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 The topic of behavioral segmentation has emerged as an important research area in e-commerce 
since online stores increasingly depend on customer data for personalized, recommendation, 
retention, pricing, and marketing decisions. Behavioral segmentation is focused on observable 
actions such as browsing, clicking, buying, cart interaction, channel use, response to discounts, 
churn, and engagement. The existing studies are split across different methods, data sets, behav-
ioral variables, and application areas making it difficult to understand the role that behavioral 
segmentation plays in e-commerce. The reviewed papers presented below are a systematic re-
view of 44 studies in e-commerce behavioral segmentation published between 2016 and 2026. 
The selected papers were analyzed according to the selection process, inspired by the PRISMA 
framework. The selected papers were reviewed along with their segments, behavioral data 
sources, application areas, and limitations. Behavioral segmentation techniques are dominated 
by RFM-based models, clustering algorithms, and machine learning. Deep learning, explainable 
AI, dynamic segmentation, and recommendation models are starting to dominate. Most of these 
studies are based on transactional data while clickstream behavior, customer journey signals, 
omnichannel interactions, privacy-aware modeling, and real-time segmentation are understud-
ied. From a managerial perspective, behavioral segmentation is connected to customer retention, 
personalized marketing, recommendation systems, churn prediction, estimation of customer 
value, and strategic decision making. This review summarizes the current state of behavioral 
segmentation in e-commerce and outlines some directions for future research toward more dy-
namic, explainable, ethical, and business performance-oriented customer analytics. 
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1. Introduction 
 
E-commerce has changed customer behavior into a constant stream of digital actions such as browsing, searching, clicking, 
visiting carts, purchasing, reviewing and responding to recommendations. These behavioral traces enable firms to move 
beyond demographic segmentation and group customers according to the way they behave on the shopping journey. Re-
search on online consumer behavior has shown that individual actions reflect patterns of engagement, purchase intent, 
hesitation, and conversion (Anwar et al., 2025). Clickstream data indicates that online visitors differ greatly in the intensity 
of their navigation, purpose of shopping, and percentage of revenue generated, further confirming that behavioral segmen-
tation is vital for identifying more diverse digital consumers (Zavali et al., 2023). 

Behavioral segmentation in online commerce has therefore been a prominent topic of research at the intersection of data 
mining, machine learning, customer analytics, and digital marketing. It is used to help firms with personalized recommen-
dations, predicting churn, retention, pricing, loyalty, and marketing strategy (Li et al., 2024). However, the field remains 
divided by its use of different behavioral variables, algorithms, data sets, and assessment methods. Review studies of cus-
tomer segmentation methods have not yet found any one unified definition of how behavior segmentation is practiced in e-
commerce (Alves Gomes & Meisen, 2023). A similar issue of domain mapping studies on the area of e-commerce in related 
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fields such as online grocery shopping, indicates that e-commerce research is moving rapidly into several directions (Mon-
oarfa et al., 2024).  

The problem is that behavioral segmentation is not a single method or model but a combined field of research with several 
streams which are partially connected. For example, some studies combine segmentation with loyalty prediction, suggesting 
that segmentation can be used to make decisions for the customer rather than simply descriptive classification (Bal-
asundaram et al., 2024). Others use deep learning, explainable AI, or RFM analysis, implying that segmentation research is 
moving to more sophisticated, and perhaps even more complex analytical frameworks (Talaat et al., 2023). Dynamic be-
havior segmentation shows that customers should not be treated as homogeneous groups, because online behavior varies 
according to context, history, and engagement (El Aalouche et al., 2026). This demonstrates that it is not only static customer 
grouping but evolving toward predictive, adaptive, and decision-oriented segmentation. 

While much progress has been made, studies of clickstream behavior, customer journeys, omnichannel interactions, privacy 
issues, explainability and business performance are rare. Algorithm performance is often more strongly emphasized than 
managerial actionability. We therefore require a systematic literature review to not only identify existing studies but to also 
critically examine their behavioral variables, segmentation methods, data sources, applications, and limitations that continue 
to hinder the field. 

Accordingly, this study conducts a systematic literature review of 44 papers on behavior segmentation in e-commerce to 
understand the progress and direction of this field, what methods are preferred, how behavioral data are used, and which 
research gaps remain unexplored. The findings of this review are threefold: it presents the main methodological families 
that drive behavior segmentation in e-commerce, compares their analytical and managerial implications, and recommends 
future research directions for dynamic, explainable, privacy-conscious, and performance-oriented customer analytics. 

2 Related Work 

2.1 Transactional Segmentation, RFM Extensions, and Customer Value Modeling 

A major stream of this literature is transactional segmentation, especially models based on recency, frequency, and monetary 
value. RFM-based segmentation remains appealing since it can be simple to interpret and understand in a managerial context 
to classify customers based on their purchases and values. In fact, studies using machine learning to investigate the RFM 
data show that the RFM variables can still be used to identify potentially valuable customer groups in e-commerce (Lewaael-
hamd, 2023). Using RFM analysis in conjunction with clustering strategies, the results indicate that transaction indicators 
can provide helpful segments for understanding the customer’s purchase patterns (Wong et al., 2024). Unfortunately, the 
main limitation of traditional RFM is that it restricts customer behavior to complete transactions and does not account for 
browsing, discount sensitivity, product discovery, and pre-purchase hesitation. 

While this is of interest, several studies have aimed to address it by extending the RFM logic. The RFM + discount propor-
tion model adds promo-sensitive segmentation to the segmentation process, showing that customers with similar values 
may behave differently depending on how they respond to promotions (Antonius & Fitrianah, 2024). The RFM-T model 
adds temporal purchasing behavior, which allows for segmentation to capture not only when and how much consumers buy, 
but also how their purchasing behavior shifts over time (Dewi Rana et al., 2025). The fuzzy RFMD model also adds duration 
and fuzzy logic to the segmentation process, which is important as it is often that the customer is not clearly defined when 
it happens in real-world e-commerce environments (Martinez et al., 2021). RFMQ-based recommendation research adds 
quantity to the segmentation process, linking segmentation directly to personalized recommendations and cross-border e-
commerce decision-making (Chen et al., 2025). These studies indicate that RFM remains useful, but becomes useful when 
enriched with behavioral, temporal, promotional, or recommendation-related variables. 

2.2 Clustering Algorithms and the Evaluation of Segmentation Quality 

Clustering is the most visible methodological family in e-commerce behavioral segmentation. Clustering research in retail 
shows that unsupervised clustering is useful to discover hidden customer groups where labels are not available (John et al., 
2023). K-means and hierarchical clustering show that different clustering techniques might generate different segment 
structures for the same customer data, influencing interpretation and management (Kumar et al., 2025). In fashion, the 
comparison of K-means and DBSCAN suggests that density-based clustering captures patterns that centroid-based methods 
cannot, especially when the customer is irregular or affect by outliers (Johan, n.d., 2025). Improved K-medoids research 
has also addressed the shortcomings of classic clustering by adding robustness to customer segmentation tasks (Wu et al., 
2022). 

Clustering studies also highlight the tension between technicality and managerial utility. Customer profiling studies based 
on K-means and RM models have confirmed that clustering can generate interpretable groups of online shoppers for specific 
markets (Kit & Firdaus, 2021). But, with context-aware quality, this could be a judgment not only on the statistical quality 
of clusters but also upon the objectives and decision-making needs of e-commerce (Wasilewski, 2024). Multiple-criteria 
and multi-factor studies also confirm that clustering should be evaluated in terms of technical quality, computational cost, 
interpretation, and personalization (Pawełek-Lubera et al., 2025; Wasilewski et al., 2024). Studies on unsupervised learning 
in online retail show that clustering can yield hidden commercial opportunities if the segments they produce are connected 



O. E. Aalouche and F. Messaoudi  / Scientometrica 3 (2027) 
 

55 

to a business problem (Yu et al., n.d., 2025). Studies on customized marketing and cross-border e-media segmentation 
confirm that clustering is more valuable when it supports market strategy, user growth, or customer targeting and not just 
an algorithm (Zhao et al., 2024; Wang et al., 2024). On the other hand, research into online shopping behaviors and prefer-
ences via clustering indicates that customer segments should be holistically understood rather than merely numerically 
separated (Hussein et al., 2024). 

2.3 Predictive Analytics, Churn, Retention, and Deep Learning 

A second trend that advances from descriptive segmentation to predictive customer analytics is the churn prediction. Churn 
prediction using optimized kernel MSVM models has shown that segmentation-related behavior is associated with potential 
churn (Hooda & Mittal, 2022). Combining K-means and SVM in B2C e-commerce has demonstrated that clustering and 
classification can be used to identify customers at risk of leaving (Xiahou & Harada, 2022). Wider deployments of machine 
learning algorithms for churn prediction have confirmed that predictive segmentation is increasingly important for customer 
retention and relationship management (Loukili et al., 2023). Deep learning and imbalanced data have broadened this di-
rection by considering the problem of unevenly distributed churn or retention events among customers (Loukili et al., 2024). 

