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Abstract

Customer retention is a critical challenge in the e-commerce industry, yet many platforms often lack explicit labels to
identify potential defectors (churn). This research proposes a hybrid unsupervised-supervised learning framework to
perform automated churn classification using the high-dimensional Olist Brazilian E-commerce dataset. The first stage
employs K-Means Clustering to objectively generate churn labels based on Recency, Frequency, and Monetary (RFM)
features. The second stage applies an Extreme Gradient Boosting (XGBoost) model, augmented by the Synthetic Minority
Over-sampling Technique (SMOTE), to address the inherent class imbalance typical of transactional data. Experimental
results demonstrate that the proposed model achieved a robust accuracy of 72% with a churn recall rate of 69%.
Interpretability analysis using Shapley Additive exPlanations (SHAP) revealed that delivery duration and customer review
scores are the most dominant predictors of churn, significantly outweighing financial metrics. These findings contribute a
novel integration of automated labeling and model transparency, enabling e-commerce managers to implement proactive,
data-driven customer retention strategies.
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1. INTRODUCTION

The rapid expansion of the e-commerce sector has fundamentally transformed global market dynamics
and consumer behavior, bringing immense business opportunities alongside unprecedented and intense market
competition [1]. In this highly digitized landscape, customer loyalty is exceptionally fragile; switching barriers
are virtually minimal due to the abundance of competing platforms, low search costs, and aggressive
promotional strategies [2]. Consequently, customer churn defined simply as the phenomenon where customers
stop purchasing from an online platform and switch to a competitor has emerged as a major obstacle that
significantly threatens a company's revenue and sustainable growth [3]. In a non-contractual e-commerce
environment, this business problem is highly critical because customers can quietly defect without formal
notifications or cancellation agreements. Empirical evidence underscores the severity of this issue, revealing
that the erosion of customer loyalty in terms of repeat purchases can exceed an alarming 70% within a mere
span of five years [4]. Addressing this churn is a strategic imperative because acquiring new customers is
significantly costlier than retaining existing ones, especially as customer acquisition costs continue to escalate
amid intensifying digital competition [5]. Therefore, shifting the strategic focus toward robust customer
retention strategies is essential not only for business survival but also for maximizing Customer Lifetime Value
(CLV) and ensuring long-term profitability [1].

To systematically manage customer relationships and assess their value, e-commerce enterprises have
traditionally relied on the Recency, Frequency, dan Monetary (RFM) model. This framework evaluates
customer behavior based on the time elapsed since their last transaction, the regularity of their purchases, and
their total expenditure [6]. Despite its widespread adoption and operational simplicity, traditional RFM analysis
presents significant analytical limitations. It is fundamentally a descriptive and reactive approach that depends
on fixed scoring rules or discrete, percentile-based thresholds, which often fail to account for the ambiguity,
vagueness, and dynamic nature of consumer behavior [7]. Because traditional RFM merely takes a static
snapshot of past actions, it generally identifies customers as "churned" only after the churn has already
occurred, rendering preventive business interventions ineffective. Furthermore, conventional rule-based or
statistical models lack the capacity to capture the complex, non-linear relationships and hidden behavioral
patterns embedded within vast and high-dimensional e-commerce datasets [8]. Consequently, relying solely on
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traditional RFM leaves businesses with a reactive framework that is ill-equipped to proactively predict or
mitigate customer churn in real-time [9].

A significant challenge in advancing churn prediction models within the e-commerce domain lies in the
inherent complexity, severe class imbalance, and dynamic nature of customer transactional data [10]. While
supervised machine learning and advanced deep learning algorithms have demonstrated high predictive
accuracy, their effectiveness is heavily contingent upon the availability of high-quality, explicitly labeled
datasets [11]. In non-contractual e-commerce settings, customers rarely formalize their departure, making the
manual definition of "churn™ a highly subjective task that often relies on rigid, retrospective time thresholds
[12]. Furthermore, traditional predictive frameworks frequently struggle to accurately calibrate probabilities
and capture the complex, multivariate temporal shifts that occur just before a customer defects [13].
Consequently, there is a critical research gap regarding how to objectively generate reliable churn labels from
raw, unlabeled data without human bias, while simultaneously capturing dynamic temporal patterns.
Addressing this deficiency through a hybrid unsupervised-supervised pipeline is essential to reduce manual
labeling bias, ensure robust handling of imbalanced data, and provide e-commerce platforms with calibrated,
actionable insights [14].

