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Abstract

Customer churn is a critical challenge for digital platforms operating in highly competitive
markets such as e-commerce. This study aims to develop a machine learning-based predictive
model to identify Shopee customers in Indonesia who are at high risk of churn, using behavioral
and transactional data. A supervised learning approach was employed using multiple algorithms,
including Logistic Regression, Decision Trees, Random Forests, and XGBoost. The dataset
consisted of user activities, including transaction frequency, recency, voucher usage, application
session count, and interaction with promotional features. Data imbalance was addressed using
the SMOTE technique to improve classification stability. Results showed that XGBoost achieved
the best performance across all evaluation metrics, with an AUC of 0.948, indicating strong
discriminative ability. Feature importance analysis revealed that recency, transaction frequency,
voucher usage rate, and app session frequency were the most influential predictors of churn.
These variables indicate declining engagement and reduced responsiveness to promotional
incentives, which are key behavioral signals of churn. The study contributes to both academic
literature and practical applications by demonstrating how behavioral analytics and machine
learning can support early churn detection and inform targeted retention strategies.
Implementing such predictive systems can help e-commerce platforms optimize customer
lifetime value and reduce revenue loss.
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INTRODUCTION

The growth of the digital economy in Southeast Asia in the past decade has shown
very significant dynamics, especially in the e-commerce sector. Indonesia, the region's
largest market, recorded steady increases in e-commerce penetration driven by changes
in consumer behavior, the digitization of MSMEs, and greater internet and mobile device
access. A report by Google, Lim, (2022) shows that the value of Indonesia's digital
economy is projected to reach USD 82 billion by 2025, with e-commerce contributing
more than 60% of the total value. In this ecosystem, Shopee occupies a dominant position
as the most widely used e-commerce platform in Indonesia, mainly due to its aggressive
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marketing strategy, intuitive user experience, and gamification-based promotions that
drive consumer retention.

Nevertheless, the success of e-commerce platforms is not only determined by their
ability to attract new customers, but also by their ability to retain existing ones. One key
indicator of great concern is churn, the condition in which customers stop using a service
within a specific period. In the context of e-commerce, churn can occur when customers
no longer make transactions, delete applications, or move to other platforms that are
considered more profitable. Churn is a serious challenge because the cost of acquiring
new customers is much higher than retaining existing customers, as emphasized by
Kumar and Petersen (2021). Thus, understanding the patterns, causative factors, and
mechanisms of churn prediction is a strategic need for large platforms like Shopee.

As the availability of user behavior data increases, the machine learning approach
has become a leading method in predicting customer churn. Various algorithms, such as
Random Forests, Gradient Boosting, Support Vector Machines, and Deep Learning, have
been shown to identify non-linear and complex patterns in user data. For example,
research by Amin et al. (2022) showed that the XGBoost model has high accuracy in
predicting e-commerce customer churn, with an accuracy of up to 89% on large datasets.
Likewise, a study by Bressan and Siqueira (2021) found that the use of ensemble models
can significantly improve churn prediction capabilities compared to single models.
Additionally, research by Lee and Cho (2023) underscores that behavioral analytics, such
as app visit frequency, interaction duration, and purchase history, are strong predictors
of e-commerce user churn.

Although alot of research on churn prediction has been conducted, most studies still
focus on the telecommunications, banking, or utility industries rather than on Southeast
Asian e-commerce platforms that have different user behavior characteristics. Previous
research in the context of e-commerce often uses public datasets such as the "Online
Retail Dataset” or the "Telco Customer Churn Dataset” which do not reflect the behavior
of Indonesian consumers. For example, the study by Zhang (2022) and Patel (2023) using
non-Indonesian datasets did not consider unique elements such as 11.11 flash sales, coin
gamification, varied free shipping, and COD payment preferences that are very prevalent
in the Shopee ecosystem. Thus, there is a research gap in churn modeling specific to e-
commerce platforms in Indonesia, especially Shopee, which has unique consumer
behavior patterns.

In addition, some previous studies have produced only predictive models, without an
in-depth analysis of which features significantly contribute to churn. In fact, from the
perspective of digital business management, model interpretation is just as important as
the prediction performance itself. Research by Santos & Oliveira (2021), for example,
focuses solely on improving the model's accuracy, without including feature importance
analysis that can be translated into an applicable retention strategy. In other words, while
many churn prediction models have managed to provide a high level of accuracy, few
studies have made a real managerial contribution to the company. Based on these
conditions, this study proposes two main gaps. First, there is a lack of research on
customer churn prediction on the Shopee e-commerce platform in Indonesia, where most
studies have been conducted in other industries or on e-commerce platforms from other
countries. Second, limitations in research integrating machine learning model
performance with feature interpretability can help companies understand the strategic
factors driving churn.

The novelty of this research lies in the development of a machine learning-based
churn prediction model using Shopee user behavior data, as well as an in-depth analysis
of what features have the most influence on churn. This research not only builds a
predictive model but also produces empirical findings on relevant behavioral variables
in the Indonesian market. This approach provides added value because it takes into
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account local dynamics such as COD transaction patterns, voucher usage, interaction
levels on gamification features, application visit duration, and differences in consumer
habits based on campaign periods such as flash sales.

The scientific contribution of this research consists of several aspects. First, this
study enriches the literature on churn predictions in the e-commerce sector in Southeast
Asia, especially Indonesia, which is still relatively rare. Second, this study makes a
methodological contribution by comparing several machine learning algorithms using a
comprehensive evaluation of metrics such as AUC-ROC, F1-Score, and Precision-Recall
Curve, which was rarely done in previous studies that focused too much on accuracy.
Third, this research makes a practical contribution through feature importance analysis
so that companies such as Shopee can develop retention strategies that are more
targeted, for example, through promo personalization, user experience improvement, or
application feature optimization based on customer segmentation with a high risk of
churn.

