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Abstract: Customer churn presents a critical challenge for e-commerce businesses, directly impacting
revenue and limiting long-term growth potential. Proactively identifying customers at risk of leaving is
essential for implementing targeted retention strategies. This survey examines the development and
application of predictive models for churn detection by analyzing various aspects of customer behavior and
purchasing patterns. Leveraging a comprehensive dataset that includes transaction history, browsing
behavior, and engagement metrics, we explore a range of machine learning techniques, including logistic
regression, decision trees, random forests, and neural networks, for building effective churn prediction
models.

Key features influencing churn, such as purchase frequency, recency, average order value, and browsing
patterns, are carefully analyzed and engineered to enhance model performance. We discuss the impact of
feature selection, engineering, and data preprocessing techniques, such as handling missing values,
normalization, and transformation of categorical data, on the predictive accuracy of these models.

The results of this survey demonstrate that integrating customer behavioral data with advanced machine
learning methods significantly improves churn prediction compared to traditional approaches. Notably,
neural networks and ensemble methods like random forests outperform simpler models by capturing
complex, non-linear patterns in customer data. This enables businesses to preemptively identify at-risk
customers and implement personalized retention efforts, such as tailored marketing campaigns and targeted
offers.
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businesses to take proactive measures, such as personalized
offers, targeted marketing, and enhanced customer service, to

1. INTRODUCTION

Customer churn, the process by which customers stop
doing business with a company, is a critical issue for e-
commerce businesses. It directly impacts revenue, customer
lifetime value, and overall profitability, making churn
reduction a top priority for businesses looking to sustain
growth. As the e-commerce landscape becomes increasingly
competitive, retaining existing customers is more cost-
effective than acquiring new ones, highlighting the
importance of effective customer retention strategies.
Identifying at-risk customers before they churn allows
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improve satisfaction and loyalty. However, predicting churn
is complex, as it requires understanding and analyzing a vast
array of customer behaviors and purchase patterns that can
signal an intent to disengage.

This study aims to develop robust predictive models that
identify potential churners by examining various aspects of
customer behavior and purchase history. By leveraging a
comprehensive dataset of customer interactions, including
transaction history, browsing data, and engagement metrics,
we employ a range of machine learning techniques to build
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accurate churn prediction models. The methods explored in
this research include logistic regression, decision trees,
random forests, and neural networks, each offering distinct
advantages in capturing different patterns and relationships
within the data. These models are trained to recognize the
subtle cues that often precede customer churn, such as
changes in purchasing habits, declining engagement, or shifts
in browsing behavior, enabling businesses to intervene
effectively before it is too late.

Importance of Customer Churn Prediction

Customer churn prediction plays a pivotal role in modern
e-commerce strategies. High churn rates can severely impact
business profitability, as acquiring new customers is often
significantly more expensive than retaining existing ones.
Studies have shown that a small increase in customer
retention can lead to a substantial increase in profitability,
making churn reduction a high-value business objective.
Predicting churn allows companies to identify customers who
are likely to leave, thereby enabling targeted interventions
that can re-engage them. By focusing on these high-risk
customers, e-commerce businesses can optimize their
marketing spend, improve customer satisfaction, and
ultimately foster long-term loyalty.

The primary challenge in churn prediction lies in
accurately identifying which customers are at risk and
understanding the factors that drive their decisions to leave.
Customer behavior in e-commerce is multifaceted, involving
complex interactions with the platform, including browsing,
purchasing, returning items, and engaging with customer
support. These interactions generate vast amounts of data
that, when properly analyzed, can reveal actionable insights
about customer preferences, pain points, and disengagement
signals. Machine learning models are particularly well-suited
for this task, as they can process large datasets and uncover
patterns that are not immediately apparent through traditional
statistical analysis.
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Figure 1: Conceptual Framework

Machine Learning Techniques for Churn Prediction

This study utilizes various machine learning techniques,
including logistic regression, decision trees, random forests,
and neural networks, to develop predictive models for
customer churn. Each of these methods offers unique
strengths and contributes to the overall understanding of
churn dynamics:

e Logistic Regression: As one of the most commonly
used statistical methods for binary classification
problems, logistic regression is often used as a
baseline model in churn prediction studies. It
estimates the probability of a customer churning
based on independent variables, such as purchase
frequency and recency. Although straightforward,
logistic regression is limited in capturing non-linear
relationships between variables, making it less
effective in complex scenarios.