To overcome the limitations of conventional descriptive methods and manual labeling biases, this study
proposes an integrated hybrid predictive pipeline centered on automated behavioral discovery [15]. The first
stage employs K-Means Clustering to objectively perform customer segmentation and generate reliable churn
labels from raw, unlabeled transactional data based on latent behavioral structures [16]. In the second stage,
these automated labels are utilized to train high-performance supervised classifiers, specifically Extreme
Gradient Boosting (XGBoost) and Random Forest, which are capable of handling high-dimensional e-
commerce data and capturing non-linear feature interactions [17]. This hybrid framework optimizes prediction
performance while providing a more rigorous and data-driven foundation for understanding the complex
mechanisms of customer churn [18].

The primary objective of this research is to develop and evaluate a robust hybrid predictive analytics
pipeline that automates objective churn labeling within an integrated computational environment. By
combining unsupervised clustering for behavioral pseudo-labeling and high-performance supervised machine
learning for probability prediction, this study aims to resolve the inherent reactivity of traditional RFM analysis.
The central hypothesis is that this two-stage methodology will significantly enhance classification accuracy
and F1-score performance compared to conventional static manual labeling approaches [15]. The originality
of this research lies in its in-depth exploration of feature importance and behavioral transitions within the Olist
e-commerce dataset, providing a comprehensive analytical framework that reveals critical, non-obvious
predictors of customer churn through advanced model interpretability.

2. MATERIALS AND METHOD

Raw Relational Olist Data
Data Preprocessing & Cleaning
Feature Engineering: RFM
Extraction
Unsupervised Learning: K- .| Generates Pseudo-Labels:
Means Clustering = Churn / Active
Class Balancing: SMOTE
Application
Supervised Leamning: XGBoost &
Random Forest Training

v

Evaluation (Stratified Cross-Validation) &
Interpretability Layer (SHAP)

Figure 1. Proposed Hybrid Learning Framework Workflow
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The structured research methodology executed in this study establishes a systematic, hybrid predictive
pipeline designed to automate customer churn classification within a non-contractual e-commerce setting. As
illustrated in Figure 1, the workflow begins with the ingestion and cleaning of raw relational data from the
Olist Brazilian E-commerce dataset, which is subsequently aggregated into individual customer-level Recency,
Frequency, and Monetary (RFM) features. These behavioral features are standardized and passed into a K-
Means clustering algorithm to uncover latent purchasing patterns, automatically generating binary ground-truth
pseudo-labels (0 for Active, 1 for Churn) to resolve the cold-start labeling problem. To mitigate severe class
imbalance within the training set, the Synthetic Minority Over-sampling Technique (SMOTE) is applied before
training high-performance supervised ensemble models, specifically XGBoost and Random Forest. Finally,
the predictive pipeline evaluates model performance through stratified cross-validation and incorporates an
Explainable Al (XAl) layer using SHAP values to unpack model decisions and identify the dominant logistical
and experiential drivers behind customer defection.

2.1. Data Acquisition

The empirical foundation of this research is constructed using the Olist Brazilian E-commerce dataset,
a comprehensive and high-dimensional public repository that records real-world transactional interactions [19],
[20]. This dataset encompasses approximately 100,000 anonymized orders placed between 2016 and 2018
across multiple marketplaces in Brazil, providing a rich source of information for analyzing longitudinal
customer behavior [21]. The data acquisition process involves consolidating several relational tables, including
customer demographics, order status, purchase timestamps, product metadata, and payment details, which are
critical for capturing the multifaceted dynamics of digital retail [22]. By utilizing this extensive transactional
history, the study aims to extract granular behavioral features necessary for accurate churn prediction and the
analysis of customer lifetime value within a competitive market environment [23].