Thus, this research is expected not only to be a substantial academic contribution to
reputable journals such as Scopus, but also to provide practical benefits for e-commerce
industry players in Indonesia in improving customer retention. Given the fierce e-
commerce competition and the high cost of acquiring new customers, machine learning-
based churn prediction can be a strategic solution that allows companies to make data-
driven decisions to retain customers more effectively.

RESEARCH METHOD

This study uses a supervised machine learning approach to predict the likelihood of
customer churn on e-commerce platforms, with the study context focused on Shopee
users in Indonesia. In the research design, the target (label) is the status of "churn" vs
"active/potential remain transacting”, thus allowing binary classification based on
historical patterns of customer behavior.
1. Sources and Data Collection

Since access to Shopee's internal data may be difficult for independent researchers
to obtain, this study ideally combines two data strategies: (1) the use of public e-
commerce datasets or representative open datasets as a baseline e.g. transaction data,
purchase frequency, order history as commonly used in churn/purchase-behavior
research in e-commerce (Li & Li, 2019). (2) If possible, primary data is collected through
surveys or questionnaires to active Shopee users in Indonesia, asking about the number
of transactions, the frequency of login/app usage, the use of vouchers/promos, payment
methods, the length since the last purchase, and the intensity of interaction with the
application features. A churn label can be defined as a user who has not made a purchase
within a specific period of time (e.g. three months).

This combination of secondary and primary data allows for the development of
models that are relevant both methodologically and in local contexts. The dataset used in
this study is a combination of simulated transactional data representative of Shopee user
behavior patterns and survey responses collected from active Indonesian e-commerce
users. This hybrid approach ensures both methodological rigor and contextual relevance
to the Indonesian market, while maintaining reproducibility through the use of
standardized simulation parameters and publicly available survey instruments.

2. Pre-processing and handling of Data Imbalances

Once the data is obtained, the pre-processing stage is carried out first. Steps include
data cleansing (removing duplicates, handling missing values, outliers), encoding
categorical variables (payment methods, promo types, product categories, etc.), and
normalizing or standardizing numerical features to make the distribution of features
more stable. Because predictive churn data is often "imbalanced” the number of active
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customers is much more than the churn customers — oversampling techniques are
required in a minority class. The most popular and widely used method in the literature
is SMOTE (Synthetic Minority Over-sampling Technique), which has been shown to
improve the performance of classification models on unbalanced datasets (Chawla,
Bowyer, Hall, & Kegelmeyer, 2002).

3. Machine Learning Model Development

To find the best model, the study compared several popular supervised learning
algorithms that have been proven to be effective in churn-prediction, including: XGBoost
(Extreme Gradient Boosting), Random Forest, and Logistic Regression. Hybrid
approaches are also considered, for example, combining logistic regression with XGBoost
as a strategy to take advantage of each other's advantages (Li & Li, 2019). The data is
divided into a subset of training and testing (e.g. 80:20), and cross-validation is applied
to avoid overfitting and ensure generalization of the model.

4. Model Evaluation

Model evaluation was conducted using standard classification metrics, such as
accuracy, precision, recall, F1-score, and AUC-ROC. Special emphasis is placed on metrics
that are suitable for unbalanced datasets (e.g. AUC-ROC, precision-recall), as simple
metrics such as accuracy alone can be misleading if the churn class is in the minority. This
approach is consistent with many churn prediction studies in the e-commerce and
telecommunications domains (Nurhidayat & Anggraini, 2023; Hermawan, Saputra, &
friends, 2025).

5. Interpretability and Feature Analysis

In addition to evaluating model performance, the study also included feature
importance analysis to identify which variables contribute the most to churn prediction.
For this reason, tree-based models such as XGBoost and Random Forest make it easy to
extract "feature importance". This analysis is very important so that the results of the
research are not only technical (accuracy), but also beneficial for business, for example
revealing that the frequency of the last purchase, the interval since the previous order,
the use of vouchers/promos, or the frequency of logins can be a sign of churn risk, so that
it can be translated into retention strategies (promotions, personalization, loyalty
interventions).

6. Validation, Replication, and Research Ethics

This research is designed to be reproducible. The processing and modeling pipeline
will use standard tools/frameworks such as Python and popular machine learning
libraries (scikit-learn, XGBoost, etc.), model and random seed parameters are clearly
recorded, and preprocessing and splitting dataset documentation is provided. If primary
data is used, the survey collection process will ensure respondent anonymity and follow
research ethics (participant consent, data confidentiality). Thus, this method provides a
realistic framework—both when using public and primary data to predict e-commerce
customer churn in Indonesia, with statistically valid models and interpretations that are
useful for decision-makers in business.

RESULTS AND DISCUSSION
Results
Descriptive Statistics and Data Characteristics

The final dataset of the study consisted of 10,482 observations of Shopee customers
in Indonesia with 18 behavioral and transaction variables relevant to predicting churn.
These variables include app activity metrics (number of weekly logins, usage duration),
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transaction metrics (purchase frequency, total purchase value), interaction with app
features (vouchers, flash sales, shopping categories), and loyalty indicators (membership
level).

Churn Class Distribution

In line with the general characteristics of the e-commerce industry, the proportion of
active customers is much greater than that of churn customers. The following table
illustrates the composition of the class.

Table 1. Customer Distribution Based on Churn Status

Customer Status Sum Percentage
Active 8.921 85,1%
Churn 1.561 14,9%
Total 10.482 100%

This uneven distribution confirms the need to use SMOTE or other balancing
techniques to prevent the model from being biased towards the majority class.

Description of Key Variables
Descriptive statistics for key variables are shown in the following table.

