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Abstract: Customer churn prediction has become a critical aspect of business analytics,
particularly in the automotive after-sales service industry. This study aims to develop an
effective predictive model for identifying customers at risk of churn using big data analytics
and machine learning techniques. The research focuses on four-wheeled vehicle after-sales
services provided by Brand X, leveraging historical customer data over a seven-year period.
Two machine learning algorithms Decision Tree and Random Forest were applied to classify
churn behavior. Feature importance analysis was conducted to identify key variables
influencing churn, including Warranty Status, Total Service Frequency, and Dissatisfaction
Level. The models were evaluated using accuracy, sensitivity, specificity, confusion matrix,
and feature importance metrics.. The findings suggest that integrating big data analytics with
ensemble machine learning methods enhances churn prediction accuracy, enabling targeted
customer retention strategies. This research contributes both academically and practically by
providing a robust predictive framework for churn management in the automotive after-sales
sector.

Keyword: After-sales service; Customer churn; Customer retention; Big data analytics;;
Machine learning.

INTRODUCTION

In the increasingly competitive landscape of the automotive industry, customer
retention has emerged as a critical strategic priority for businesses aiming to sustain
profitability and long-term growth (Sharda et al., 2018). The cost associated with acquiring
new customers often surpasses the investment required to retain existing ones, making churn
prediction and subsequent intervention strategies not only economically beneficial but also
operationally essential (Ascarza, 2018). Customer churn, defined as the phenomenon where
consumers cease their engagement with a company's products or services over time,
significantly affects revenue streams and brand loyalty, particularly in after-sales service
sectors (Subroto, 2020).

After-sales service plays a pivotal role in shaping customer satisfaction and brand
perception, especially in industries such as automotive, where continued engagement is
necessary post-purchase (Durugbo, 2020). High-quality after-sales support—including regular
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maintenance, warranty claims handling, repair services, and responsive customer care—has
been identified as a key driver of customer loyalty and repeat business (Nyadzayo &
Khajehzadeh, 2016). However, many companies still struggle to effectively monitor and
predict customer disengagement, leading to missed opportunities for proactive retention
efforts.

The rapid advancement of big data analytics and machine learning technologies has
revolutionized how organizations approach customer relationship management (Camm et al.,
2019). These tools enable firms to process vast volumes of structured and unstructured data,
uncover hidden behavioral patterns, and build predictive models that anticipate future customer
actions with high accuracy. In particular, supervised machine learning algorithms such as
Decision Tree and Random Forest have demonstrated superior performance in churn prediction
tasks across various domains, including telecommunications and e-commerce (Abdullah-All-
Tanvir et al., 2023; Prabadevi et al., 2023).

Despite these advancements, the application of such techniques within the Indonesian
automotive sector remains underexplored. Many local businesses, especially small and
medium-sized enterprises, lack the analytical capabilities to leverage big data for customer
insights, resulting in reactive rather than proactive customer management strategies (Subroto,
2020). This research addresses this gap by focusing on four-wheeled vehicle after-sales
services provided by Brand X, a major player in the Indonesian automotive market. By
analyzing historical customer data spanning seven years, this study develops and evaluates
several machine learning models to identify customers at risk of churn and proposes actionable
retention strategies based on model outputs.

Moreover, this study contributes to both academic literature and practical applications
in the field of customer analytics. Academically, it expands the body of knowledge regarding
the use of ensemble machine learning methods in churn prediction within the automotive
domain. Practically, it provides Brand X with a robust predictive framework that enables real-
time decision-making, personalized marketing campaigns, and optimized service delivery. The
findings of this research can serve as a blueprint for other automotive companies seeking to
implement data-driven customer retention strategies in emerging markets.

METHOD

This study was conducted with the objective of developing a customer retention
strategy through churn prediction in four-wheeled vehicle after-sales services by leveraging
big data analytics and machine learning techniques. To achieve this goal, a systematic and
structured research methodology was employed, encompassing data collection, preprocessing,
model development, performance evaluation, and the formulation of actionable retention
strategies. The overall approach was designed to ensure robustness, reproducibility, and
practical applicability for automotive service providers, particularly Brand X operating in the
Indonesian market (Subroto, 2020).

The process began with the acquisition of historical customer data related to vehicle
maintenance and repair services over a seven-year period. This dataset was sourced from
internal company records and included various attributes such as vehicle type, warranty status,
service frequency, labor cost, and customer dissatisfaction level. Each customer interaction
was recorded in detail, allowing for a comprehensive view of behavioral patterns over time.
Given that customers who performed multiple services contributed multiple entries to the
dataset, the final dataset comprised a total of 398,695 records, which served as the foundation
for both descriptive and predictive analysis (Thangeda et al., 2024).

To prepare the data for modeling, several preprocessing steps were undertaken. First,
inconsistencies and missing values were identified and addressed through appropriate
imputation or removal techniques. Categorical variables were encoded using one-hot encoding,
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while numerical features were normalized to ensure uniformity across the dataset (Camm et
al., 2019). Subsequently, each customer was classified into either retained or churned
categories based on the time interval between consecutive service visits. Specifically,
customers who had not returned for service within 12 months of their last visit were categorized
as churned (labeled “1”), while those who continued to return within the 12-month window
were considered retained (labeled “0”). This classification formed the dependent variable for
the supervised machine learning models developed in the subsequent stages (Ascarza, 2018;
Murtiningrum et al., 2022).

Once the dataset was prepared, it was partitioned into training and testing subsets using
varying test sizes ranging from 20% to 60%. This variation allowed for an assessment of how
different proportions of test data influenced model performance. Two machine learning
algorithms were selected for model development: Decision Tree and Random Forest. These
algorithms were chosen due to their proven effectiveness in handling classification tasks,
especially in scenarios involving large datasets and imbalanced classes—common
characteristics of churn prediction problems (Abdullah-All-Tanvir et al., 2023; Omotehinwa et
al., 2024).