Predictive behavior segmentation is associated with higher-value customers and longer-term customer value. Attention-
enhanced LSTM model demonstrated that sequential patterning in the e-commerce data can be used to predict high-value 
customer behavior (Kasemrat & Kraiwanit, 2025). Customer lifetime value research using machine learning and CRM 
analysis also suggests that segmentation should not just classify current behavior but estimate the profitability and relation-
ship potential of future customers (Sun et al., 2023). Ret-DNN research expands this approach by using deep learning to 
model complex retail behaviors and make predictions regarding the behavior of customers (Rudro et al., 2025). Deep learn-
ing for adaptive content shows another possible application where engaging consumers can be improved by adapting content 
according to their preferences (El Youbi et al., 2024). Explainable machine learning research has also added an interpreta-
bility dimension through its requirement that models should identify the patterns of how people make online purchases 
rather than simply based on the accuracy of the models (Bastos & Bernardes, 2024). This track shows that behavioral 
segmentation is becoming increasingly important for prediction, retention, and customer value, but also calls for transparent 
and managerially interpretable models. 

2.4 Recommendation, Pricing, Omnichannel Behavior, and Broader Customer Contexts 

Behavior segmentation has been associated with both recommendation and personalization. Hyper-personalized product 
recommendation studies in fashion show that customers' segments can enhance the relevance of recommendations by align-
ing product recommendations with customer attributes (Yıldız et al., 2023). Cold-start recommendation studies have indi-
cated that segment information can improve the reliability of data when individual user histories are scarce (Loukili & 
Messaoudi, 2024). Research on co-purchase behavior further develops this perspective by showing that customer segments 
may be understood through the communities of products and purchase associations within online marketplaces (Kafkas et 
al., 2021). Apriori's work describing the association of clicks to conversion shows that behavioral segmentation can also 
depend on associations between actions, rather than aggregated features of the customer (El Youbi et al., 2025). 

Beyond recommendation, behavioral segmentation has been shown to be tied to the influence of pricing, geography, chan-
nel, and barriers to adoption. Adaptive pricing with deep Q-networks shows that machine learning can support dynamic 
digital marketing decisions by suggesting that customer segments may differ in preferences and even in price preference 
(Loukili et al., 2025). A two-stage business analytics approach using delivery data suggests that geographical and behavioral 
segmentation can be combined to better understand the customer in an e-commerce context (Griva et al., 2024). Research 
on purchase channels and media touchpoints indicates that customer behaviour is shaped by interactions across channels 
(Nakano & Kondo, 2018). In addition, research in omni-channel segmentation, users and customers are differentiated from 
customers, because channel engagement often does not correlate with purchase behavior (Cortiñas et al., 2019). Finally, the 
research on nonusers indicates that segmentation should not be limited to active buyers because understanding the reasons 
consumers do not want to shop online is also important to the expansion of this market and the digital form (Nery-da-Silva 
et al., 2024). 

Overall, the literature on behavioral segmentation in e-commerce offers a variety of methodological and application-ori-
ented approaches. RFM models can be interpretable, clustering algorithms can be used to group unsupervised customers 
together, machine learning and deep learning make predictions, recommendation systems allow for personalization, and 
contextual approaches encompass channels, geography, pricing, and adoption. Literature is not holistic in terms of methods, 
data types, and objectives. This fragmentation leads to the need for a systematic review of the literature to synthesize the 
literature and propose ways that future research may provide more dynamic, explainable, journey-based, and performance-
oriented segmentation models. 

3 Methodology 

3.1 Review Design 

A systematic literature review was used to examine how behavioral segmentation has been studied and applied in e-com-
merce research. The review seeks to provide a summary of existing knowledge regarding the behavioral variables used, 
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segmentation techniques used, data sets examined, use cases addressed, and limitations of previous studies. It follows the 
PRISMA process from identification through screening, eligibility assessment, and inclusion. 

3.2 Research Questions 

This systematic literature review is guided by the following research questions: 

• RQ1. What behavioral variables are used in e-commerce segmentation studies? 

• RQ2. What are the main segmentation techniques applied in behavioral segmentation research in e-commerce? 

• RQ3. What datasets and data sources are used to support behavioral segmentation in e-commerce studies? 

• RQ4. What are the main application areas of behavioral segmentation in e-commerce? 

• RQ5. What are the main research gaps identified in the literature on behavioral segmentation in e-commerce? 

• RQ6. What future research directions can be proposed for advancing behavioral segmentation in e-commerce? 

3.3 Search Strategy 

The literature search was conducted in Scopus on 03/05/2026. Scopus is an integrated search engine that searches hundreds 
of peer-reviewed journals and incorporates structured academic metadata (titles, abstracts, keywords, authors, source titles, 
document types, publication stages, and DOIs). The TITLE-ABS-KEY field was used in the literature search to identify 
studies with titles, abstracts, or keywords associated with e-commerce, customer segmentation, behavioral segmentation, 
customer profiling, clustering, machine learning, artificial intelligence, RFM analysis, and data-driven customer analytics. 

The initial search yielded 448 records. To ensure relevance and consistency, we applied several filtering criteria. The list of 
publications was limited to those published between 2016 and 03/05/2026, which reduced the number of records to 383. 
We removed publications from the subject areas Medicine, Energy, Physics and Astronomy, Materials Science, Environ-
mental Science, Earth and Planetary Sciences, Arts and Humanities, Chemistry, Biochemistry, Genetics and Molecular 
Biology, and Agricultural and Biological Sciences, which reduced the set of records to 295 records. From here, we searched 
for articles, reviews, and conference papers, with a total of 267 records. All publications that were published in a final stage 
were retained, yielding a preliminary Scopus screening pool of 259 records. 

3.4 Search Strategy 

The 259 records were screened by title, abstract, keywords, and relevance to the purpose of the review. Studies that specif-
ically addressed behavioral segmentation, customer segmentation, customer profiling, customer clustering, or data-driven 
customer analytics in e-commerce or online retail were retained. Studies that were too broad, technical without a customer 
segmentation application, unrelated to behavioral data, unrelated to e-commerce, or unrelated to customer analytics were 
excluded. 

Following this step, 220 records were dropped because they did not meet the inclusion criteria. As a result, 39 studies were 
retained from the Scopus search pool. Five additional studies were included in the full-text screening stage as part of a larger 
review of practical applications of segmentation such as adaptive pricing, recommendation, customer retention, dynamic 
content adaptation and cold-start recommendation for a more complete summary of behavioral segmentation in e-com-
merce. 

The final systematic literature review contained 44 full-text studies, which were used to synthesize the behavioral variables, 
segmentation methods, data sources, applications, methodology contributions, and research gaps. 

3.5 Inclusion and Exclusion Criteria 

The inclusion criteria were intended to ensure that all included studies had been conducted in a setting related to behavioral 
segmentation in e-commerce. A study could be included if it concerned customer segmentation, behavioral segmentation, 
customer profiling, customer clustering, RFM-based analysis, machine learning-based segmentation, recommendation-re-
lated segmentation, churn or retention modeling, or customer analytics in e-commerce or online retail. Only articles, re-
views, and conference papers published in English between 2016 and 03/05/2026 were included. 

Studies were excluded if they were not related to e-commerce, did not address customer or behavioral segmentation, focused 
solely on technical algorithm development without an e-commerce customer analytics application, did not fall within rele-
vant areas of science, or were not published as final versions. These studies ensured that the final corpus consisted of studies 
that directly contributed to understanding, modeling, or applying behavioral segmentation in e-commerce. 
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Fig. 1. PRISMA-style flow diagram for the construction of the systematic literature review corpus. 

3.6 Final Review Corpus 

The final review corpus comprises 44 studies that are relevant to behavioral segmentation and customer analytics in e-
commerce. As illustrated in Fig. 2, the number of selected studies is growing after 2021, but it is highest in 2023, 2024, and 
2025. As indicated in Fig. 2, behavioral segmentation has become a more topical topic over the years due to the increasing 
use of data mining, clustering algorithms, machine learning, deep learning, recommendation systems, and customer analyt-
ics in digital retail. The number of citations is increasing, especially when the most active period of the corpus was published 
in the last year. While there are fewer records in 2026 since we searched for this subject in May 2026, the presence of this 
field indicates the continuing development of the subject. Overall, the final review corpus provides a focused and recent 
base for analyzing how behavioral segmentation is used in e-commerce, which methods dominate in the field, which be-
havioral data sources are used, and what methodological and managerial gaps remain unexplored. 

 
Fig. 2. Annual publication and citation trends of the final SLR corpus. 
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4 Research Results 

4.1 Overview of the Selected Studies 

The 44 studies represent a broad range of research on behavioral segmentation in e-commerce and include review papers, 
empirical studies, algorithm comparison studies, machine learning, deep learning, recommendation, churn prediction, cus-
tomer lifetime value, clickstream, omnichannel, and journey behavior. 

The selected studies can be divided into two types, review and mapping. The review of the methods for customer segmen-
tation to improve personalization in e-commerce provides an overview of the notion that segmentation facilitates individu-
alization and customer targeting (Alves Gomes & Meisen, 2023). Similarly, the bibliometric study of online grocery shop-
ping demonstrates how bibliometric mapping can reveal trends, gaps, and themes in research on e-commerce (Monoarfa et 
al., 2024). Both these studies are important as they argue for a combination of review and mapping and show that behavioral 
segmentation is still poorly understood as a subject area of research. 