2.2. Data Preprocessing

Data preprocessing is a fundamental stage to ensure the integrity and quality of transactional data before
further analysis [24]. This process involves rigorous data cleaning to identify and mitigate anomalies, such as
incomplete or inconsistent values, which could otherwise lead to biased research outcomes [25]. Systematically
identifying outliers and handling missing values are essential procedures to enhance the overall quality and
reliability of large-scale datasets [26]. Additionally, feature transformation and scaling techniques are
employed to normalize variable ranges, a step that is highly effective for optimizing the performance of
classification algorithms [27]. By implementing these standardized preprocessing protocols, the resulting
predictive models can achieve greater accuracy and robustness in churn forecasting [28].

2.3. Feature Engineering and RFM Extraction

Feature engineering and selection are critical prerequisites for managing high-dimensional transactional
datasets, as they help eliminate irrelevant elements, reduce model complexity, and mitigate the curse of
dimensionality [29]. This study implements a targeted feature extraction process by transforming raw
transactional records into structured Recency, Frequency, and Monetary (RFM) metrics, which serve as the
primary behavioral indicators for predicting customer repurchase behavior [30]. In this pipeline, Recency (R)
is operationalized as the number of days elapsed between a customer's most recent finalized transaction
timestamp and the maximum snapshot date present in the repository [31]. Frequency (F) represents the absolute
volume of distinct, successfully delivered orders placed by an individual customer throughout the longitudinal
observation period [32]. Monetary (M) is computed as the cumulative financial expenditure of a customer,
derived by aggregating the checkout payment values across all valid historical purchases. Furthermore, to
ensure optimal model performance and decrease training time, advanced feature space reduction techniques
are applied to refine the input variables, focusing on those with the highest predictive significance [33]. By
integrating these distilled behavioral features, the framework can capture complex customer trajectories while
maintaining high computational efficiency and predictive accuracy [34]. This structured format guarantees that
tree-based ensemble methods can efficiently map decision boundaries without being hindered by
heterogeneous tabular data types [35].

2.4. Automated Churn Labeling

The unsupervised stage of this research framework utilizes clustering algorithms to objectively identify
natural groupings and behavioral structures within the preprocessed transactional data [36]. Specifically, K-
Means Clustering is applied to the engineered RFM features to partition the customer base into distinct
segments based on their latent similarities [37]. By evaluating the multi-dimensional density space, the
algorithm initially maps out three granular customer archetypes representing active, at-risk, and churned users
[38]. To bridge the gap between unsupervised discovery and supervised predictive modeling, these three
distinct segments are systematically transformed into a structured binary target variable [36]. The customer
cohort exhibiting highly acute recency signatures paired with historically stagnant frequency distributions is

MALCOM - Vol. 6 Iss. 3 April 2026, pp: 1611-1622 1613



MALCOM-06(03): 1611-1622

isolated and designated as the primary segment of interest, receiving a binary pseudo-label of "1" to represent
the churned population [39]. Conversely, the remaining active and at-risk customer clusters which still display
continuous platform interactions are collapsed and assigned a pseudo-label of "0" to represent the active
population [40].

This conversion from multi-class grouping to a dichotomized target framework resolves the persistent
"cold-start" problem of missing ground truth without introducing subjective human thresholds [39]. By training
a high-capacity classifier directly on these data-driven weak signals, the pipeline avoids the extreme spatial
fragmentation typical of naive distance metrics, thereby establishing a transferable and operationally stable
object representation for supervised gradient mapping [41].

2.5.  Predictive Modeling

The supervised stage of this framework involves training advanced classification models using the
behavioral pseudo-labels generated during the previous clustering phase [18]. A significant challenge in this
process is the inherent class imbalance typical of e-commerce transactional data, which can lead to biased
predictions toward the majority class [42]. To mitigate this, the study incorporates the Synthetic Minority Over-
sampling Technique (SMOTE) to balance the class distribution, ensuring the models can accurately identify
the minority churn instances [43]. This research specifically employs two high-performance ensemble
algorithms: Random Forest and eXtreme Gradient Boosting (XGBoost), which are known for their robustness
in handling complex, non-linear datasets [18].