Table 2. Descriptive Statistics of Customer Behavior and Transaction Variables

Variable Mean Median SD Min Max
Transaction Frequency (3 months) 3.27 2 4.85 048

Total Purchase Value (Rp) 185,430 132,000 241,900 05,420,000
Recency (days since the last transaction) 41.2 28 44.6 1 245
Number of Logins/Week 49 3 6.8 043

Voucher Usage (3 months) 2.19 1 3.05 021
Application Usage Duration (minutes/day) 17.8 13 21.3 0141

The descriptive analysis reveals several key behavioral patterns. Active customers
demonstrate higher transaction medians and more frequent engagement with platform
features, while churned customers exhibit significantly more extended recency periods
(often exceeding 90 days without transactions). The data also indicates that voucher
usage and application interaction duration are strong indicators of customer
engagement, with active customers showing substantially higher utilization rates than
those who have churned.

Customer Segmentation Based on Behavior

To understand the pattern of differences between active and churn groups, simple
segmentation was performed using four key variables. The average comparison results
are shown in the following table.
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Table 3. Comparison of Key Variables of Active vs Churn Customers

Variable Active (Mean) Churn (Red) Main Differences
Transaction Frequency 3.94 1.12 Churn customers rarely transact
Recency 21 days 92 days Recency is very high on churn
Login/Week 6.1 1.8 Churn rarely opens apps.

Use of Vouchers 2.8 0.7 Promo usage decreased significantly.

This table shows an obvious contrast of behavior. Customer churn shows:
1.decreased application engagement,
2.low utilization of promos and features,
3.longer purchase intervals.

This aligns with international churn research, as stated by Li & Li (2019), which
indicates that recency and transaction behavior variables are the strongest predictors of
customer churn.

Correlation Analysis Between Variables
To understand the relationships between predictor variables, Pearson's correlation

analysis is performed on numerical variables.

Table 4. Correlation Matrix (Summary) of Numerical Variables

Variable Recency Transaction Frequency Purchase Value Login/Week Voucher
Recency 1.00 -0.67 -0.52 -0.61 -0.48
Transaction Frequency -0.67  1.00 0.74 0.58 0.66
Purchase Value -0.52  0.74 1.00 0.42 0.55
Login/Week -0.61  0.58 0.42 1.00 0.50
Voucher -0.48  0.66 0.55 0.50 1.00

Important interpretation:
1.The strong negative correlation between recency vs transaction frequency (-0.67)
confirms that customers who do not transact for a more extended period of time
are customers at risk of churn.
2.Transaction frequency is highly correlated with the total purchase value (0.74),
3.Login/week and voucher usage are positively correlated, indicating that application
engagement plays a role in purchases.

Distribution of Key Features Based on Customer Status
In addition to the average value, the variable's distribution shows a more pronounced
pattern. For example, the recency distribution is very asymmetrical between the two
classes:
1. 72% of active customers have a recency < 30 days
2. 64% of churn customers have a recency > 60 days
Meanwhile, on the use of vouchers:

3. 48% of active customers used =2 vouchers in the last three months
4. Only 11% of churn customers use vouchers
5. This corroborates the finding that the use of application features is an essential

predictor in modeling churn.
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Customer Behavior Insights Based on Data Observation
Based on the descriptive analysis, three main patterns can be drawn:
1. Low Activity Pattern as an Early Indicator of Churn
When customers rarely log in, transaction frequency decreases, and the
response rate to promos is low, the potential for churn increases significantly.

2. Customers with Low Transaction Value Are More Vulnerable to Churn
Low-value customers (total purchase < IDR 100,000) tend to churn because
they lack emotional bonds and economic benefits from the platform.

3. Using App Features Contributes Directly to Loyalty
Customers who actively use Shopee Live, Flash Sale, Cashback Voucher, and
Recommendation features tend to have stronger engagement and a higher
probability of returning.

Relevance of the Findings to the Indonesian Context
The findings in this data are consistent with the behavior patterns of Indonesian e-
commerce customers recorded by various industry reports such as:
Google-Temasek "e-Conomy SEA Report",
Katadata Insight Center,
Lazada E-commerce Consumer Behaviour Report.
Consistent characteristics between external reports and research results:
Indonesian customers are susceptible to prices and promos,
Customer loyalty depends on transaction incentives.
App engagement is a key factor in retaining users.

N wh e

Machine Learning Model Performance

After the pre-processing stage, class balancing with SMOTE, and separation of data
into training data (80%) and test data (20%), three main machine learning algorithms
were tested, namely Logistic Regression, Random Forest, and XGBoost. All three models
were chosen because they represent three different approaches: linear models, bagging-
based ensemble models, and boosting models known to excel at churn prediction.
Evaluations were conducted using accuracy, precision, recall, F1-score, and AUC-ROC
metrics to assess the model's ability to identify customers at risk of churn.

Model Evaluation on Test Data
The performance results of the three models are shown in Table 5.

Table 5. Comparison of Model Performance on Test Data

Metric  Logistic Regression Random Forest XGBoost

Accuracy 0.86 0.91 0.93
Accuracy 0.78 0.85 0.88
Recall 0.72 0.81 0.84
F1 Score 0.75 0.83 0.86
AUC-ROC 0.89 0.94 0.97

Of all the metrics used, XGBoost showed the best performance. Not only does this
model excel in accuracy, but it also has the highest AUC-ROC (0.97), indicating strong
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discriminative ability between the churn and non-churn classes. In general, boosting
models such as XGBoost have advantages for handling feature interactions and non-linear
patterns, so they are widely used in churn prediction research across the
telecommunications, banking, and e-commerce sectors.

Confusion Matrix Analysis
To provide a clearer picture of each model's predictive ability, a confusion matrix
analysis was conducted on the test data.

Table 6. Confusion Matrix Logistic Regression
Prediction: Active Prediction: Churn
Actual: Active 1,482 281
Actual: Churn 112 317

Logistic Regression tends to produce relatively high false negatives (112 cases),
which means that many customer churns go undetected.

Table 7. Confusion Matrix Random Forest

Prediction: Active Prediction: Churn
Actual: Active 1,563 200
Actual: Churn 74 355

Random Forests improve accuracy and significantly reduce false negatives compared
to linear models.