Many of these selected studies have compared RFM and its extensions. RFM-based segmentation is the most common, 
incorporating recency, frequency, and cost to segment customers (Lewaaelhamd, 2023; Wong et al., 2024). But, a number 
of these studies extend the classical RFM framework to better capture the complexity of e-commerce behavior, including 
discount proportion (Antonius & Fitrianah, 2024), fuzzy RFMD dimensions (Martinez et al., 2021), RFMQ for recommen-
dation optimization (Griva et al., 2024) and RFM-T for better segmentation of customers (Dewi Rana et al., 2025). These 
studies suggest that RFM can be useful for managers, but the traditional RFM model is increasingly being seen as inadequate 
for complex online behavior. 

The other major section focuses on clustering-based segmentation. K-means, hierarchical clustering, DBSCAN, K-medoids, 
and other clustering methods show that unsupervised learning is still one of the primary methods used for segmenting 
customers in e-commerce (John et al., 2023; Kumar et al., 2025; Johan, n.d., 2025; Wu et al., 2022; Kit & Firdaus, 2021). 
Other authors go beyond the use of an algorithm and explain how to evaluate clustering quality in e-commerce (Wasilewski, 
2024; Pawełek-Lubera et al., 2025; Wasilewski et al., 2024), as many segmentation studies use internal measures of clus-
tering without adequate managers. The selection thus highlights both the dominance of clustering and the growing recogni-
tion that only the performance of the algorithm is not enough. 

Some articles report on online shopping behavior, preferences, and data-driven marketing strategies (Anwar et al., 2025; Li 
et al., 2024; Hussein et al., 2024). Others focus on purchase channels, media interactions, multichannel users, and distribu-
tion services, showing that e-commerce behavior spans more than one website or platform (Nakano & Kondo, 2018; Cor-
tiñas et al., 2019). Studies analyzing delivery and geographic data further show the ability for contextual and service-related 
variables to enrich behavioral segmentation (Griva et al., 2024). These studies expand our understanding of behavioral 
segmentation beyond transaction history and prove the importance of multi-touchpoint customer behavior. 

Clickstream and journey-based behaviour are also represented in the corpus. In a study of consumer segments using click-
stream data, it was found that user behavior, visit duration, shopping carts, and checkouts could reveal differences between 
online customers (Zavali et al., 2023). Similarly, in a study of explainable machine learning research on online purchases, 
website activity predicts conversion and understanding customer behavior (Bastos & Bernardes, 2024). These studies are 
important because they highlight behaviors that are often lost in standard transactional segmentation models. 

Several of the studies also addressed prediction for customers. Churn prediction from K-means, SVM, MSVM-optimized 
MSVM, and other machine learning algorithms have been evaluated (Hooda & Mittal, 2022; Xiahou & Harada, 2022; 
Loukili et al., 2023) and show that segmentation is now a significant factor for customer retention and proactive decision-
making. Rather than having to segment customers based only on past behavior, these predictive models attempt to anticipate 
future customer behaviors like churn risk, loyalty, or high-value behavior. 

Customer retention and customer lifetime value were also part of the corpus. Studies on customer lifetime value and cus-
tomer relationship management suggest that segmentation enables firms to determine who to target based on long-term 
value rather than the short-run (Sun et al., 2023). Deep learning and imbalanced data extend this idea to provide solutions 
to retention challenges in cases where at-risk customers are a minority (Loukili et al., 2024). All these findings highlight 
the importance of behavioral segmentation in customer relationship management. 

Deep learning approaches are recent and very advanced. Attention-enhanced LSTM models can help predict high-value 
customer behavior through temporal patterns in e-commerce data (Kasemrat & Kraiwanit, 2025), and Ret-DNN models 
show that deep neural networks can support predictive analytics in retail customer behavior analysis (Rudro et al., 2025). 
These studies reveal a step change from static segmentation to more complex, predictive, and temporal modeling. However, 
they raise concerns about interpretability and managerial use of these models. 

Hybrid and application-oriented studies consider segmentation, recommendation, personalization, pricing, and content ad-
aptation. Hyper-personalized recommendation research demonstrates how customer segmentation can improve product rec-
ommendations in fashion retail (Yıldız et al., 2023). Cold-start recommendation research shows how segment-level or col-
laborative information can help overcome data sparsity issues (Loukili & Messaoudi, 2024). Adaptive pricing research 
integrates machine learning and digital marketing strategy, suggesting that behavioral differences between customers can 
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lead to price decisions (Loukili et al., 2025). Adaptive content adaption research suggests that behavior analysis can lead to 
real-time engagement and personalized content changes (El Youbi et al., 2024). 

In addition to the purchase behavior of the customer, these studies also included co-purchase behavior in online stores 
(Kafkas et al., 2021). The behavioral segmentation of clicks and conversions using an apriori method shows that customer 
actions are no longer an isolated function but can be viewed as behaviors (El Youbi et al., 2025). These studies advance the 
idea of segmentation closer to the study of the customer journey and sequence analysis. 

Studies with market-specific and strategic applications complete the corpus. Research on e-commerce user segmentation 
and customized marketing strategy highlights how clustering can help to target marketing actions (Zhao et al., 2024). Studies 
on cross-border e-commerce segmentation show how segmentation must be adaptable to market strategy and international 
retail environments (Wang et al., 2024). Studies on e-commerce nonusers expand the range of segmentation by explaining 
that understanding resistance to online shopping is part of the behavioral segmentation problem (Nery-da-Silva et al., 2024). 
Such studies suggest that behavioral segmentation should not focus only on active or loyal customers but also include 
inactive, hesitant, or non-adopting consumers. 

Overall, the selected studies show that behavioral segmentation in e-commerce has evolved from simple customer grouping 
to more sophisticated, predictive, and applied approaches. The literature on RFM and clustering is still heavily dominated 
by RFM and clustering, but it is increasingly dominated by machine learning, deep learning, recommendation systems, 
clickstream analytics, explainable AI, and customer journey data. However, literature is not without its limitations, and 
many of them are dataset-specific, heavily rely on algorithmic metrics, lack business validation, and do not consider ex-
plainability, privacy, real-time segmentation, or cross-platform behavior. 

4.2 Behavioral Data and Variables Used in E-Commerce Segmentation 

The selected studies highlight that there are several types of customer-related variables at play in behavioral segmentation 
in e-commerce: transactional variables, RFM-based indicators, temporal variables, browsing and clickstream behavior, 
churn and retention measures, customer value and loyalty measures, recommendation-related behaviors, omnichannel and 
delivery variables, and contextual or strategic variables such as discount sensitivity and pricing response. 

The most common variables are transactional and RFM-related measures (recency, frequency, monetary value, purchase 
quantity, order value, product type, and purchase history). They dominate because they are directly available in e-commerce 
transaction databases and easily translated into customer value segments (Lewaaelhamd, 2023; Wong et al., 2024; Dewi 
Rana et al., 2025). The selected studies also suggest that traditional transactional variables are not sufficient to capture 
dynamic, pre-purchase, or cross-channel customer behavior. 

Many studies have extended transactional variables with additional behavioral features. Discount proportion is used to 
measure the sensitivity of customers to promotions (Antonius & Fitrianah, 2024), while duration and time-related charac-
teristics are used to distinguish between short-term, inactive, or one-time customers and potentially loyal ones (Dewi Rana 
et al., 2025; Martinez et al., 2021). In RFMQ-based recommendation studies, purchase quantity is included to better reflect 
purchase intensity (Chen et al., 2025). These extensions suggest that segmentation is moving beyond the traditional RFM 
towards richer customer behavior representations. 

Browse- and clickstream variables represent another important category. Clickstream-based segmentation uses page views, 
visit frequency, session length, cart opening, traffic source, device type, and purchase completion to identify different online 
customers (Zavali et al., 2023). Explainable machine learning studies have found that website activity variables, such as 
total page views and time spent on the website, predict online purchase behavior (Bastos & Bernardes, 2024). These studies 
are important as they capture the intent of the customer prior to the purchase, which is often lost in purely purchase-based 
models. 

Churn, retention, and loyalty variables are also central in the corpus. Churn prediction studies consider customer behavior, 
purchase behavior, and classification labels to predict which customers are likely to leave the product or stop shopping 
(Hooda & Mittal, 2022; Xiahou & Harada, 2022; Loukili et al., 2023). In retention prediction studies, we integrate imbal-
anced data and deep learning methods to predict which customers need actions to maintain the loyalty of their product or 
service (Loukili et al., 2024). Retention prediction studies include segmentation with future customer relationship value; 
that is, we can use behavioral segmentation to describe and even predict their future behaviors (Balasundaram et al., 2024). 

The selected articles also deal with customer lifetime value and customer relationship management indicators. CLV-based 
segmentation focuses on estimating the expected value of customers over time, which allows firms to differentiate between 
short-term buyers and strategically valuable customers (Sun et al., 2023). A customer may be valued based on recent trans-
actions but not necessarily productive over the long run. 

Another set of behavior variables relating to recommendations includes product preferences, co-purchases, response to 
recommendation, purchase quantity, customer-product interaction, and cold-start (Chen et al., 2025; Yıldız et al., 2023; 
Loukili & Messaoudi, 2024; Kafkas et al., 2021). These are especially relevant to personalized decision-making since the 
outputs of segmentation are related to product recommendation and target selection. 



