspective, both models can support e-commerce
companies in identifying customers who may churn. However, the optimized model should
not automatically be considered better than the baseline. Model selection should also
consider the business objective, particularly the importance of identifying churn customers,
customer value, and the cost of retention activities.

CONCLUSION

This study evaluated baseline and optimized XGBoost models for e-commerce
customer churn prediction using GridSearchCV and Stratified Five-Fold Cross-Validation.
Both models achieved high predictive performance on the independent testing set. The
baseline model achieved 99.11% Accuracy, 97.37% Precision, 97.37% Recall, 97.37% F1-
Score, and 99.92% ROC-AUC, while the optimized model achieved 98.85% Accuracy,
97.84% Precision, 95.26% Recall, 96.53% F1-Score, and 99.74% ROC-AUC. The
optimized model improved Precision slightly and reduced false positives from 5 to 4, but
false negatives increased from 5 to 9.

These findings indicate that, under the experimental setting of this study,
GridSearchCV-based hyperparameter optimization did not improve all evaluation metrics
compared with the baseline model. Nevertheless, both models demonstrated strong
performance for identifying potential churn customers. The XGBoost model can be used
as a decision-support component to help e-commerce companies identify customers at risk
of churn and support targeted retention strategies. Future research can incorporate
explainable artificial intelligence methods and evaluate model performance using real-
world customer retention outcomes.
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