Random Forest is utilized for its ability to construct an ensemble of independent decision trees, which
enhances predictive stability and effectively reduces the risk of overfitting [44]. In parallel, the XGBoost
algorithm is implemented due to its sequential boosting architecture that iteratively minimizes errors from prior
trees to maximize classification accuracy [45]. These ensemble models are further optimized through
hyperparameter tuning to ensure peak performance across varying levels of data imbalance [18]. By integrating
these sophisticated supervised learners with robust resampling strategies, the predictive pipeline provides a
reliable and precise mechanism for forecasting customer churn [46].

2.6. Performance Evaluation and Interpretability

The performance of the hybrid predictive model is evaluated using a comprehensive suite of metrics
designed to provide a rigorous assessment of classification effectiveness within an imbalanced data
environment. While traditional accuracy is measured, it is often considered insufficient for high-stakes business
analytics like churn prediction because it fails to account for the disproportionate impact of the minority class
[47]. Therefore, this study prioritizes robust metrics such as Precision, Recall, and the F1-score to capture the
model's ability to identify true positives while minimizing false alarms [48]. Furthermore, the Matthews
Correlation Coefficient (MCC) is employed as a more reliable indicator for imbalanced binary classification,
as it provides a statistically validated score by incorporating all elements of the confusion matrix [47]. To
ensure model stability, prevent data leakage, and guarantee structural robustness during the training phase, the
evaluation is conducted utilizing a stratified 5-fold cross-validation strategy combined with a standard 80-20
train-test split for definitive performance validation on unseen historical records.

Beyond predictive performance, this research integrates Explainable Al (XAl) techniques to provide
transparency and actionable insights into the model's decision-making process. The study utilizes SHapley
Additive exPlanations (SHAP) values to provide a comprehensive interpretation of model predictions by
quantifying the contribution of each feature to the final output [49]. Unlike built-in feature importance lists,
SHAP values offer a consistent and mathematically grounded approach to ranking variables and understanding
how individual behavioral factors influence the likelihood of customer churn [50]. By combining these
interpretive tools with advanced classification algorithms, the study identifies the most influential variables,
allowing for a deeper understanding of customer churn mechanisms .

3. RESULTS AND DISCUSSION
3.1. Dataset Overview

The data integration phase successfully consolidated five relational tables from the Olist repository,
resulting in a robust primary dataset of 115,720 transactional records with 19 initial features. This high-
dimensional dataset represents a comprehensive snapshot of the Brazilian e-commerce ecosystem between
2016 and 2018 [43]. The consolidation process ensured that each record contained critical dimensions for churn
analysis, including purchase timestamps, payment values, customer locations, and post-purchase feedback.
This large-scale empirical base provides sufficient statistical power to capture complex behavioral patterns and
logistics-driven attrition [44].

3.2.  Exploratory Data Analysis (EDA)
To gain a deeper understanding of the factors influencing customer retention, a series of visual
exploratory analyses were conducted on the merged dataset. The initial assessment focused on the categorical
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distribution of order statuses to ensure the validity of the filtered data. It was confirmed that "delivered" orders
constitute the vast majority of the dataset, representing the successfully completed customer journeys. This
distribution justifies the research focus on finalized transactions to avoid the noise associated with canceled or
unavailable orders. As shown in Figure 2, delivered orders overwhelmingly dominate the dataset, confirming
the appropriateness of restricting the analysis to completed transactions.

Distribution of Order Status
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Figure 2. Distribution of Order Status

The temporal analysis of orders from 2016 to 2018 reveals a significant upward trajectory in transaction
volume, reflecting the rapid expansion of the digital market. A notable peak in order volume is observed in late
2017, specifically around November, which coincides with major global retail events such as Black Friday.
This growth pattern indicates a maturing marketplace but also highlights the increasing operational pressure
on sellers to maintain service quality amidst seasonal surges in demand. As shown in Figure 3, the monthly
order volume exhibits a clear upward trend over the observation period, with a pronounced spike occurring in
late 2017.
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Figure 3. Monthly Order Trend (2016 — 2018)

The distribution of customer review scores serves as a primary proxy for overall satisfaction and a
potential leading indicator for churn. The data exhibits a bimodal distribution where a significant majority of
transactions received a perfect score of 5, yet a substantial "unhappy" segment is clearly visible through a spike
in 1-star reviews. This polarization suggests that customers tend to be either highly satisfied or significantly
disgruntled, reinforcing the importance of using satisfaction levels as a critical predictor for the supervised
churn model. As shown in Figure 4, customer review scores are concentrated at the extreme ends of the scale,
with ratings of 5 and 1 occurring most frequently.