 60 

The final three studies incorporate contextual, geographic, and omnichannel variables. Delivery data and geography are 
used to combine behavioral and spatial segmentation (Griva et al., 2024). Purchase channels and media touch points are 
used to examine interactions between channels (Nakano & Kondo, 2018); omni-channel segmentation is applied to those 
who interact with distribution services but do not convert into actual customers (Cortiñas et al., 2019). These studies suggest 
that the focus of behavioral segmentation is shifting from a focus on single platform transactions to an overall customer 
journey focus. 

Table 1  
Main behavioral variables identified in the selected studies. 

Behavioral variable 
category 

Examples of variables Main purpose in segmenta-
tion 

Related studies 

Transactional behav-
ior 

Purchase history, order 
frequency, basket value, 
product quantity, product 
categories 

Identify purchasing patterns 
and customer value groups 

(Lewaaelhamd, 2023; Wong et al., 2024; Dewi 
Rana et al., 2025; Kit & Firdaus, 2021; Yu et al., 
n.d., 2025) 

RFM indicators Recency, frequency, mon-
etary value 

Segment customers accord-
ing to value and purchase ac-
tivity 

(Lewaaelhamd, 2023; Wong et al., 2024; Antonius 
& Fitrianah, 2024; Dewi Rana et al., 2025; Martinez 
et al., 2021; Chen et al., 2025) 

RFM extensions Time, duration, discount 
proportion, quantity 

Improve classical RFM by 
adding behavioral depth 

(Antonius & Fitrianah, 2024; Dewi Rana et al., 
2025; Martinez et al., 2021; Chen et al., 2025) 

Browsing and click-
stream behavior 

Page views, visit duration, 
cart opening, traffic 
source, device use, session 
behavior 

Capture pre-purchase behav-
ior and online engagement 

(Zavali et al., 2023; Bastos & Bernardes, 2024) 

Churn and retention 
behavior 

Churn status, inactivity, 
retention indicators, cus-
tomer loss signals 

Identify at-risk customers 
and support retention actions 

(Hooda & Mittal, 2022; Xiahou & Harada, 2022; 
Loukili et al., 2023; Loukili et al., 2024) 

Loyalty and customer 
value 

Loyalty score, CLV, re-
peat purchase, high-value 
behavior 

Predict long-term customer 
value and relationship poten-
tial 

(Balasundaram et al., 2024; Kasemrat & Kraiwanit, 
2025; Sun et al., 2023) 

Recommendation be-
havior 

Product preferences, co-
purchase patterns, recom-
mendation response, cold-
start indicators 

Improve personalization and 
product targeting 

(Chen et al., 2025; Yıldız et al., 2023; Loukili & 
Messaoudi, 2024; Kafkas et al., 2021) 

Omnichannel behav-
ior 

Purchase channels, media 
touchpoints, distribution 
services, channel usage 

Analyze cross-channel cus-
tomer behavior 

(Nakano & Kondo, 2018; Cortiñas et al., 2019) 

Delivery and geo-
graphic behavior 

Delivery location, geo-
graphic region, service 
area, delivery data 

Combine behavioral and spa-
tial segmentation 

(Wang et al., 2024; Griva et al., 2024) 

Pricing and promotion 
response 

Discount sensitivity, price 
response, promotion be-
havior 

Support pricing and targeted 
promotion strategies 

(Antonius & Fitrianah, 2024; Loukili et al., 2025) 

Non-user behavior Reasons for not shopping 
online, adoption barriers, 
resistance factors 

Segment nonusers and low-
adoption consumers 

(Nery-da-Silva et al., 2024) 

Customer satisfaction 
and preference behav-
ior 

Preferences, satisfaction 
indicators, online shop-
ping attitudes 

Understand consumer expec-
tations and behavioral differ-
ences 

(Anwar et al., 2025; Monoarfa et al., 2024; Hussein 
et al., 2024) 

 

As shown in Table 1, the variable analyses indicate that e-commerce behavior segmentation has moved beyond the trans-
actional indicators to more multidimensional behavioral data. Moreover, some studies continue to emphasize the transac-
tional and RFM variables, and few include clickstream, omnichannel, real-time, or cross-platform behavioral data. This 
reinforces one of the main deficiencies identified in the review: the behavioral segmentation in e-commerce should move 
toward richer, dynamic, and journey-based data representations. 

4.3 Segmentation Techniques and Analytical Methods 

The selected articles that employ a variety of segmentation techniques reflecting the broad scope of behavioral segmentation 
in e-commerce. We have identified five main families of segmentation techniques: RFM-based segmentation, clustering-
based segmentation, machine learning-based segmentation, deep learning-based segmentation and hybrid or dynamic seg-
mentation. Each family contributes to the field differently. RFM segmentation is still the most successful segmentation 
technique because it is simple, understandable, and closely related to customer value. Clustering is one of the most popular 
techniques in unsupervised learning, especially using K-means, hierarchical clustering, DBSCAN, K-medoids, fuzzy clus-
tering, and related algorithms. Machine learning segmentation extends the field towards prediction, especially for churn, 
CLV, loyalty, pricing, and purchase behavior. Deep learning segments are more recent and are used for complex, sequential, 
or high-dimensional customer behavior. Hybrid and dynamic models combine multiple techniques or combine segmentation 
with recommendation, personalization, pricing, and adaptive marketing. 
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Table 2  
Main behavioral variables identified in the selected studies. 

Technique 
family 

Main techniques Typical objective Related studies 

RFM-based 
segmentation 

RFM, RM, RFM-T, 
RFMD, RFMQ, RFM + 
discount proportion 

Segment customers based on 
value, frequency, time, quan-
tity, or discount sensitivity 

(Lewaaelhamd, 2023; Wong et al., 2024; Antonius & 
Fitrianah, 2024; Dewi Rana et al., 2025; Martinez et al., 
2021; Chen et al., 2025; Kit & Firdaus, 2021) 

Clustering-
based segmen-
tation 

K-means, hierarchical 
clustering, DBSCAN, 
K-medoids, fuzzy clus-
tering, clustering com-
parison 

Identify natural customer 
groups from behavioral or 
transactional data 

(John et al., 2023; Kumar et al., 2025; Johan, n.d., 2025; 
Wu et al., 2022; Wasilewski, 2024; Pawełek-Lubera et 
al., 2025; Wasilewski et al., 2024; Yu et al., n.d., 2025; 
Hussein et al., 2024) 

Machine learn-
ing-based seg-
mentation 

SVM, MSVM, decision 
trees, predictive analyt-
ics, CLV models, churn 
prediction 

Predict churn, purchase behav-
ior, customer value, or cus-
tomer class 

(Hooda & Mittal, 2022; Xiahou & Harada, 2022; Lou-
kili et al., 2023; Sun et al., 2023; Bastos & Bernardes, 
2024) 

Deep learning-
based segmen-
tation 

LSTM, Ret-DNN, deep 
neural networks, deep 
Q-networks, deep reten-
tion models 

Model complex, temporal, or 
nonlinear customer behavior 

(Loukili et al., 2024; Kasemrat & Kraiwanit, 2025; Ru-
dro et al., 2025; El Youbi et al., 2024; Loukili et al., 
2025) 

Hybrid and dy-
namic segmen-
tation 

RFM + AI, segmenta-
tion + recommendation, 
temporal fuzzy cluster-
ing, Apriori, loyalty 
prediction 

Combine segmentation with 
personalization, recommenda-
tion, pricing, or dynamic adap-
tation 

(Balasundaram et al., 2024; Talaat et al., 2023; El Aa-
louche et al., 2026; Zhao et al., 2024; Wang et al., 2024; 
Yıldız et al., 2023; Loukili & Messaoudi, 2024; Kafkas 
et al., 2021; El Youbi et al., 2025) 

Omnichannel 
and contextual 
segmentation 

Channel-based segmen-
tation, delivery-based 
segmentation, geo-
graphic segmentation 

Segment customers across 
channels, services, locations, 
and distribution contexts 

(Griva et al., 2024; Nakano & Kondo, 2018; Cortiñas et 
al., 2019) 

Review and 
bibliometric 
approaches 

Method reviews, biblio-
metric mapping, con-
ceptual synthesis 

Structure the research field and 
identify gaps 

(Alves Gomes & Meisen, 2023; Monoarfa et al., 2024) 

 
This classification shows that the field is methodologically rich but fragmented. RFM and clustering remain dominant be-
cause of their simplicity and interpretability, while machine learning and deep learning approaches are gaining importance 
for prediction and personalization. However, advanced models are often evaluated using technical indicators rather than 
business outcomes. This creates a gap between methodological sophistication and managerial actionability. 

4.3.1 RFM-Based Segmentation 

RFM is the most used segmentation approach in the corpus. It segments customers based on recency, frequency, and value, 
which is attractive in e-commerce because those indicators are readily available in transactional databases. RFM is also 
easily interpretable, and this is one of the reasons why it continues to be employed in marketing and customer relationship 
management (Lewaaelhamd, 2023; Wong et al., 2024). Recent studies have compared RFM to traditional models. Several 
have extended or combined RFM methods. For example, study on customer segmentation using machine learning and RFM 
analysis shows how RFM indicators can be combined with other data-driven tools to further group customers (Lewaael-
hamd, 2023). Also, study on RFM analysis with clustering shows how RFM variables can be inputs for unsupervised learn-
ing models (Wong et al., 2024). Recent research has included an extension of the RFM model to include more behavioral 
variables. The RFM + discount proportion model includes a subset of discount sensitivity, recognizing that customers who 
buy similar quantities and spend similar amounts may profit or lose money depending on how much they rely on discounts 
(Antonius & Fitrianah, 2024). This is important because high frequency buying does not always translate to high profita-
bility when purchases are driven by promotions.  