e Decision Trees: Decision trees offer a more
intuitive approach, splitting data into branches based
on feature values, which helps in understanding the
hierarchical importance of different factors
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influencing churn. They are easy to interpret and can
handle both numerical and categorical data.
However, decision trees are prone to overfitting,
especially when dealing with noisy or unbalanced
data.

e Random Forests: To address the limitations of
decision trees, random forests combine multiple
decision trees to form an ensemble model that
improves prediction accuracy and robustness. This
approach  reduces overfitting and enhances
generalizability by averaging the results of many
decision trees. Random forests can capture complex,
non-linear relationships between features, making
them highly effective for churn prediction.

o Neural Networks: Neural networks, particularly
deep learning models, excel in handling large
datasets with high-dimensional features. They can
learn complex patterns and interactions between
variables, making them well-suited for capturing
subtle behavioral changes that precede churn.
Despite their power, neural networks require
extensive computational resources and are less
interpretable than simpler models, which can pose
challenges in understanding the specific factors
driving churn.

Feature Engineering and Data Processing

Feature engineering is a critical component of building
effective churn prediction models. In this study, we extract
and engineer key features such as purchase frequency,
recency, average order value, browsing behavior, and
engagement metrics. These features are selected based on
their relevance to churn behavior and their ability to enhance
model performance. For example, customers who frequently
visit the website but have not made recent purchases may
exhibit signs of churn, while those with declining average
order values may be at risk of disengaging.

Data preprocessing steps are also essential to refine the
models’ effectiveness. This involves handling missing data,
normalizing numerical features, and encoding categorical
variables. Missing data can skew model predictions, so
techniques such as mean imputation, forward filling, or more
sophisticated methods like k-nearest neighbors (KNN)
imputation are used to address gaps. Normalization ensures
that numerical features contribute equally to the model, while
encoding categorical variables transforms them into a format
that machine learning algorithms can process.
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2. LITERATURE REVIEW

The Customer churn prediction has gained considerable
attention in e-commerce due to its significant impact on
revenue and customer retention. Various studies have
explored machine learning techniques and data-driven
approaches to improve churn prediction accuracy, providing
valuable insights into the complex dynamics of customer
behavior. This literature survey reviews recent advancements
and comparative analyses of methodologies used in
predicting customer churn in e-commerce settings.

Sunarya et al. (2024) conducted a comparative study of
logistic regression and random forest algorithms to predict
customer behavior in e-commerce platforms. Their research
highlighted the strengths and limitations of each model, with
logistic regression providing better interpretability and
random forests offering superior predictive accuracy due to
its ensemble nature. The study emphasized the importance of
feature engineering, particularly the extraction of key
behavioral indicators such as purchase frequency and recency,
in enhancing model performance. The authors concluded that
integrating both models could lead to more robust churn
prediction strategies, leveraging the interpretability of logistic
regression and the complexity-handling capabilities of
random forests [1].

Al Rahib et al. (2024) explored the use of various
machine learning algorithms for customer data prediction and
analysis in e-commerce. Their research demonstrated the
effectiveness of models like decision trees, support vector
machines (SVM), and neural networks in predicting churn.
By focusing on the preprocessing of data, such as
normalization and handling missing values, the study showed
significant improvements in model accuracy. The authors
also highlighted the importance of selecting appropriate
features, such as average order value and browsing patterns,
to enhance the interpretability and effectiveness of churn
prediction models [2].

Shaker Reddy et al. (2024) proposed a machine learning-
based business intelligence approach to prevent customer
churn in e-commerce platforms. Their research focused on
combining predictive modeling with actionable business
insights, aiming to translate churn predictions into effective
retention strategies. The study utilized ensemble methods and
neural networks to capture complex, non-linear relationships
between customer behaviors and churn risk. By integrating
business intelligence with predictive analytics, the research
emphasized the potential of personalized retention strategies
to improve customer satisfaction and reduce churn rates [3].