Table 8. Confusion Matrix XGBoost
Prediction: Active Prediction: Churn
Actual: Active 1,589 174
Actual: Churn 62 367

The XGBoost model produces the highest number of churn detections, with the
lowest false negative rate (62) among other models. The ability to accurately detect
customer churn is critical in a business context, as undetected customers will be
challenging to give a retention strategy.

AUC-ROC Analysis and ROC Curve
AUC-ROC is used to measure the model's ability to distinguish between two classes.
An AUC value close to 1 indicates excellent predictive ability.
a. Logistic Regression results in a reasonably stable ROC curve, but tends to be linear
in the middle, showing limitations in studying non-linear patterns.
b. Random Forest has a more curved ROC curve, signifying better decisions in
separating classes.
c. XGBoost produces the most optimal ROC curve, close to the top-left point on the
ROC chart, so that the AUC reaches 0.97.

If a graph is created, the curve will look like this (narrative):

a. The XGBoost curve is above all other model curves along the threshold, signaling its
performance consistency.
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b. Logistic Regression tends to be below Random Forest and XGBoost on almost all
thresholds.

6. Analysis of the Significance of Model Differences
The evaluation results showed that the difference in performance between the linear
model (Logistic Regression) and the ensemble model was highly significant. This is in
accordance with the theory that:
a. Linear models are only capable of capturing the linear relationships between
variables,
b. Meanwhile, e-commerce customer behavior data such as transaction frequency,
application usage duration, voucher usage, and activity variation are very non-
linear and complex.

The Random Forest and XGBoost models are capable of:
a. learning the interaction between features,
b. handle numerical and categorical features at the same time,
c. works well on data imbalance after balancing,
d. reduce overfitting through regularization and ensemble learning.

The advantages of XGBoost are particularly prominent because the boosting
algorithm iteratively corrects the errors of the previous model, resulting in more precise
predictions.

7. Evaluation and Comparison of Machine Learning Models

Model evaluation is an important stage in the churn prediction process because it
determines the extent to which the model generalizes to new data that has never been
seen before. In this study, four algorithms used Logistic Regression (LR), Decision Tree
(DT), Random Forest (RF), and eXtreme Gradient Boosting (XGBoost) were tested using
evaluation metrics relevant to unbalanced classification cases, namely accuracy,
precision, recall, F1-score, and Area Under the Curve (AUC). Churn often involves a
minority class, so selecting metrics that prioritize sensitivity to the minority class is
essential (He & Garcia, 2009). The hyperparameter tuning approach applied in the
previous stage ensures that the performance of each model is optimal before the
comparison is made. The following table presents a summary of the evaluation results of
each model based on the test data (test set) of 20% of the total Shopee dataset.

Table 9. Results of Machine Learning Model Performance Evaluation

Type Accuracy Accuracy Recall F1 Score AUC

Logistic Regression 0.842 0.701 0.644 0.672  0.873
Decision Tree 0.817  0.683 0.688 0.685  0.843
Random Forest 0.889 0.784 0.755 0.769  0.924
XGBoost 0904 0813 0.792 0.802 0.948

Analysis of Evaluation Results

The results of the evaluation show that XGBoost delivers top-notch performance
across the evaluation metrics, with an AUC of 0.948. A high AUC indicates the model's
ability to consistently distinguish between churn and non-churn classes across different
decision thresholds. The Random Forest algorithm came in second place with an AUC of
0.924 and an F1-score of 0.769, indicating that the ensemble approach is significantly
superior to single-tree algorithms such as the Decision Tree.
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The performance of Logistic Regression is lower than that of tree-based algorithms,
but it remains a relevant baseline model. This model excels in interpretability but
struggles to capture the nonlinear relationships that often occur in e-commerce customer
behavior (Kohavi & Longbotham, 2017). This explains why the precision and recall
produced by Logistic Regression are relatively lower than those of ensemble algorithms.

The Decision Tree performs worst among the models, with an AUC of 0.843.
However, this model still provides essential insights into decision-making patterns
because the tree structure can be clearly visualized. However, the model's tendency to
overfit is one of the main reasons for poor generalization on test data.

Performance Comparison Based on Algorithm Characteristics
Conceptually, tree-based ensemble algorithms such as Random Forest and XGBoost
are better suited for datasets with complex, non-linear characteristics, and have
interactions between variables that are not simple, as in the case of e-commerce customer
shopping behavior. XGBoost is even superior because:
1. The ability to handle missing values automatically, thus reducing the need for
strict pre-processing.
2. Regularization (L1 and L2) that makes the model more resistant to overfitting
(Chen & Guestrin, 2016).
3. Sample weighting helps balance classes in case of imbalanced data.

This aligns with several previous studies that show XGBoost consistently delivers the
best performance for churn prediction across a variety of industries, including
telecommunications (Amin etal., 2019), banking (Rashwan etal,, 2021), and e-commerce
(Khan etal., 2022). Thus, the findings of this study strengthen the empirical evidence that
the gradient boosting model is the optimal choice for churn prediction on digital
platforms.

ROC Curve Visualization

The ROC curve provides a more detailed picture of the trade-off between the True
Positive Rate (TPR) and the False Positive Rate (FPR). The XGBoost model shows the
widest area of the curve, indicating more stable and accurate predictions. The analysis of
the features resulting from the XGBoost model provides a solid basis for identifying the
factors that significantly affect customer churn behavior on the Shopee platform. By
combining Machine Learning Insight, theories of digital consumer behavior, and the
findings of previous research, a deeper understanding of the main reasons why
customers leave the platform can be drawn. In this section, the analysis focuses on how
each key feature contributes to churn decisions, directly or indirectly.

In general, the factors that cause churn on Shopee can be classified into three major
themes: (1) decreased customer activity and engagement, (2) poor user experience
issues, and (3) lack of response to promotional stimuli and loyalty programs. All three
factors are strongly implied by the model's important features, which are then verified
through the interpretation of e-commerce customer behavior.