Table 3  
RFM-based and RFM-extension studies.  

RFM variant Behavioral dimensions Main contribution Related studies 
Classical RFM Recency, frequency, monetary value Provides interpretable customer 

value segmentation 
(Lewaaelhamd, 2023; 
Wong et al., 2024) 

RM model Recency, monetary value Simplifies customer profiling in 
online retail contexts 

(Kit & Firdaus, 2021) 

RFM + clustering RFM variables combined with cluster-
ing algorithms 

Converts customer value indicators 
into data-driven segments 

(Lewaaelhamd, 2023; 
Wong et al., 2024) 

RFM + discount pro-
portion 

Recency, frequency, monetary value, 
discount sensitivity 

Distinguishes loyal customers from 
promotion-driven customers 

(Antonius & Fitrianah, 
2024) 

RFMD Recency, frequency, monetary value, 
duration 

Identifies nuanced profiles and one-
time or inactive customers 

(Martinez et al., 2021) 

RFMQ Recency, frequency, monetary value, 
quantity 

Supports recommendation and 
product targeting 

(Chen et al., 2025) 

RFM-T Recency, frequency, monetary value, 
time 

Captures temporal purchasing be-
havior and interpurchase patterns 

(Dewi Rana et al., 2025) 
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Other studies have added time and duration to RFM. The RFM-T model adds time information to better segment customers 
by purchasing intervals and behavior over time (Dewi Rana et al., 2025). The fuzzy RFMD model adds duration and uses 
fuzzy logic to better represent customers that do not belong to one segment (Martinez et al., 2021). These models show that 
customers may not behave like a discrete or static entity but may behave in multiple states and with changing behaviors. 
The RFMQ adds quantity to the RFM structure and links segmentation and recommendation optimization (Chen et al., 
2025). Despite its usefulness, RFM-based segmentation has important limitations. It focuses mainly on completed purchases 
and therefore ignores pre-purchase behavior such as browsing, cart abandonment, product comparison, and search behavior. 
It also provides limited insight into why customers behave in a certain way. Therefore, while RFM remains valuable as a 
managerial baseline, the selected studies suggest that it should be combined with richer behavioral variables and predictive 
methods. 

4.3.2 Clustering-Based Segmentation 

Clustering is the most used method family in the corpus. It is widely used because many unsupervised segmentation prob-
lems in e-commerce are unsupervised. Firms have no predefined labels of customers but must discover natural customer 
groups from behavior. K-means is the most frequently used clustering algorithm due to its simplicity, scalability, and easy 
interpretation (John et al., 2023; Kumar et al., 2025; Kit & Firdaus, 2021). 

K-means is widely used for customer segmentation in online and retail, online sale of fashion products, online sales from 
Malaysia, as well as RFM-based online stores (Kumar et al., 2025; Johan, n.d., 2025; Kit & Firdaus, 2021). This popularity 
is not surprising as it is both practical and efficient, though according to our review, K-means has several shortcomings. For 
example, it requires several clusters to be defined beforehand, is sensitive to first centroids, and may not do well on irregu-
larly shaped and outlier-rich customers.  Hierarchical clustering is often used as a comparison or alternative to K-means. 
Studies comparing K-means and hierarchical clustering indicate that different clustering methods produce different segment 
structure even with the same customer data (Kumar et al., 2025). This highlights the concern that the segmentation results 
are influenced by algorithm choice, preprocessing, distances, and evaluation metrics. 

There are some advantages of using DBSCAN and K-medoids to address limitations of K-means. Both methods can identify 
dense regions and outliers, while K-medoids has a greater generalization ability because it uses actual data as cluster centers 
(Johan, n.d., 2025; Wu et al., 2022). Of course, they are not without challenges. DBSCAN is heavily constrained by the 
selection of parameters, and K-medoids may be computationally more expensive than K-means for large datasets. 

Fuzzy clustering represents another direction. Unlike hard clustering methods, fuzzy clustering allows customers to belong 
to several segments with different degrees of membership (El Aalouche et al., 2026; Martinez et al., 2021). This is particu-
larly relevant in e-commerce because customer behavior is often ambiguous. A customer may be both discount-sensitive 
and loyal, or both low-frequency and high-value. Fuzzy approaches therefore offer a more realistic representation of cus-
tomer heterogeneity. 

Several selected studies go beyond the application of clustering and focus on clustering evaluation. The context-aware 
quality framework argues that clustering algorithms should be evaluated according to the specific e-commerce context 
rather than only through internal statistical metrics (Wasilewski, 2024). Multi-criteria and multi-factor evaluation studies 
similarly show that clustering method selection should consider technical quality, interpretability, computational cost, and 
business relevance (Pawełek-Lubera et al., 2025; Wasilewski et al., 2024). 

Table 4 
Clustering-based segmentation approaches. 

Clustering approach Strengths Limitations Related studies 
K-means clustering Simple, scalable, interpret-

able, widely used 
Requires predefined number of clus-
ters; sensitive to initialization and out-
liers 

(Lewaaelhamd, 2023; Wong et al., 2024; 
John et al., 2023; Kumar et al., 2025; Jo-
han, n.d., 2025; Kit & Firdaus, 2021; 
Zhao et al., 2024) 

Hierarchical clustering Useful for exploring 
nested customer structures 

Less scalable for large datasets; sensi-
tive to distance measures 

(Wong et al., 2024; Kumar et al., 2025) 

DBSCAN Detects dense clusters and 
outliers 

Sensitive to parameter selection; less 
effective with varying densities 

(Johan, n.d., 2025) 

K-medoids More robust to outliers 
than K-means 

Can be computationally expensive (Wu et al., 2022) 

Fuzzy clustering Captures overlapping cus-
tomer memberships 

More complex to interpret manageri-
ally 

(El Aalouche et al., 2026; Martinez et al., 
2021) 

Cluster evaluation 
frameworks 

Support context-aware 
method selection 

Require multiple criteria and careful 
interpretation 

(Wasilewski, 2024; Pawełek-Lubera et 
al., 2025; Wasilewski et al., 2024) 

Unsupervised learning 
for retail opportunities 

Discovers hidden cus-
tomer patterns 

Often needs stronger business valida-
tion 

(Yu et al., n.d., 2025) 

 
Overall, clustering-based segmentation remains central to the field, but the review shows that clustering should not be 
treated as a purely technical exercise. The main limitation is that many studies evaluate clusters using internal metrics 
without demonstrating how these clusters improve targeting, personalization, retention, or profitability. Future research 
should therefore connect clustering outputs more explicitly to business performance and customer experience outcomes. 
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4.3.3 Machine Learning-Based Segmentation 

Segmentation based on machine learning is different from typical clustering in that it often connects customer grouping 
with prediction. Instead of only identifying segmentation to make predictions, machine learning models predict churn, pur-
chase behavior, value to the customer, loyalty, or conversion. Machine learning is therefore particularly useful for proactive 
customer management. 

Churn prediction is one of the most developed machine learning techniques in the corpus. Several studies have used SVM, 
K-means combined with SVM, optimized MSVM, and other machine learning algorithms to predict which customers are 
likely to leave or stop shopping (Hooda & Mittal, 2022; Xiahou & Harada, 2022; Loukili et al., 2023). Research in this area 
shows that behavioral segmentation can support retention strategy by identifying risky customers before they become inac-
tive. 

Customer lifetime value (CLV) prediction is another area of application. Research using CLV uses machine learning and 
customer relationship management models to estimate the life-time value of customers (Sun et al., 2023). It shifts the focus 
from short-term behavior toward projected future profitability. CLV models are useful because they assist firms in priori-
tizing high-value customers and allocating marketing efforts more efficiently. 

Explainable machine learning is emerging as one of the newer directions. In a study on online purchases with explainable 
machine learning, it was shown that behavioral variables can be used to predict conversions, and it was also shown how 
other variables were involved in predicting the conversion (Bastos & Bernardes, 2024). This is important for behavioral 
segmentation, because managers need to understand why customers fall into certain groups or why they are likely to pur-
chase.  

As with marketing, machine learning has also been applied to pricing and promotions. Adaptive pricing that is based on 
deep Q networks has shown that customer behavior can be used to inform pricing decisions (Loukili et al., 2025). Though 
not always reported as segmentation research, these studies are related in the sense that price response and promotion sen-
sitivity can be used to define segmentations of customers. 

Table 5  
Machine learning-based segmentation and prediction studies.  