Logistics efficiency was measured through the delivery duration feature, which is a known driver of
customer churn in expansive geographical regions. The resulting histogram shows a distribution that is heavily
skewed to the right, with the majority of deliveries completed within a window of 10 to 15 days. However, a
significant "long tail" is evident, with some deliveries extending up to 60 days. This wide variability in delivery
performance is a crucial finding, as prolonged wait times are likely to distinguish churned users from those
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who remained active. As shown in Figure 5, delivery durations are concentrated within the 10-15 day range,
although a long right tail indicates the presence of substantially delayed deliveries.
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Figure 4. Distribution of Customer Review Scores
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Figure 5. Distribution of Delivery Duration (Days)

3.3. Data Preprocessing

The data preprocessing phase began with the comprehensive integration of multiple relational tables,
followed by a rigorous filtering process to include only transactions with a "delivered" status. This ensured that
the analysis focused strictly on successful customer interactions. By consolidating the data, the finalized
primary dataset reached 115,720 records, providing a holistic view of each transaction. Addressing data
incompleteness was the next critical step; missing values in the review score column were handled using mean
imputation, while financial variables like price and freight were populated with zeros. Null values in delivery
timestamps were substituted with the mean duration to prevent row-wise deletion.

Feature engineering was then conducted to transform raw logs into high-level behavioral indicators
through customer-level aggregation. This process derived the core Recency, Frequency, and Monetary (RFM)
metrics, which serve as the primary proxies for customer loyalty. To enhance predictive power, supplemental
predictors including average delivery duration, payment installments, and mean review scores were integrated.
These engineered features were specifically designed to capture the multi-dimensional nature of the customer
experience, providing the necessary inputs for the model to distinguish between active and churned users.

This targeted imputation workflow is functionally and empirically justified for tree-based ensemble
algorithms like XGBoost. Populating missing review scores with product-category-specific statistical means
preserves baseline localized variances and minimizes structural data loss without relying on heavy assumptions
[51]. Because gradient-boosted trees determine optimal data splits through loss reduction rather than distance
metrics, substituting mean values prevents row-wise erasure while introducing negligible distortion into the
global prediction boundaries [52]. Furthermore, downstream predictive benchmarks show that achieving
minimal point-wise numerical error does not necessarily equate to better classification skill, and powerful tree-
based models are robust enough to overcome local imputation noises to preserve accurate global feature
attribution and mathematical interpretability [53]. Figure 6 shows that the engineered features generally exhibit
low to moderate correlations, with the strongest relationships observed between Frequency and Freight Value,
as well as Monetary and Price. These results suggest that the selected variables provide complementary
information for churn prediction.
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Feature Correlation Matrix
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Figure 6. Feature Correlation Matrix

3.4. Clustering Result

The unsupervised learning stage was executed by applying the K-Means Clustering algorithm to the
standardized Recency, Frequency, and Monetary (RFM) features. Standard scaling was implemented prior to
clustering to ensure that each behavioral dimension contributed equally to the distance calculations, preventing
variables with larger units from biasing the segment formation. By partitioning the unique customer base into
three distinct clusters, the algorithm successfully uncovered the natural behavioral structures within the Olist
marketplace without requiring predefined business rules.

The resulting clusters were evaluated through a centroid analysis to identify the specific characteristics
of each segment. As shown in the cluster visualizations, Cluster 0 was identified as the primary segment of
interest for churn analysis. In the two-dimensional and three-dimensional scatter plots, Cluster O is clearly
positioned at the higher end of the standardized Recency axis. This spatial positioning indicates that members
of this group have the longest duration of inactivity compared to the other segments. While other clusters
represented customers with recent transactions or varying levels of monetary value, the high-recency profile
of Cluster 0 objectively characterizes it as the churned population.