Saputri et al. (2024) examined the role of data science in
optimizing e-commerce success through customer churn
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prediction. Their study involved organizing webinars and
workshops to disseminate knowledge on the use of data-
driven approaches in churn prediction. The research
highlighted the growing importance of educational initiatives
in equipping businesses with the skills needed to leverage
advanced machine learning models. By fostering
collaboration between academia and industry, the study
aimed to bridge the gap between theoretical research and
practical implementation of churn prediction models [4]

Zhang and Wei (2024) explored a personalized and
contextualized approach to churn prediction using
Bidirectional Long Short-Term Memory (Bi-LSTM) models.
Their research focused on enhancing customer retention
through deep learning models capable of capturing sequential
and contextual patterns in customer behavior. By integrating
personalized data such as browsing history and transaction
sequences, the Bi-LSTM model outperformed traditional
models, providing higher predictive accuracy and deeper
insights into individual churn behaviors. The study
highlighted the value of contextual data in refining churn
prediction strategies for e-commerce businesses [5]

Coolwijk et al. (2024) introduced a novel approach to
churn prediction using Vision Transformer models, which
applied radar chart image classification techniques to non-
subscription-based e-commerce data. This study was unique
in using visual data representations to capture complex
behavioral patterns. The Vision Transformer model proved
effective in identifying churn trends, showcasing the
potential of image-based classification techniques for
predicting customer churn in e-commerce environments
where traditional tabular data might not fully capture
behavioral intricacies [6]

Shobana et al. (2023) developed a machine learning-based
business intelligence strategy for churn prevention in e-
commerce. The study used a combination of classification
algorithms, including decision trees and SVMs, to predict
churn and suggest business strategies for retention. The
research emphasized the integration of predictive models
with real-time data analysis, allowing businesses to
dynamically adjust their retention efforts based on the latest
customer behavior patterns. The findings underscored the
importance of a data-driven approach in maintaining
customer loyalty in a competitive market [7]

Nagaraj et al. (2023) presented an e-commerce customer
churn prediction scheme based on customer behavior using
machine learning. The study employed techniques such as K-
means clustering and ensemble methods to segment
customers and predict churn likelihood. By focusing on
behavioral segmentation, the research demonstrated that
understanding distinct customer profiles could significantly
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improve the accuracy and relevance of churn predictions. The
study highlighted the value of clustering techniques in
identifying high-risk customer groups for targeted retention
interventions [8].

Tang and Ya’acob (2023) investigated churn prediction
for an e-commerce marketplace in Malaysia, highlighting
regional and cultural factors influencing customer behavior.
The study employed machine learning models to analyze
local market dynamics and identify churn patterns specific to
the Malaysian e-commerce context. The research
underscored the need for context-specific models that
account for regional differences in customer behavior,
emphasizing that churn prediction models must be adaptable
to diverse market conditions [9].

Oztiirk et al. (2023) explored machine learning-based
churn analysis for sellers on e-commerce marketplaces.
Unlike traditional customer churn studies, this research
focused on predicting churn among marketplace sellers, who
play a crucial role in platform success. The study utilized
classification algorithms, including logistic regression and
random forests, to assess the risk of sellers leaving the
platform. This novel approach provided insights into the
broader application of churn prediction beyond individual
customers, extending its relevance to multi-sided e-
commerce ecosystems [10].

Baghla and Gupta (2022) conducted a performance
evaluation of various classification techniques for customer
churn prediction in e-commerce. Their comparative study
included algorithms like Naive Bayes, SVM, and neural
networks, assessing their effectiveness across different
datasets and feature sets. The research identified neural
networks and ensemble methods as the most reliable models
for churn prediction, capable of handling complex and
diverse customer data. The study provided a comprehensive
analysis of model performance, guiding practitioners in
selecting the most suitable algorithms for their specific churn
prediction needs [11].

Matuszelanski and Kopczewska (2022) combined spatial
and machine learning approaches to predict customer churn
in retail e-commerce. Their research incorporated geographic
data, exploring how location-based factors influence
customer behavior and churn risk. The study found that
spatial variables, such as proximity to competitors or urban
density, significantly impacted churn rates, suggesting that
incorporating spatial analysis could enhance traditional churn
prediction models. This innovative approach highlighted the
importance of considering external environmental factors in
churn analysis, expanding the scope of data inputs used in
predictive modeling [12].
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Mena et al. (2023) [13] explored the use of time-varying
Recency, Frequency, and Monetary (RFM) metrics in
customer churn prediction. Their study leveraged deep neural
networks to model customer behavior, demonstrating that
incorporating time-varying features can significantly improve
churn prediction performance. This approach captures the
temporal dynamics of customer interactions, offering a more
precise understanding of churn behavior over time.