Application area Techniques used Segmentation contribution Related studies 
Churn prediction K-means, SVM, MSVM, ma-

chine learning classifiers 
Identifies at-risk customers and sup-
ports retention actions 

(Hooda & Mittal, 2022; Xia-
hou & Harada, 2022; Loukili 
et al., 2023) 

Customer lifetime value Machine learning and CRM 
models 

Segments customers according to 
expected long-term value 

(Sun et al., 2023) 

Purchase prediction Explainable machine learning Identifies behavioral drivers of pur-
chase conversion 

(Bastos & Bernardes, 2024) 

Pricing strategy Reinforcement learning / deep 
Q-networks 

Supports dynamic pricing and seg-
ment-sensitive marketing actions 

(Loukili et al., 2025) 

Personalized marketing Data-driven behavior analysis Converts customer behavior into 
targeted marketing strategies 

(Li et al., 2024) 

Consumer behavior analytics Data-driven analysis Supports segmentation based on 
online shopping behavior 

(Anwar et al., 2025; Hussein 
et al., 2024) 

 
 

Machine learning-based segmentation offers stronger predictive capabilities than traditional RFM or clustering. However, 
it also introduces several challenges. Many machine learning models require labeled data, which may not always be avail-
able. They may also prioritize predictive accuracy over interpretability. In addition, several studies do not clearly explain 
how predictions are translated into segment-specific marketing actions. Therefore, machine learning should be integrated 
with explainability and managerial decision frameworks. 

4.3.4 Deep Learning-Based Segmentation 

Deep learning approaches are less common than RFM and clustering but are a recent addition to the market. It can help 
predict nonlinear, sequential, high-dimensional, or complex customer behavior using complex indicators. Deep learning is 
very useful in e-commerce for predicting customer value, modeling engagement, adaptation of content, and analyzing com-
plex behavior. 

Attention-enhanced LSTM models can be used to predict high-value customer behavior by capturing the temporal character 
of e-commerce interactions (Kasemrat & Kraiwanit, 2025). This is important because the customer’s behavior moves over 
time and static models may fail to capture the sequence, rhythm, or changes in the customer’s activity while LSTM models 
can capture these types of dependencies. 

Deep learning is also used for customer retention. Retention studies using deep learning and imbalanced data techniques 
address the difficultness of identifying at risk customers when the churners and inactive customers are in the minority 
(Loukili et al., 2024). This technique is important as the problem of customer retention is often imbalanced in real business 
data. 
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Dynamic content adaptation is another deep learning-related application. Studies on dynamic content adaptation show that 
user engagement can be improved by adapting content based on behavioral patterns (El Youbi et al., 2024). This suggests 
that segmentation may evolve from periodic customer grouping toward real-time or near-real-time personalization. 

Ret-DNN models further demonstrate the use of deep neural networks for retail customer behavior analysis (Rudro et al., 
2025). These models can capture complex relationships between customer behavior, transactions, product trends, and re-
gional purchase patterns. However, their practical usefulness depends on whether the results can be interpreted and used by 
marketing managers. 

Table 6 
Deep learning-based approaches in the selected corpus. 

Application area Techniques used Segmentation contribution Related studies 
Attention-enhanced 
LSTM 

High-value customer behavior Captures temporal dependencies in cus-
tomer behavior 

(Kasemrat & Kraiwanit, 
2025) 

Deep learning for reten-
tion 

Churn and retention behavior Handles imbalanced customer retention 
problems 

(Loukili et al., 2024) 

Dynamic content adapta-
tion 

Engagement and content interaction Supports personalized content and user 
engagement 

(El Youbi et al., 2024) 

Ret-DNN Retail customer behavior prediction Models complex behavioral and transac-
tional patterns 

(Rudro et al., 2025) 

Deep learning + RFM + 
XAI 

Customer value and explainability Combines advanced prediction with in-
terpretable segmentation 

(Talaat et al., 2023) 

 

4.3.5 Hybrid and dynamic segmentation 

Hybrid and dynamic segmentation are a promising trend from the corpus. This involves combining different segmentation 
methods or linking segmentation to real-world e-commerce applications such as recommendation, loyalty prediction, pric-
ing, content adaptation, and personalized marketing. 

First, studies that combine segmentation with loyalty prediction provide an opportunity for such a hybrid segmentation. In 
the hybrid approach of customer segmentation and loyalty prediction, it has been shown that segmentation can be connected 
to the outcome of the future customer relationship and not limited to descriptive grouping (Balasundaram et al., 2024). This 
is important because e-commerce companies need to know not just who their customers are, but also which customers are 
likely to stay loyal. Hybrid models for recommendation also exist. Hyper-personalized recommendation uses customer 
segments to better target products in fashion retail (Yıldız et al., 2023). RFMQ-based recommendation combines RFMQ-
style indicators and recommendation logic (Chen et al., 2025). Cold-start recommendation addresses data shortage by lev-
eraging novel recommendations that can be adapted to support personalized recommendation in limited customer history 
(Loukili & Messaoudi, 2024). The temporal adaptive fuzzy clustering used in this study allows us to achieve dynamic 
segmentation because eCommerce customers move from active to inactive, from a discount-sensitive customer to a loyal 
one, from a “shopping only” customer to one that purchases regularly. Dynamic segmentation solves a major limitation of 
static clustering and RFM models. 

Association rules and pattern mining also support hybrid behavioral segmentation. Apriori-based segmentation relates clicks 
to conversions, showing that customer behavior can be measured through sequential actions and associations, not simply 
by aggregate variables (El Youbi et al., 2025). Co-purchase pattern analysis identifies product communities and customer 
purchase relationships in online marketplaces (Kafkas et al., 2021). 

Table 7  
Hybrid and dynamic segmentation approaches. 

Hybrid/dynamic approach Combination logic Main contribution Related studies 
Segmentation + loyalty prediction Customer grouping + loyalty 

modeling 
Links segmentation to future cus-
tomer relationship outcomes 

(Balasundaram et al., 2024) 

Segmentation + recommendation Customer groups + product 
recommendation 

Improves personalization and tar-
geting 

(Chen et al., 2025; Yıldız et al., 
2023; Loukili & Messaoudi, 2024) 

Deep learning + RFM + XAI Classical segmentation + AI + 
explainability 

Bridges interpretability and pre-
dictive modeling 

(Talaat et al., 2023) 

Temporal adaptive fuzzy clustering Fuzzy segmentation + tem-
poral adaptation 

Supports dynamic behavioral seg-
mentation 

(El Aalouche et al., 2026) 

Segmentation + pricing Behavioral analytics + adap-
tive pricing 

Connects segmentation with price 
response and digital marketing 
strategy 

(Loukili et al., 2025) 

Apriori-based behavioral segmen-
tation 

Association rules + click/con-
version behavior 

Identifies behavioral patterns be-
tween actions 

(El Youbi et al., 2025) 

Co-purchase pattern mining Product communities + pur-
chase behavior 

Supports cross-selling and recom-
mendation 

(Kafkas et al., 2021) 

Segmentation + customized mar-
keting 

Cluster analysis + marketing 
strategy 

Translates segments into targeting 
actions 

(Zhao et al., 2024; Wang et al., 
2024) 

Behavioral + geographic segmen-
tation 

Delivery data + spatial behav-
ior 

Produces context-aware customer 
profiles 

(Griva et al., 2024) 

Omnichannel segmentation Channel behavior + distribu-
tion services 

Captures customer behavior 
across channels 

(Nakano & Kondo, 2018; Cortiñas 
et al., 2019) 
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Hybrid and dynamic models address several limitations of traditional segmentation. They improve actionability by connect-
ing segments with recommendation, retention, pricing, and marketing strategy. They also improve behavioral realism by 
considering time, channel interaction, and customer movement across segments. However, these approaches are still emerg-
ing and remain less standardized than RFM or K-means clustering. Future research should therefore develop more robust 
hybrid frameworks that combine interpretability, prediction accuracy, real-time adaptation, and managerial usefulness. 

4.4 Datasets and Data Sources 

The results indicate that in e-commerce, behavioral segmentation is predominantly based on secondary customer data from 
digital platforms and systems, transaction systems, customer relationship management systems, recommendation engines, 
and online interaction logs. Of the 44 studies included in the analyses, transactional data, RFM-based customer records, 
clustering-ready customer data, clickstream or web activity data, churn and retention data, recommendation datasets, and 
omnichannel or contextual data are the most frequently reported data sources. This diversity of data indicates that behavior 
segmentation in e-commerce is not limited to purchase history but also increasingly includes behaviors across the customer 
journey. 

In addition, it seems there is a distribution problem among the different data sources. Most of these studies rely on transac-
tional or RFM data because they are structured, available, and directly related to customer value. Very few use clickstream, 
omnichannel, real-time, or cross-platform data that are more likely to capture pre-purchase behavior, customer intent, and 
journey complexity. This imbalance represents an important limitation in literature, since e-commerce behavior is not fully 
observable through completed transactions alone. 

Table 8  
Dataset orientation and analytical implications. 