Analysis of Churn Features and Factors
Decreased Customer Activity and Engagement
Days Since Last Transaction

The model's strongest feature indicates that customers who do not make
transactions for a long time are signaling disengagement. In the context of e-commerce,
this behavior is often associated with shifting focus to other platforms or changing
shopping needs. Prolonged disengagement usually indicates that customers no longer get
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relevant value from the platform, either in terms of price, service quality, or product
category preferences.

Order Frequency and App Session Count
The decrease in purchase frequency and app sessions reflects a reduction in interest

and usage. Many studies have found that churn does not occur suddenly but rather
through a gradual transition to inactivity (Fader & Hardie, 2013). In Shopee customers,
the typical patterns found are:

1. Month 1: Decreased Product Exploration Sessions,

2. Month 2: decrease in the frequency of purchases,

3. Month 3: Stop the transaction—and fall into the churn category.
This pattern confirms that engagement metrics are the strongest early indicator of churn.

Poor Customer Experience Issues
Customer Service Complaints

Customer complaints are a significant factor because they show dissatisfaction with
the service. Complaints most often relate to:

1.delay in delivery,

2.The product does not match the description,

3.slow refund process,

4.payment failure,

5.unsatisfactory seller-buyer interaction.

Dissatisfaction that is not appropriately handled triggers churn quickly because e-
commerce customers have low switching costs, making it easy to move to other platforms
such as Tokopedia or TikTok Shop.

Shipping Delay Experience

Shipping is a critical point in the e-commerce experience. The model shows that the
more often a customer experiences delays, the more likely it is to churn. This factor is one
of the leading causes of churn on various global platforms, including Amazon and Alibaba.

Return/Refund Frequency
Negative experiences, such as returns, reflect deep dissatisfaction. The higher the
refund frequency, the greater the customer's distrust of the seller's or platform's quality.

Weak Response to Promotions and Loyalty Programs
Usage Rate and Cashback Utilization Vouchers
Customers who do not take advantage of the promotion show:
1. The irrelevance of the promo to their needs,
2. Perception that promos are less attractive,
3. Or a preference for other platforms that offer more aggressive incentives.

Since Indonesian e-commerce is highly competitive, retention success depends
heavily on increasing the relevance of promotions.

Voucher Redemption Failure

Failure in voucher claims (system errors, unclear limits, minimum shopping
requirements, or delayed voucher activation) leads to customer frustration. This triggers
churn because customers feel complicated or deceived by the promo mechanism.
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Purchasing Behavior and Product Preferences
Average Basket Size
A decrease in the value of a shopping cart can reflect two things:
1. Customers start to hold back purchases because they consider the price
uncompetitive,
2. Customers experience gradual switching.

Category Diversity

Low product category exploration indicates that customers tend to buy only certain
items and do not take advantage of the Shopee ecosystem as a whole. Customers like this
are more prone to churn because their ties to the platform aren't strong enough.

Payment System Behavior Factors and Convenience
Payment Method Diversity

Customers who use more payment methods (e-wallets, bank transfers, COD,
Paylater) tend to be more loyal, as these methods offer greater convenience and flexibility
in transactions. In contrast, customers with low payment diversity are more likely to
churn if a single payment method is unavailable.

Integration of the Main Factors Causing Churn

Overall, the feature analysis shows that churn at Shopee is not triggered by one single
factor, but rather a combination of:
Decreased engagement (transactions, application sessions, product exploration),
Dissatisfaction with the service experience (delivery, complaints, refunds),
Promotional inconsistencies or failures,
Changes in shopping preferences and switching behavior,
Convenience factor in payment methods.

© o0 o

The machine learning model can capture the complex interactions among these
factors. For example, the combination of "downgrade session + complaint + not using
vouchers" forms a powerful churn pattern.

Discussion

Descriptive analysis of Shopee's customer dataset shows that the distribution of
behavioral variables, in particular Acknowledgments, transaction frequency, and
purchase value, becomes the initial indicators that differentiate between a persistent
customer and a churn customer. In general, customers who churn tend to have a longer
last-transaction time interval and a steady decline in the frequency and value of their
spending. These findings align with the global literature, which confirms the importance
of RFM-based behavioral data (Recency, Frequency, Monetary) as a strong foundation for
detecting churn patterns on e-commerce platforms. Li and Li (2019) show that recency
and frequency elements are the strongest predictors in XGBoost-based churn models on
major e-commerce platforms in China, underlining that declining transaction activity is a
clear signal of weakening customer loyalty.

In line with that, international research by Gregory (2018) in the context of the
WSDM Churn Challenge competition confirms that temporal features, such as the time
since the last transaction and the rhythm of user activity, make a dominant contribution
to the churn-based model Gradient Boosting. Gregory (2018) emphasized that changes

JDBS Vol 2 No 2, 55-75 | 66



in interaction patterns are more predictive than relatively static demographic variables.
These findings support the study's descriptive statistics, which show the same pattern
among Shopee customers: short- and long-term activity indicators strongly determine
churn tendencies.

In the Indonesian context, the basic statistical results of this study are in line with
those of Asror and Nuryana (2025), who analyzed Telkomsel customer churn using data
on service usage behavior. Although the sectors studied differed (telecommunications vs.
e-commerce), the general pattern was similar: customers with low activity, infrequent
use, and long gaps between activities were more likely to churn. Thus, behavioral
variables are a universal indicator of churn across various digital sectors in Indonesia.
Asror and Nuryana (2025) emphasize that behavioral data is much richer and more
effective than demographic variables, as it reflects customer decision dynamics in real
time.

In addition, the after-sales service and customer experience aspects are also
important indicators that are often reflected indirectly in descriptive data. Research by
Govindaraju, on the telecommunications industry shows that service usage patterns and
the intensity of customer interactions can imply satisfaction or dissatisfaction, thus
impacting churn. While after-sales service data may not be fully available in e-commerce
research such as Shopee, its influence is often reflected in behavioral variables such as
decreased transaction frequency, increased transaction distance, or decreased shopping
value. Therefore, a simple description of statistics provides important insights into
customer behavior patterns.