Amin et al. (2023) [14] investigated adaptive learning for
customer churn prediction in the telecommunications
industry. By integrating evolutionary computation with
Naive Bayes, they proposed a model that adapts to changing
customer behaviors. Their results showed that adaptive
learning techniques outperform traditional models, especially
in handling dynamic customer data and improving prediction
accuracy in a fast-evolving sector like telecommunications.

Shobana et al. (2023) [15] focused on customer churn
prevention in the e-commerce sector by applying machine
learning-based business intelligence strategies. Their
approach emphasized the importance of feature engineering
and data-driven insights to predict churn effectively,
underscoring the role of real-time customer behavioral data
in developing responsive retention strategies.

Sharma (2023) [16] conducted a study on predictive
modeling for churn measurement and prevention. The paper
emphasized the importance of timely intervention and the
application of predictive models to minimize customer loss.
Sharma’s work reinforced the idea that predictive analytics
can be a cornerstone of customer relationship management
strategies aimed at reducing churn.

Tran et al. (2023) [17] examined churn prediction models
in the banking sector. Their research employed various
machine learning classification techniques, including
decision trees and random forests, to predict customer churn
based on transaction histories and demographic data. The
study highlighted the applicability of machine learning
models in financial services, where predicting churn can lead
to personalized financial offers and improved customer
engagement.

Kamble et al. (2023) [18] also addressed churn in the
banking industry, focusing on the need for robust predictive
models. Their work highlighted the effectiveness of ensemble
methods like random forests in accurately capturing complex
relationships in customer data, leading to more reliable churn
predictions.

Lukita et al. (2023) [19] explored the broader implications
of digital transformation and its impact on customer retention
strategies. Their study delved into the importance of aligning
business strategies with digital trends, especially in sectors
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undergoing rapid technological shifts like e-commerce and
telecommunications.

Febrianti and Darma (2023) [20] examined the investment
behavior of millennials on securities crowdfunding platforms,
a novel approach to financing startups and entrepreneurial
ventures. Their study highlighted the growing interest of
younger generations in alternative investment options, driven
by the accessibility and democratization of financial markets
through digital platforms. They emphasized the significance
of understanding millennial motivations and behaviors,
which are shaped by digital savviness and value-based
investing. This research underlines the importance of
aligning crowdfunding platforms with the preferences and
expectations of this demographic to enhance engagement and
participation.

Pambudi et al. (2023) [21] explored the synergies
between artificial intelligence (Al) and computer science in
revolutionizing  startup  matchmaking. The  authors
investigated how digital technologies, particularly Al, can
optimize the matchmaking process between startups and
investors. By leveraging big data and machine learning
algorithms, they highlighted how this technological
integration could streamline the investment process, improve
decision-making, and increase the success rates of startup
investments. This research emphasizes the role of Al in
transforming startup ecosystems and supporting the growth
of new businesses in the digital age.

Lalwani et al. (2022) [22] proposed a machine learning-
based customer churn prediction system. Their approach
utilized various algorithms, such as decision trees and
support vector machines (SVM), to analyze customer
behavior and predict churn. The study focused on the
practical implementation of machine learning models in real-
world scenarios, demonstrating how data-driven approaches
can help businesses proactively retain customers by
predicting churn with high accuracy. Their research
contributes to the growing body of work in customer
retention strategies powered by machine learning.

Agrawal et al. (2022) [23] investigated customer churn
prediction using deep learning models. They employed
behavioral pattern analysis to understand customer
engagement and loyalty, developing models that accurately
predict when customers are likely to leave a service. Their
study demonstrated the superior performance of deep
learning methods, particularly in capturing complex, non-
linear patterns in customer data. This research highlights the
potential of deep learning to enhance churn prediction and
customer retention efforts in various sectors, including e-
commerce and telecommunications.
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Arafa et al. (2022) [24] explored hyperparameter
optimization in logistic regression for cancer classification.
While the focus of their research was on healthcare, their
approach to optimizing logistic regression models has
implications for churn prediction as well. Hyperparameter
tuning is crucial in enhancing the accuracy and efficiency of
predictive models, a technique that can be extended to
customer churn prediction models in industries like
telecommunications and banking.