Dataset orientation Typical data structure Strengths Related Studies 
Transactional  
datasets 

Purchase history, orders, 
product quantity, basket 
value, product categories, 
customer transactions 

Identify purchasing patterns and 
value-based customer groups 

(Lewaaelhamd, 2023; Wong et al., 2024; Antonius 
& Fitrianah, 2024; Dewi Rana et al., 2025; Martinez 
et al., 2021; Kumar et al., 2025; Johan, n.d., 2025; 
Wu et al., 2022; Kit & Firdaus, 2021; Yu et al., n.d., 
2025) 

RFM and RFM-ex-
tension datasets 

Recency, frequency, mone-
tary value, time, duration, 
quantity, discount propor-
tion 

Support customer value seg-
mentation and targeted market-
ing 

(Lewaaelhamd, 2023; Wong et al., 2024; Antonius 
& Fitrianah, 2024; Dewi Rana et al., 2025; Martinez 
et al., 2021; Chen et al., 2025) 

Customer profiling 
datasets 

Customer records used to 
create behavioral or value-
based profiles 

Build interpretable customer 
groups for marketing decisions 

(Balasundaram et al., 2024; Kit & Firdaus, 2021; 
Zhao et al., 2024; Hussein et al., 2024) 

Churn and retention 
datasets 

Customer activity history, 
churn labels, inactive cus-
tomers, retention indicators 

Identify at-risk customers and 
support retention strategies 

(Hooda & Mittal, 2022; Xiahou & Harada, 2022; 
Loukili et al., 2023; Loukili et al., 2024) 

Customer lifetime 
value datasets 

CRM data, customer value 
indicators, repeat-purchase 
history, profitability-re-
lated variables 

Segment customers according 
to future or long-term value 

(Balasundaram et al., 2024; Kasemrat & Kraiwanit, 
2025; Sun et al., 2023) 

Recommendation 
datasets 

User-product interactions, 
product preferences, co-
purchase patterns, recom-
mendation response, cold-
start indicators 

Improve product recommenda-
tion and personalization 

(Chen et al., 2025; Yıldız et al., 2023; Loukili & 
Messaoudi, 2024; Kafkas et al., 2021) 

Clickstream and 
web behavior da-
tasets 

Page views, sessions, 
browsing paths, cart open-
ing, visit duration, traffic 
source, device use 

Capture pre-purchase behavior 
and online engagement 

(Zavali et al., 2023; Bastos & Bernardes, 2024) 

Omnichannel and 
touchpoint datasets 

Purchase channels, media 
touchpoints, distribution 
services, channel interac-
tion data 

Understand customer behavior 
across multiple channels 

(Nakano & Kondo, 2018; Cortiñas et al., 2019) 

Delivery and geo-
graphic datasets 

Delivery location, service 
area, geographic customer 
behavior, e-commerce de-
livery data 

Combine behavioral and spatial 
segmentation 

(Wang et al., 2024; Griva et al., 2024) 

Pricing and promo-
tion-related data 

Price response, discount 
sensitivity, promotion be-
havior 

Support adaptive pricing and 
promotional segmentation 

(Antonius & Fitrianah, 2024; Loukili et al., 2025) 

Survey and prefer-
ence data 

Customer preferences, atti-
tudes, reasons for non-
adoption, online shopping 
behavior 

Understand behavioral motiva-
tions and non-user segments 

(Anwar et al., 2025; Hussein et al., 2024; Nery-da-
Silva et al., 2024) 

Secondary re-
view/bibliometric 
data 

Previously published stud-
ies, Scopus records, biblio-
graphic metadata 

Support conceptual synthesis 
and research-field mapping 

(Alves Gomes & Meisen, 2023; Monoarfa et al., 
2024) 
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4.5 Application Areas 

The selected studies indicate that behavioral segmentation in e-commerce has been implemented in several areas of man-
agement and analysis. But the methods used vary widely, but the basic goal of the studies is to translate the behavioral 
information into actionable information for personalization, targeting, retention, recommendation, pricing, and relationship 
management with the customer. The nine application areas that were identified in the corpus are personalized marketing, 
product recommendation, churn prediction, customer retention, customer lifetime value, pricing and promotion strategy, 
customer journey analysis, omnichannel strategy, and market or strategic decisions. 

Table 9  
Main application areas of behavioral segmentation in e-commerce. 

Application area Main objective Related studies 
Personalized marketing and customer 
targeting 

Adapt marketing actions to customer 
groups 

(Anwar et al., 2025; Li et al., 2024; Alves Gomes & Mei-
sen, 2023; Lewaaelhamd, 2023; Wong et al., 2024; Anto-
nius & Fitrianah, 2024; Zhao et al., 2024) 

Product recommendation and person-
alization 

Improve recommendation relevance 
and product targeting 

(Chen et al., 2025; Yıldız et al., 2023; Loukili & Messaoudi, 
2024; Kafkas et al., 2021) 

Churn prediction Identify customers likely to stop pur-
chasing 

(Hooda & Mittal, 2022; Xiahou & Harada, 2022; Loukili et 
al., 2023) 

Customer retention Detect at-risk customers and support 
retention campaigns 

(Balasundaram et al., 2024; Xiahou & Harada, 2022; Lou-
kili et al., 2023; Loukili et al., 2024) 

Customer lifetime value and loyalty 
prediction 

Identify high-value and loyal custom-
ers 

(Balasundaram et al., 2024; Kasemrat & Kraiwanit, 2025; 
Sun et al., 2023) 

Pricing and promotion strategy Adapt pricing or promotional decisions 
according to behavior 

(Antonius & Fitrianah, 2024; Loukili et al., 2025) 

Customer journey and clickstream 
analysis 

Understand browsing, visits, cart be-
havior, and conversion 

(Zavali et al., 2023; Bastos & Bernardes, 2024; El Youbi et 
al., 2025) 

Omnichannel and touchpoint strategy Analyze behavior across channels and 
distribution services 

(Nakano & Kondo, 2018; Cortiñas et al., 2019) 

Market strategy and strategic planning Support customized marketing and 
cross-border e-commerce decisions 

(Zhao et al., 2024; Wang et al., 2024; Griva et al., 2024) 

Method selection and segmentation 
evaluation 

Compare techniques and improve seg-
mentation quality 

(John et al., 2023; Kumar et al., 2025; Wu et al., 2022; 
Wasilewski, 2024; Pawełek-Lubera et al., 2025; 
Wasilewski et al., 2024) 

Non-user and adoption analysis Non-user and adoption analysis Non-user and adoption analysis 
 

Behavioral segmentation across e-commerce is used in several applications including personalized marketing and customer 
targeting, which uses RFM models and clustering to classify customers by recency, frequency, money value, discount sen-
sitivity, and online behavior (Li et al., 2024; Lewaaelhamd, 2023; Wong et al., 2024; Antonius & Fitrianah, 2024; Zhao et 
al., 2024). Recommendations and personalization systems are another important application in which segmentation can 
assist with product recommendations based on customer preferences, co-purchases, cold starts, and RFMQ-based buying 
behavior (Chen et al., 2025; Yıldız et al., 2023; Loukili & Messaoudi, 2024; Kafkas et al., 2021). Customer life-long value 
prediction, i.e., predict the churn prediction, customer retention, loyalty prediction, and lifetime value estimation using 
machine learning, SVM, optimized MSVM, deep learning, imbalanced learning, LSTM, and CRM-based models (Bal-
asundaram et al., 2024; Hooda & Mittal, 2022; Xiahou & Harada, 2022; Loukili et al., 2023; Loukili et al., 2024; Kasemrat 
& Kraiwanit, 2025; Sun et al., 2023). A smaller but strategically important stream is also associated with pricing and pro-
motions where customer behavior, price response, cost sensitivity, and profitability (Antonius & Fitrianah, 2024; Loukili et 
al., 2025). The most recent studies have also included customer journey and click streams including clicks, page views, time 
on page, stay on cart behavior, conversion paths, and explainable purchase (Zavali et al., 2023; Bastos & Bernardes, 2024; 
El Youbi et al., 2025). In addition, studies that have been reported on customers across channels of purchase, media inter-
actions, distribution services, and platforms show this is still relatively underdeveloped compared to the broader segmenta-
tion (Nakano & Kondo, 2018; Cortiñas et al., 2019). This can help target the target market, or cross-border e-commerce, 
targeted marketing, and analysis of non-users who avoid online shopping (Zhao et al., 2024; Wang et al., 2024; Griva et al., 
2024; Nery-da-Silva et al., 2024). 

4.6 Main Research Gaps Identified in Behavioral Segmentation in E-Commerce 

4.6.1 Static and Incomplete Representation of Customer Behavior 

A major gap in the literature is the continued dominance of static segmentation models based on historical transactions, 
RFM indicators, or one-time clustering procedures (Lewaaelhamd, 2023; Wong et al., 2024; Dewi Rana et al., 2025). Alt-
hough these models are straightforward and easy to apply, they do not capture the changing nature of e-commerce behavior 
in terms of promotions, seasonality, availability, experience with the platform, and changing preferences. Several studies 
extend RFM by including time, duration, quantity, or discount sensitivity (Antonius & Fitrianah, 2024; Dewi Rana et al., 
2025; Martinez et al., 2021; Chen et al., 2025), and temporal adaptive fuzzy clustering directly addresses change over time 
(El Aalouche et al., 2026). However, there is less dynamic segmentation as most studies still use only completed transactions 
and ignore browsing, searching, abandoning carts, comparison behavior, and clickstream signals, which are important pre-
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dict purchase intentions (Zavali et al., 2023; Bastos & Bernardes, 2024). There is also not enough representation of omni-
channel and cross-platform behaviors because customers interact across multiple channels, media, delivery services, and 
platforms (Griva et al., 2024; Nakano & Kondo, 2018; Cortiñas et al., 2019). And consumers who are not users and low-
adoption are only marginally studied, even though understanding why some customers avoid online shopping could aid in 
acquiring more customers (Martinez et al., 2021). 