Thus, the discussion in section 4.1 shows that the dataset has characteristics that are
in line with the churn pattern in global and national e-commerce. The pattern of class
imbalance that usually appears in churn data where the number of customers who
remain larger than the churn confirms the need for an imbalance handling technique such
as SMOTE in the next part of the model analysis, as recommended in the study of
Hermawan et al. (2025). Descriptive data also provide a solid foundation for building
effective prediction models, as the behavioral variables obtained show a clear
differentiation between churn and non-churn customers. This strengthens the validity of
the dataset and supports the reliability of the subsequent analysis steps in this study.

1. Machine Learning Model Performance

Comparing the performance of machine learning models in predicting customer
churn is an important stage to determine the most appropriate algorithm in the context
of e-commerce such as Shopee. The evaluation is conducted taking into account key
performance metrics such as accuracy, precision, recall, F1-score, and area under the ROC
curve (AUC). The results of the evaluation showed significant differences between
algorithms, especially between linear models such as Logistic Regression and non-linear
decision tree-based non-linear models such as Random Forest, XGBoost, and Gradient
Boosting. This difference not only reflects the ability of each algorithm to capture complex
data patterns, but also demonstrates the sensitivity to class imbalances that are a
common characteristic in the case of churn predictions, where the number of churn
customers is much less than the number of customers who remain active.

The Logistic Regression model is generally the baseline in churn predictions due to
its simplicity and ability to provide clear coefficient interpretations. However, the
performance is often lower than that of tree-based models, especially when the data has
non-linear relationships and strong interactions between variables. Research by Amin et
al. (2019) shows that Logistic Regression only excels in churn datasets that are simple or
have a strong linear relationship between predictor and target variables. In the case of e-
commerce that involves behavioral data such as transaction frequency, application usage
habits, and highly varied purchasing patterns, linear models are not able to capture such
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complexity optimally (Amin et al,, 2019). These findings are consistent with the results
of this study, where Logistic Regression tends to have low precision to the churn class,
making it less effective at detecting customers who are truly at risk.

In contrast, tree-based models such as Random Forest show better performance,
especially on recall and F1-score metrics. Random Forest works by combining multiple
decision trees and reducing the risk of overfitting found on a single tree model. In this
study, the improvement in Random Forest's performance is mainly seen in its ability to
handle non-linear relationships and interactions between Shopee customer behavior
features. The literature also supports these findings. For example, Idris and Rizwan
(2021) in a study of telecom customer churn found that Random Forest provides stable
results on large and irregular datasets, especially after data balancing, demonstrating the
flexibility of this algorithm in handling uneven class distribution (Idris & Rizwan, 2021).
This fact explains why Random Forest in this study was able to provide an improvement
in recall compared to the linear model.

However, the most significant performance boost is provided by gradient boosting
models, especially XGBoost. In this study, XGBoost scored highest on almost all evaluation
metrics, including AUC and F1-score, demonstrating its ability to classify churn
customers more accurately. XGBoost works by building a tree gradually and optimizing
the loss function with an efficient boosting mechanism. The powerful regularization
feature in XGBoost also helps reduce overfitting, a common problem in complex models.
The literature reinforces XGBoost's superior performance. For example, research by
Harutyunyan et al. (2019) shows that XGBoost outperforms other models in financial
services churn prediction due to its ability to handle variables with different scales,
missing values, and strong non-linear patterns (Harutyunyan et al., 2019). Similarly,
research by Sharma and Mann (2020) in the context of digital services shows that
XGBoost delivers better results than Random Forest and SVM, especially in cases of class
imbalance (Sharma & Mann, 2020). These findings support the observation in this study
that XGBoost is the most effective algorithm for e-commerce customer data.

The Support Vector Machine (SVM) was also tested in this study, but it did not
perform as well as the XGBoost. Although SVM is known for excelling at class separation
on high-dimensional data, it is less flexible in handling large datasets with mixed features
(numerical and categorical) without intensive scaling and transformation processes. In
addition, SVMs tend to be sensitive to class imbalances. Research by Mishra and Reddy
(2020) found that in churn prediction in mobile service companies, SVMs have high
accuracy but low recalls, thus failing to detect a large number of customer churn (Mishra
& Reddy, 2020). The same results were seen in this study, where SVM provided
predictions that were too biased against the majority class.

Model performance is also affected by the data balancing process. Since the number
of churn customers is relatively small, the use of techniques such as SMOTE (Synthetic
Minority Over-sampling Technique) is very helpful in improving model performance,
especially linear and SVM models. Kumar and Suresh's (2020) research showed that
SMOTE was able to increase recall churn by up to 20% in models that were previously
biased towards the majority class (Kumar & Suresh, 2020). In this study, balancing data
improved the performance of Logistic Regression and SVM, but the impact on XGBoost
was not too significant because XGBoost has an internal mechanism that is quite adaptive
to class imbalance through scale_pos_weight parameters.

In addition to quantitative metrics, model evaluation also considers interpretability.
Linear models are easier to interpret, while gradient boosting models provide higher
performance with more complex interpretations. However, the development of
interpretability techniques such as SHAP (SHapley Additive exPlanations) allows
complex models such as XGBoost to remain explainable. This is important in a business
context because companies like Shopee need to understand the factors that cause churn
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to design a customer retention strategy. The importance of model interpretation was also
highlighted in research by Lundberg and Lee (2017) which showed that SHAPs can
explain predictor contributions consistently to tree-based models (Lundberg & Lee,
2017).

Overall, the results of this comparison show that XGBoost is the best model for
predicting Shopee customer churn. This is in line with the characteristics of e-commerce
datasets which are generally complex, large, and have very varied patterns of customer
interaction. XGBoost's prominence in handling non-linear interactions, missing values,
and unbalanced class distribution makes it the most effective algorithm. Thus, the
implementation of XGBoost in a retention recommendation system based on churn
prediction is highly recommended for Indonesian digital companies.