Selvi and Johar (2022) [25] provided a review of the role
of online marketplaces in supporting SMEs in Malaysia.
Their research focused on how digital platforms could
empower small businesses by providing greater access to
customers and reducing operational barriers. This review is
relevant to customer churn studies in e-commerce, as it
highlights the importance of customer engagement and
satisfaction in retaining users on digital platforms.

Alshamsi (2022) [26] conducted a comprehensive study
on customer churn prediction in the e-commerce sector. The
study explored the application of various machine learning
techniques, including decision trees, neural networks, and
gradient boosting algorithms, to predict churn. Alshamsi
emphasized the significance of feature engineering and data
preprocessing in improving model accuracy and highlighted
the need for real-time churn prediction to enable businesses
to take proactive measures in customer retention.

Leontowitsch et al. (2022) [27] explored digital
inequalities and user empowerment, examining how
technology can either bridge or widen gaps in access and
engagement. Their work, though broader in scope, relates to
churn prediction by addressing how digital platforms can
affect customer engagement and satisfaction, factors that are
critical in predicting and preventing churn in e-commerce
and telecommunications.

Fan et al. (2022) [28] focused on the effect of e-service
quality on customer engagement behavior in community e-
commerce. Their study found that higher e-service quality
positively influences customer engagement, which in turn
reduces churn rates. This research highlights the importance
of maintaining high service standards in digital platforms to
enhance customer retention and reduce churn risk.

Btlonski (2022) [29] reviewed dysfunctional customer
behavior, exploring its impact on business operations and
customer retention. The study sheds light on how negative
customer behaviors, such as fraud or excessive complaints,
can contribute to churn, emphasizing the need for businesses
to manage not only customer satisfaction but also undesirable
behaviors.

Sriharsha and Babu (2022) [30] examined customer stress
prediction in the telecommunications industry using machine
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learning. Their research is closely related to churn prediction,
as customer stress often precedes churn. By predicting stress
levels, businesses can intervene before customers disengage.
This study highlights the broader applications of machine
learning in customer retention, extending beyond churn
prediction to encompass overall customer experience
management.

Astuti, Rajab, and Setiyouji (2022) [31] explored the role
of cryptocurrency and blockchain technology in the context
of the digital revolution. They focused on how blockchain, a
decentralized and secure digital ledger, is transforming
industries by enhancing transparency, reducing transaction
costs, and enabling the rise of cryptocurrencies. This study
highlights the impact of blockchain technology on
entrepreneurship, particularly in fintech and digital finance,
where startups are leveraging decentralized systems for
innovation. Their work provides insights into how blockchain
is reshaping financial markets and creating new opportunities
for businesses in the digital economy.

Morozov et al. (2021) [32] investigated customer churn
prediction in IT startups using computational intelligence and
machine learning. The authors introduced intellectual
decision-making systems capable of processing complex
datasets to predict customer churn, a critical challenge for
early-stage tech companies. Their approach utilized advanced
machine learning models to understand customer behavior,
enabling IT startups to better manage retention efforts. This
research underscores the importance of using Al and
computational intelligence to address business challenges,
particularly in industries with high customer churn rates such
as IT and software services.

The Economic Planning Unit (2021) [33] presented the
Malaysia Digital Economy Blueprint, outlining the country's
vision to become a regional leader in the digital economy.
The blueprint emphasizes the importance of digital
infrastructure, digital skills, and innovation in driving
economic growth. It also addresses key areas such as e-
commerce, fintech, and digital entrepreneurship. This
national-level strategy provides a framework for how digital
transformation can enhance productivity and competitiveness,
particularly for small and medium enterprises (SMESs) in
Malaysia.

Guo (2021) [34] discussed the role of customer
relationship management (CRM) in the e-commerce
environment. His research emphasized the importance of
data-driven strategies for improving customer engagement
and retention in the digital marketplace. By analyzing
customer data and employing CRM systems, businesses can
better understand consumer preferences, predict churn, and
enhance customer satisfaction. Guo's work contributes to the
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body of knowledge on how e-commerce companies can use
CRM to create personalized experiences and foster customer
loyalty.

Satra and Fosch-Villaronga (2021) [35] examined the
impact of healthcare digitalization on work and society. Their
study highlighted the transformative role of digital tools in
healthcare delivery, emphasizing the increased efficiency and
improved patient outcomes through technologies such as
telemedicine, Al-driven diagnostics, and electronic health
records. While focused on healthcare, their findings also
extend to broader digital transformation trends, including
how organizations must adapt to technological changes to
meet evolving consumer needs.