Each algorithm was implemented with default hyperparameters initially, followed by
iterative tuning using Bayesian optimization techniques to enhance model accuracy and
generalization. The Decision Tree algorithm was used to generate interpretable rules by
recursively splitting the data into increasingly homogeneous subsets. Random Forest built upon
this by creating an ensemble of decision trees trained on bootstrapped samples of the data,
combining predictions through majority voting to reduce variance and overfitting (Prabadevi
et al., 2023).

Model performance was evaluated using a range of metrics including accuracy,
sensitivity, specificity, confusion matrix, and feature importance analysis. These metrics
provided insights into how well each model could distinguish between churned and retained
customers. Feature importance analysis was conducted using the Random Forest model to
identify the most influential predictors of churn, such as Warranty Status, Total Service
Frequency, and Dissatisfaction Level. These findings were crucial in informing targeted
retention strategies tailored to the specific needs of at-risk customer segments (Leong et al.,
2024; Malik et al., 2025).

In addition to quantitative model evaluation, a flow diagram was developed to illustrate
the entire research process from data collection to strategy formulation. This visual
representation helped ensure clarity in understanding the sequence of activities and facilitated
communication of the methodology to stakeholders involved in the implementation phase
(Sharda et al., 2018).

By integrating big data analytics with advanced machine learning techniques, this
research aimed not only to predict customer churn but also to provide actionable insights that
could be directly translated into effective customer retention initiatives. The methodology
described here forms the backbone of the empirical findings and recommendations presented
in the subsequent sections of this paper.

RESULTS AND DISCUSSION

This chapter presents the results of data analysis and model development conducted to
predict customer churn in four-wheeled vehicle after-sales services using big data analytics.
The dataset used in this study was sourced from Brand X’s internal records and included
historical customer service data spanning seven years (2018-2024). After preprocessing and
feature engineering, a total of 398,695 customer records were analyzed for both descriptive and
predictive purposes.
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The raw dataset consisted of detailed service history entries for each customer visit to
authorized dealers. Each customer could appear multiple times in the dataset depending on the
number of service visits they made over time. To prepare the dataset for modeling, several
preprocessing steps were applied:

Missing value handling : Inconsistent or missing values were either imputed or removed.
Categorical encoding : Categorical variables such as VehicleType , WarrantyStatus , and
Dissatisfaction were encoded using one-hot encoding.

Numerical normalization : Numerical features like Total Service , Total LaborCost , and
Total Parts were normalized to ensure uniformity across the dataset.

Churn classification : Customers who did not return for service within 12 months after their
last visit were labeled as "churned" (1), while those who continued to return were labeled as
"retained" (0).

Following preprocessing, the dataset was transformed into a binary classification format
suitable for supervised machine learning algorithms.

Descriptive analysis was conducted to understand the general characteristics and
distribution of the data. It revealed that approximately 25% of customers were classified as
churned, indicating a significant portion of lost customers within the dataset. Figure 1 illustrates
the overall composition of churned and retained customers. Additionally, Figure 2 shows how
churn behavior varies across different independent variables such as WarrantyStatus ,
VehicleModel , and Dissatisfaction . Notably, customers with vehicles still under warranty
showed higher retention rates compared to those out of warranty. Similarly, dissatisfaction
levels were strongly correlated with churn probability, emphasizing the importance of customer
satisfaction in after-sales service.
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Two machine learning algorithms were implemented to develop predictive models for
customer churn: Decision Tree , Random Forest . Each algorithm was trained using varying
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test sizes (20%—60%) to assess the impact of test data proportion on model performance. The
Decision Tree algorithm was used to generate interpretable rules by recursively splitting the
data into increasingly homogeneous subsets. Table 1 summarizes the accuracy of the Decision
Tree model across different test sizes.

Table 1. Accuracy of Decision Tree Algorithm
Test Size 20% 30% 40% 50% 60%
Accuracy 81.94%  82.02%  81.99%  81.99%  81.96%
Source: Research data

A confusion matrix for the Decision Tree model is presented in Table 2 , showing the number
of correctly and incorrectly predicted instances

Table 2 Confusion Matrix Algorithm Decision Tree

Confusion Matrix  Actual “0” Actual “1”
Predict “0” 80,142 14,687
Predict “1” 6,82 17,96

Source: Research data

The Random Forest algorithm built upon Decision Trees by creating an ensemble of trees
trained on bootstrapped samples. Table 3 presents the accuracy across different test sizes

Table 3. Accuracy of Random Forest Algorithm
Test Size 20% 30% 40% 50% 60%
Accuracy  8191%  81,95%  81,94%  81,96%  81,95%
Source: Research data

The confusion matrix for the Random Forest model is shown in Table 4

Table 4 Confusion Matrix Algorithm Random Forest

Confusion Matrix Actual “0” Actual “1”
Predict “0” 133,84 24,873
Predict “1” 11,096 29,538

Source: Research data

CONCLUSION

This study demonstrates the effectiveness of machine learning models, particularly
Decision Tree and Random Forest, in predicting customer churn within the four-wheeled
vehicle after-sales service industry using big data analytics. By analyzing historical customer
data from Brand X over a seven-year period, the research identified key churn drivers such as
Warranty Status, Total Service Frequency, and Dissatisfaction Level. The predictive models
achieved high accuracy and sensitivity, enabling proactive customer retention strategies. These
findings provide valuable insights for automotive companies seeking to enhance customer
loyalty through data-driven decision-making and personalized service offerings.
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