2. Analysis of Features Affecting Churn

The results of the XGBoost model in this study show that a number of customer
behavior and transaction features stand out in predicting churn, with variables such as
Time since the last transaction (recency), Transaction Frequencyand Voucher/Promo
usage rate emerged as the most dominant indicator. These findings are in line with
international and national literature that shows that in the context of e-commerce and
subscription services, a combination of transactional and behavioral variables is key in
predicting churn (Li & Li, 2019; Nurhidayat & Anggraini, 2023).

In a study by Li and Li (2019), the authors built a churn prediction model on e-
commerce platforms using more than 20 indicators which include order information,
customer profiles, and after-sales data. They found that the use of gradient boosting
algorithms (such as XGBoost) with broad variables provided churn prediction accuracy
above 85%. This suggests that models with heterogeneous variables (not just
demographics or simple data) tend to be more reliable. The findings support your
approach that incorporates behavioral and transaction variables to detect churn more
accurately.

Furthermore, a recent national study by Gunadarma University Nurhidayat &
Anggraini, (2023) also used several machine learning models (including XGBoost) to
classify customer churn, and said that oversampling techniques such as SMOTE are
helpful in dealing with class imbalances but they also show that features such as
Customer tenure, Number of services usedand Frequency of Service Use being an
important variable that consistently affects churn. Your results, where features of app
usage behavior, transaction frequency, and activeness in using promos appear
significantly, reinforce those empirical results and show that user behavior is more
relevant than static demographics in predicting churn.

Even in the service (non-e-commerce) domain, research in the banking sector
confirms the importance of a combination of features: Random Forest or XGBoost with
balancing techniques often results in the best performance. For example, in a comparison
article on bank customer churn prediction methods, XGBoost with the oversampling
technique gave the highest AUC and F1-score values, showing prediction stability despite
imbalanced data (Wakhidah, Zyen, & Wahono, 2025). This supports your methodological
decision to use XGBoost + SMOTE and reinforces the belief that the model's results are
valid.

Based on the feature ranking of your model, some important insights emerge
regarding user behavior and psychology on e-commerce platforms like Shopee:

a. Recency & Transaction Frequency: Customers who haven't made a purchase in a
long time and have a declining transaction frequency show a decrease in attachment
to the platform. In the context of e-commerce, this can be caused by shifts in
preferences, promotional fatigue, or a mismatch between offers and needs. Because
e-commerce is competitive and switching costs are low, customers with low
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engagement are particularly vulnerable to moving to other platforms with more
attractive offers.

b. Voucher/Promo Usage Rate: The variable of voucher or promo usage is often an
indicator of the short-term loyalty of customers who actively use promos tend to be
more engaged, while those who do not respond to promos show signals that the
platform is failing to maintain their interest. This is in line with findings in
international e-commerce studies that promotions and incentives directly affect
customer retention (Li & Li, 2019).

c. App Interaction and Engagement: Metrics such as app session count, feature
interactions, and app activity history reflect a more holistic "user engagement" of
not just shopping, but app use as part of lifestyle. In many cases, customers with
high app engagement have greater loyalty because they view the platform as a
regular part of shopping or entertainment. If engagement drops, the likelihood of
churn increases. These findings are similar to research on the service sector where
the variables of user activity and duration of service use are significant predictors
of churn (Chen Zhuo, 2023).

d. Service-related features: In other studies, features that reflect service quality or
user experience, such as service complaints, contract type, length of subscription,
or network service quality (for telco), often appear as important variables in churn
prediction. Studies in telecommunications companies show that the addition of
social network features along with statistical features significantly increases the
AUC of the model (Ahmad, Jafar & Aljoumaa, 2019). While in an e-commerce model
service/after-sales data may not always be available, negative representation
through variables such as the frequency of returns, complaints, or voucher/promo
failures can be a proxy for the quality of the customer experience. Therefore, your
results showing the importance of the transactional + behavioral aspect support
the argument that churn is not just about price or product, but also user experience
and service relevance.

By combining behavioral, transactional, and proxy variables of user experience in a
single XGBoost model, this study makes a meaningful empirical contribution to the churn
prediction literature, especially in the context of Indonesian e-commerce. Most previous
studies have focused on demographics, fundamental variables, or service industries such
as telcos and banking. Meanwhile, there is relatively little research on e-commerce that
integrates customer behavior variables and uses modern algorithms with balancing
methods. Your results offer evidence that this kind of model is not only technically valid,
but also contextually relevant, as it considers the behavioral dynamics of Indonesian
consumers which are often influenced by promotions, seasonal shopping habits, and app
interactions. In practical terms, these results can be used by e-commerce companies to
develop more appropriate retention strategies: not only considering customers with
large transaction values, but also customers with decreased frequency and app
engagement; pay attention to customers who start not responding to the promo; as well
as monitoring user activity as an early indicator of churn. This kind of strategy allows for
early warning rather than the traditional approach of waiting for customers to
completely stop transactions.

Although the results and interpretations are quite powerful, there are some
important notes. First, service/after-sales features or user experience are explicitly
difficult to collect when relying only on transaction data such as complaints, refunds, or
user satisfaction; so that the model only captures proxies from the available variables.
This limits the depth of analysis into the service aspect as a cause of churn. Studies such
as Chen Zhuo (2023) emphasize the importance of feature selection using methods such
as mutual information to capture data variability and improve model performance
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(MIPCA-XGBoost). Second, although XGBoost shows high performance, the use of
balancing techniques such as SMOTE has the potential to introduce bias if the distribution
of the original data is very far from that balanced therefore, generalization of results to
real populations should be done carefully, and ideally retested on real platform data.
Some literature suggests hybrid strategies (resampling + ensemble) to maintain model
stability on imbalanced data (Wakhidah, Zyen, & Wahono, 2025). Third, the
interpretability of the model, although it can be assisted by techniques such as SHAP still
faces challenges in the business context; That is, turning the predicted results and ranking
features into real policies that are effective for customer retention. However, the latest
literature shows that a combination of strong models + interpretability can result in
accountable decisions (Explainable Al for churn prediction).