Roblek, Mesko, and Podbregar (2021) [36] conducted a
bibliometric analysis on the emergence of Society 5.0, a
vision for a technology-driven human-centric society. Society
5.0 envisions a future where Al, loT, and other digital
technologies improve the quality of life while addressing
social challenges such as aging populations and
environmental sustainability. Their research highlights how
digital transformation is not only changing industries but also
societal structures, emphasizing the need for businesses to
align their strategies with these macro-level technological
shifts.

Khalikussabir and Waris (2021) [37] investigated
customer satisfaction in the context of modern coffee shops,
focusing on the interplay between utilitarian value, hedonic
value, and brand image. Their study revealed that a strong
brand image and a balance between functional and emotional
customer experiences are key to enhancing satisfaction and
loyalty. These findings are applicable to customer retention
strategies across sectors, as they underscore the importance
of creating positive, multi-dimensional customer experiences
to reduce churn.

Pondel et al. (2021) [38] examined the use of deep
learning in customer churn prediction within e-commerce
decision support systems. Their research demonstrated the
effectiveness of deep learning models in identifying at-risk
customers by analyzing behavioral data. By leveraging large
datasets, their models could capture complex, non-linear
relationships between customer actions and churn likelihood,
offering e-commerce businesses a powerful tool for
improving customer retention strategies.

Upreti et al. (2021) [39] explored the application of
convolutional neural networks (CNNs) in medical image
understanding. Although their focus was on healthcare, the
techniques they discussed have broader implications for
machine learning applications in customer churn prediction.
CNNs are particularly effective in identifying patterns in
unstructured data, such as images or customer behavior,
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making them relevant to various industries aiming to enhance
predictive analytics capabilities.

Dias, Godinho, and Torres (2020) [40] researched
customer churn prediction in retail banking using machine
learning techniques. Their study compared different
algorithms, including decision trees, support vector machines
(SVM), and random forests, to identify the most effective
methods for predicting churn. The research highlighted the
importance of data preprocessing and feature selection in
building robust predictive models, providing valuable
insights for businesses looking to enhance customer retention
through predictive analytics.

Jha et al. (2020) [41] focused on customer segmentation
and churn prediction in online retail. Their research
introduced machine learning models capable of classifying
customers into different segments based on behavioral
patterns, which helped in identifying those at risk of leaving.
The segmentation approach allows businesses to tailor
retention strategies for different customer groups, enhancing
the overall effectiveness of churn prevention efforts.

Siebert et al. (2020) [42] presented an agent-based
approach for planning distribution grids as socio-technical
systems. While their focus was on energy systems, their
methodology of integrating technical and social aspects has
broader implications for customer behavior analysis,
particularly in understanding how societal trends influence
customer churn. This interdisciplinary approach highlights
the value of incorporating both technical and human factors
in predictive models to capture the complexity of customer
behavior in a digitalized world.

3. CONCLUSION

In conclusion, customer churn prediction has become a
crucial area of study in e-commerce, with significant
implications for revenue and customer retention strategies.
The reviewed literature highlights the variety of machine
learning techniques and models, including logistic regression,
random forests, support vector machines, deep learning, and
neural networks, which are commonly applied to predict
churn. Each study underscores the importance of data
preprocessing, feature selection, and the integration of
business intelligence to enhance model performance and
provide actionable insights.

Emerging approaches, such as the use of Vision
Transformers and Bi-LSTM models, demonstrate the
innovative potential of deep learning and image-based
techniques in identifying complex behavioral patterns.
Additionally, studies focusing on region-specific and sector-
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specific churn analysis illustrate the importance of
contextualizing models for different markets and industries.

Moreover, the integration of machine learning models
with real-time customer behavior data and business strategies
has proven effective in crafting personalized retention
strategies, ultimately reducing churn rates. As the field
evolves, collaboration between academia and industry, along
with educational initiatives, is vital in fostering the practical
application of these advanced techniques. Future research
should continue exploring adaptive and hybrid models that
combine the strengths of various algorithms to further
enhance the accuracy and interpretability of churn prediction
in dynamic e-commerce environments.
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