1
Recen oy 5 +

Figure 7. 3D RFM Clusters
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To prepare the data for the supervised modeling stage, an automated labeling mechanism was used to
convert these unsupervised groupings into a binary target variable, effectively collapsing multi-dimensional
spaces into definitive action vectors [40]. Cluster 0 was assigned the pseudo-label of "1" (Churn), while the
remaining clusters were combined into the label "0" (Active). This process effectively transformed the
unlabeled transactional history into a structured dataset, resulting in a final distribution of 38,233 churned users
and 55,124 active users.

This data-driven ground truth serves as the objective foundation for training the classification models
to predict future customer defection based on broader behavioral and logistics features. Empirical validation
indicates that modeling normal calling or purchasing habits dynamically is essential for distinguishing true
anomalies, and utilizing sequential boosting algorithms allows the downstream classifier to extract accurate
decision boundaries despite the imperfect nature of the initial heuristic pseudo-labels [39].

3.5. Predictive Modeling Performance

Following the automated labeling phase, the structured dataset was utilized to train an eXtreme Gradient
Boosting (XGBoost) classifier to predict customer churn. To ensure the model's robustness against the inherent
class imbalance where active users significantly outnumbered churned users the Synthetic Minority Over-
sampling Technique (SMOTE) was applied to the training set. This resampling strategy was critical in allowing
the model to learn the characteristic features of the minority churn class more effectively, preventing the
classifier from developing a bias toward the majority class.

Through a systematic grid search optimization configuration, the optimal hyperparameter structure for
the XGBoost architecture was locked at a maximum depth (max_depth) of 6, a learning rate (learning_rate) of
0.1, and an ensemble size (n_estimators) of 150. This fine-tuned tree structure balances local optimization
constraints with global generalization boundaries (EI Attar 2026). The model was validated using a stratified
5-fold cross-validation framework paired with an 80-20 train-test split, ensuring that its performance metrics
reflect its true ability to generalize to previously unseen transactional data within the Olist ecosystem.

3.6.  Model Interpretability and Feature Attribution (SHAP)

To address the inherent "black-box" nature of the XGBoost ensemble model, this study integrated
SHapley Additive exPlanations (SHAP) to provide transparency and local interpretability of the churn
predictions. By calculating the contribution of each feature to the final prediction, the SHAP analysis quantified
how specific behavioral and logistical variables shift the model’s output towards either an active or churned
state. This interpretability layer is essential not only for validating the model's logic against known business
theories but also for providing actionable insights that can be utilized for targeted customer retention strategies.

The SHAP global summary plot highlights the feature importance and the direction of influence for
each variable used in the supervised learning stage. The results indicate that delivery duration and review score
emerged as the most dominant predictors of customer churn within the Olist ecosystem. Specifically, higher
values of delivery duration (represented by high-intensity feature values in the SHAP plot) significantly
increase the probability of a churn prediction. This confirms that logistical friction points directly drive
customers away from the platform [54].

Conversely, lower review scores were also strongly associated with a higher likelihood of defection,
indicating that negative customer experiences are immediate triggers for platform abandonment. This behavior
chain confirms that logistics service quality functions as a prerequisite for digital customer satisfaction, where
long waiting times directly damage long-term platform trust [55].

Interestingly, financial metrics such as price and freight value displayed a lower global impact in the
SHAP attribution hierarchy. This empirical pattern demonstrates that in expansive geographical regions,
operational service metrics and delivery punctuality hold greater weight in maintaining customer loyalty than
pure price dynamics [20]. By prioritizing delivery duration over financial metrics, the optimized XGBoost
classifier successfully maps the true underlying vulnerabilities of modern digital marketplaces [54].

3.7.  Discussion

The experimental results demonstrate the efficacy of a hybrid unsupervised-supervised framework in
addressing the challenge of unlabeled transactional data. By achieving a predictive accuracy of 72%, this study
proves that the labels generated through K-Means Clustering are not only statistically significant but also carry
enough behavioral signals to be reconstructed by an independent supervised learner. The high recall rate of
0.69 for the churn class is particularly noteworthy, as it suggests the model is capable of identifying the majority
of at-risk customers despite the high sparsity and "one-and-done" purchase patterns common in the Olist
dataset. This hybrid approach effectively bypasses the limitations of manual labeling, providing a scalable
solution for e-commerce platforms that lack explicit churn feedback mechanisms.