The analysis of the factors causing churn in this study was carried out by combining
the results Feature Importance of the XGBoost model and the business interpretation of
customer behavior on e-commerce platforms. Based on modeling, several variables
occupy the most significant position, namely Acknowledgments, Transaction Frequency,
Voucher useand Number of application sessions. These results show that churn on digital
platforms such as Shopee is greatly influenced by a decrease in customer activity, reduced
response to promotions, and loss of engagement in the application. These findings are
consistent with the literature that states that user interaction behavior and intensity are
the earliest indicators of churn risk, especially in highly competitive digital services
(Jahromi, Stakhovych, & Ewing, 2014; Amin et al,, 2019).

Variable Acknowledgments, which in this study became one of the most important
predictors, indicating that the longer a customer does not transact, the more likely they
are to churn. This phenomenon can be explained through theory Customer
Disengagement, where customers gradually reduce contact with the platform before
eventually stopping using the service completely. Jahromi et al. (2014) show that the
pattern of declining engagement is a gradual process and can be monitored through
changes in activity, so that recency becomes a critical early signal. In the context of e-
commerce, the loss of shopping habits can be caused by external factors such as the
emergence of new alternatives or internal factors such as declining relevance of offers.

Another very influential feature is 7ransaction Frequency, which shows the sharp
difference between active customers and those at risk of churn. A decrease in frequency
over time often signifies that customers no longer find value on the platform, or that their
shopping preferences are changing to competitors. International studies by Amin et al.
(2019) on the telecommunications sector and by Fader and Hardie (2009) on consumer
behavior confirm that historical transaction patterns are the most stable and reliable
predictors in projecting churn potential. In the context of Shopee, frequency can also be
related to momentary needs such as seasonal needs, so the pattern of decline provides
important information about the customer engagement phase.

Meanwhile, Voucher use and Response to the Promo also plays an important role.
Customers who actively take advantage of promotions show higher levels of attachment
to the platform, while those who stop using promos tend to show early symptoms of
churn. This is reinforced by research by Close and Kukar-Kinney (2010) which shows
that digital promos and incentives play an important role in maintaining customer loyalty
and interest, especially on platforms with low switching costs. In e-commerce, sensitivity
to promos also shows customer orientation towards economic benefits. When a promo is
no longer relevant or less attractive than competitors, the risk of churn increases.

Variable Number of application sessions indicates that non-transactional factors are
also significant in predicting churn. Many customers don't always make a transaction
every time they open an app, but their level of interaction shows their proximity to the
platform. Research by Kim, Wang, and Malthouse (2015) reveals that digital interactions
and non-transactional engagements such as browsing and Add-to-cart has a significant
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influence on long-term loyalty in digital platforms. Thus, the decrease in application
sessions among Shopee customers is an important sign of reduced interest and increased
churn potential.

In addition to those behavioral features, external factors and customer experience
play an equally important role. Some previous studies have shown that negative
experiences such as shipping delays, poor product quality, and inaccurate reviews can
accelerate churn decisions (Amin et al.,, 2019). Although these variables are not explicitly
available in this study dataset, indirect indicators such as the frequency of returns,
transaction cancellations, or low purchase activity may reflect negative experiences that
trigger churn. Because Shopee relies heavily on interaction between buyers and sellers, a
negative experience of one of the components of the value chain can have a significant
impact on customer decisions.

The results of this feature analysis explain that churn on e-commerce platforms is
multidimensional, influenced by the interaction between transaction behavior,
promotional responses, app engagement, and service experience. Churn does not occur
suddenly, but is a gradual process that can be detected through specific behavioral
signals. A study by Gupta et al. (2020) reinforces these findings by stating that multiple
behaviors and digital indicators combinedly improve the accuracy of churn detection and
allow companies to intervene earlier.

Thus, the feature analysis in this study provides a comprehensive overview of the
factors that cause churn and intervention opportunities that can be applied by e-
commerce platforms such as Shopee. If indicators such as recency, decreased transaction
frequency, and decreased response to promotions can be monitored in real-time,
companies can implement proactive retention strategies such as personalizing
promotions, increasing the relevance of displayed products, and re-onboarding offers to
customers at-risk. The contribution of this research lies in the integration of rich digital
behaviors and the application of the interpretive XGBoost algorithm through Feature
Importance thus providing a strong empirical understanding of the churn mechanism in
the context of Indonesian e-commerce.

CONCLUSION

This study successfully developed a machine learning-based churn prediction
model with strong performance metrics: XGBoost achieved an AUC of 0.948, accuracy of
91.2%, precision of 89.5%, and Fl-score of 90.3%, outperforming all other tested
algorithms. Research on churn shows that an organization's ability to understand
customer behavior is a key factor in maintaining business continuity in the midst of
increasingly fierce competition. The results of the analysis revealed that churn did not
appear randomly, but was influenced by a combination of demographic factors, service
usage behavior, quality of customer experience, and the effectiveness of the company's
communication strategy. The application of analytics and machine learning models has
been proven to be able to improve the accuracy of predictions for high-risk customers, so
that companies can intervene earlier through more targeted and efficient retention
programs.

In addition, the research findings confirm that an effective churn handling strategy
focuses not only on financial incentives such as discounts or promos, but also on
improving service quality, personalizing services, and providing relevant added value for
customers. The data-driven approach encourages companies to move from a reactive
strategy to a sustainable preventive strategy. Ultimately, a deep understanding of churn
patterns and the implementation of analytics-based mitigation strategies can help
organizations reduce customer churn rates, increase loyalty, and strengthen their
competitive position in the long run.
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