The findings regarding feature importance provide a deeper understanding of the specific triggers for
customer churn in the Brazilian e-commerce market. The dominance of delivery duration as a primary driver
of churn, as revealed by the SHAP analysis, aligns with the logistical complexities inherent in expansive
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geographical regions. This result confirms that in the digital retail landscape, service performance specifically
logistics efficiency often outweighs financial factors such as price in maintaining customer loyalty. When
compared to previous research, such as the study conducted by [45] which highlighted financial metrics as
primary churn drivers in different market contexts, this research underscores the unique "logistics-centric"
nature of the Olist marketplace, where shipping delays directly translate into a higher probability of customer
churn.

From a comparative perspective, the achieved performance of this hybrid pipeline is highly competitive
with existing benchmarks for public transactional datasets. While traditional supervised models often rely on
pre-labeled datasets to achieve higher accuracy, they frequently fail to account for the "cold-start" problem
where labels are non-existent. The integration of K-means as a labeling engine, followed by an optimized
XGBoost classifier, offers a more robust methodology for real-world applications. This architecture shifts the
focus of e-commerce predictive analytics from a naive black-box classification model to a transparent, risk-
modeling environment that explicitly explains why a customer is likely to defect [56].

The managerial implications of this study are significant for e-commerce operators seeking to
implement proactive retention strategies. Rather than deploying generic, high-cost marketing campaigns,
managers can utilize the SHAP-based insights to execute personalized retention targeting based on specific
customer transaction boundaries [56]. For instance, customers flagged as at-risk due to high delivery duration
could be offered shipping vouchers or priority handling for future orders to mitigate their dissatisfaction.

Furthermore, the strong correlation between review scores and customer churn suggests that real-time
monitoring of customer feedback is essential. Immediate recovery efforts directed at customers who provide
low ratings could prevent them from migrating to a permanent churn state [57]. Ultimately, this predictive
framework allows businesses to transition from reactive troubleshooting to an interpretability-driven loyalty
management system, creating a highly stable foundation for long-term operational excellence [58].

4. CONCLUSION

This research concludes that a hybrid unsupervised-supervised learning approach is a highly effective
methodology for churn prediction in e-commerce environments lacking explicit ground-truth labels. By
utilizing K-Means Clustering on Recency, Frequency, and Monetary (RFM) features, the study successfully
identified a distinct churn segment characterized by high inactivity, which subsequently served as the target
variable for predictive modeling. The implementation of an optimized XGBoost classifier, supported by the
SMOTE resampling technique, achieved a robust predictive performance with an overall accuracy of 72% and
a churn recall rate of 0.69. These results validate that integrated behavioral patterns and logistics-driven
features provide sufficient statistical signals to forecast customer churn with high reliability.

The novelty of this study lies in the seamless integration of automated labeling and Explainable Al
(XAl) specifically tailored for a high-dimensional e-commerce marketplace. Unlike traditional models that rely
on static, manually defined churn rules, this framework utilizes data-driven clusters as pseudo-labels, bridging
the gap between unsupervised discovery and supervised prediction. Furthermore, the application of SHAP
values provides a critical layer of transparency, revealing that delivery duration and customer review scores
are more dominant predictors of churn than financial metrics. This offers a new empirical perspective on
customer loyalty in expansive geographical regions like Brazil, where logistics efficiency acts as the primary
driver of customer retention.

For future research, it is suggested to incorporate deep learning architectures, such as Recurrent Neural
Networks (RNN) or Transformers, to more granularly capture the sequential and temporal nature of customer-
platform interactions. Additionally, the inclusion of external variables such as real-time competitor pricing,
macroeconomic indicators, and social media sentiment could further enhance the model’s predictive precision.
Future studies should also consider validating this hybrid framework across diverse e-commerce datasets from
different global markets to test its generalizability and to identify whether the logistics-centric churn drivers
found in this study remain consistent across varying consumer behaviors and geographical contexts.
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