4.6.2 Limited Explainability, Managerial Actionability, and Business Validation 

Another area of gap is the lack of evidence linking segmentation with managerial outcomes. Most studies focus on technical 
issues like clustering, classification, or prediction, but few evaluate whether the segmentation strategy influenced conver-
sion, retention, recommendation acceptance, profitability, customer satisfaction, or customer lifetime value. Although there 
are multi-criteria and multi-factor evaluation studies (Pawełek-Lubera et al., 2025; Wasilewski et al., 2024), these tech-
niques are underused. Advanced AI models such as LSTM, deep neural networks, Ret-DNN, and imbalanced learning 
methods can capture complex behavior but may be hard to interpret (Loukili et al., 2024; Kasemrat & Kraiwanit, 2025; 
Rudro et al., 2025). Explainable machine learning and hybrid models combining RFM, deep learning, and explainable AI 
promise to make segmentation more transparent and actionable (Talaat et al., 2023; Bastos & Bernardes, 2024). Explaina-
bility remains underdeveloped. This same problem appears in the recommendation and pricing applications, where studies 
point to the importance of segmentation for personalization, cold start recommendation, co-purchase analysis, and adaptive 
pricing (Antonius & Fitrianah, 2024; Dewi Rana et al., 2025; Chen et al., 2025; Loukili et al., 2025; Yıldız et al., 2023; 
Loukili & Messaoudi, 2024), yet seldom do they test how these strategies impact long-term customer experience, loyalty, 
or profitability. 

4.6.3 Need for Real-Time, Integrated, and Responsible Segmentation Frameworks 

In addition, the literature reviews indicate that there is an urgent need for real-time and integrated segmentation. Most 
segmentation models have been retrospective and offline while e-commerce decisions, such as recommendation, price, 
retargeting, cart recovery, or retention, can be taken immediately upon behavior. Dynamic content adaptive segmentation 
and temporal fuzzy clustering seem to indicate that segmentation is improving (El Aalouche et al., 2026; El Youbi et al., 
2024), but behavioral updates are not a standard approach. Future models should include live data about customer behavior, 
customer journey, multichannel interactions, recommendations, price, and customer value indicators in one segmentation. 
Yet privacy and ethics are not adequately addressed, although behavioral segmentation does contain customer data such as 
browsing history, transactional records, recommendation interactions, channel used, and other potentially sensitive behav-
iour records. 

Table 10  
Main research gaps identified in behavioral segmentation in e-commerce. 

Research gap Evidence from reviewed literature Why it matters Related studies 
Dominance of static segmen-
tation 

Heavy reliance on RFM and histori-
cal clustering 

Static groups may not reflect 
changing customer behavior 

(Lewaaelhamd, 2023; Wong et 
al., 2024; Dewi Rana et al., 
2025) 

Limited customer journey 
data 

Few studies use clickstream or web 
activity data 

Purchase-only data ignore 
browsing, hesitation, and cart 
behavior 

(Zavali et al., 2023; Bastos & 
Bernardes, 2024) 

Weak omnichannel integra-
tion 

Limited use of channel, touchpoint, 
and delivery data 

Customer behavior increas-
ingly spans multiple platforms 
and services 

(Griva et al., 2024; Nakano & 
Kondo, 2018; Cortiñas et al., 
2019) 

Weak business-performance 
validation 

Many studies rely on technical met-
rics 

Good clusters do not neces-
sarily improve marketing per-
formance 

(Wasilewski, 2024; Pawełek-
Lubera et al., 2025; Wasilewski 
et al., 2024) 

Limited explainability Advanced AI models are often 
black-box 

Managers need understandable 
segmentation logic 

(Talaat et al., 2023; Bastos & 
Bernardes, 2024) 

Fragmented link with recom-
mendation systems 

Segmentation and recommendation 
are often studied separately 

Personalization requires inte-
gration between customer 
groups and product targeting 

(Zavali et al., 2023; Chen et al., 
2025; Loukili & Messaoudi, 
2024; Kafkas et al., 2021) 

Underdeveloped real-time 
segmentation 

Most studies use offline historical 
data 

E-commerce decisions often re-
quire real-time response 

(El Aalouche et al., 2026; El 
Youbi et al., 2024) 

Limited pricing and promo-
tion analysis 

Few studies integrate price sensitiv-
ity or discount dependence 

Profitability depends on how 
customers respond to price and 
promotions 

(Loukili et al., 2025; Antonius 
& Fitrianah, 2024) 

Limited focus on nonusers Most studies focus on active custom-
ers 

Acquisition requires under-
standing barriers to online 
shopping 

(Nery-da-Silva et al., 2024) 

Limited privacy-aware 
frameworks 

Privacy and ethics are not central 
themes 

Behavioral segmentation de-
pends on sensitive customer 
data 

General gap identified from syn-
thesis 

 

4.7 Future Research Agenda 
 

Future research on behavioral segmentation in e-commerce should look to more dynamic, real-time, and customer-journey-
based models. Current studies typically look at past transactions, RFM, or offline clustering techniques (Lewaaelhamd, 
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2023; Wong et al., 2024; Dewi Rana et al., 2025), but they do not capture how customers move through segments over time. 
Dynamic approaches, such as temporal adaptive fuzzy clustering, illustrate the notion that customer behavior can be seen 
as dynamic rather than static (El Aalouche et al., 2026). Future studies should include recent behaviors, such as browsing, 
shopping cart, frequency of purchases, recommendation, promotion, and churn indicators. Also, future research should 
include customer journey and clickstream data, as browsing path, page views, traffic sources, session duration, and website 
activities can provide insight into the customer’s intent before purchase or abandonment (Zavali et al., 2023; Bastos & 
Bernardes, 2024). 

Another area to focus on in future studies is developing more explainable, integrated, and omnichannel segmentation mod-
els. As machine learning and deep learning become more common in e-commerce analytics, it is important to have inter-
pretability for managers to translate predictions into action (Kasemrat & Kraiwanit, 2025; Rudro et al., 2025). Explainable 
machine learning and hybrid models of RFM, deep learning, and explainable AI may offer promising directions for com-
bining predictive performance with transparency (Talaat et al., 2023; Bastos & Bernardes, 2024). Separation should be 
performed not only on the single platform but also on sites, mobile applications, marketplaces, media outlets, delivery 
channels, and other channels (Griva et al., 2024; Nakano & Kondo, 2018; Cortiñas et al., 2019). Such research could provide 
a way for researchers to capture the full complexity of e-commerce behavior. In addition, future research needs to be closer 
to the business performance, pricing, recommendation, nonuser analysis, and responsible use of data. For the future studies 
and to provide an accurate and profitable behavioral segmentation, future models should consider conversion, retention, 
accepting recommendations, campaign efficiency, lifetime value, and satisfaction (Pawełek-Lubera et al., 2025; Wasilewski 
et al., 2024). Pricing and promotions should also be considered more strongly, as discount sensitivity and adaptive pricing 
can significantly impact the value of customers (Antonius & Fitrianah, 2024; Loukili et al., 2025). Recommendation seg-
mentation should be assessed on relevance, loyalty, satisfaction, and the value of the customer (Chen et al., 2025; Yıldız et 
al., 2023; Loukili & Messaoudi, 2024; Kafkas et al., 2021). Future research should also examine inactive users, cart aban-
doners, and non-users (Nery-da-Silva et al., 2024). Since behavior segmentation of customers relies on their own detailed 
data, future models should also include privacy, fairness, transparency, consent, and ethical targeting so that they are not 
only accurate and profitable, but also trustworthy and responsible. 

Table 11 
Future research agenda for behavioral segmentation in e-commerce. 

Research gap Evidence from reviewed literature Why it matters 
Dynamic and real-time segmenta-
tion 

How can customer segments be updated continuously 
based on live behavioral data? 

More adaptive and responsive segmentation 
models 

Customer journey-based segmenta-
tion 

How can clickstream, cart, browsing, and transaction 
data be integrated into journey-based segmentation? 

Better understanding of pre-purchase and 
post-purchase behavior 

Explainable AI How can advanced AI models explain customer seg-
ment membership and behavioral predictions? 

More transparent and managerially actiona-
ble segmentation 

Omnichannel segmentation How can customer behavior across websites, apps, 
marketplaces, social media, and delivery services be 
integrated? 

More complete cross-platform customer pro-
files 

Business-performance validation How does segmentation affect conversion, retention, 
CLV, profitability, and satisfaction? 

Stronger link between segmentation and 
managerial outcomes 

Pricing and promotion segmenta-
tion 

How can discount sensitivity and price response be 
incorporated into customer segmentation? 

More profitable and promotion-aware cus-
tomer targeting 

Recommendation-oriented seg-
mentation 

How does segmentation improve recommendation 
acceptance and personalization quality? 

Better integration between segmentation and 
recommender systems 

Nonuser and inactive-user segmen-
tation 

How can firms segment nonusers, inactive customers, 
and hesitant consumers? 

Improved acquisition and reactivation strate-
gies 

Privacy-aware segmentation How can firms personalize behaviorally while pre-
serving privacy and trust? 

More ethical and sustainable customer ana-
lytics 

5. Conclusion 

This systematic literature review consolidates a fragmented body of research on behavioral segmentation in e-commerce 
and clarifies how the field has developed across methodological, data-driven, and managerial dimensions. Rather than treat-
ing segmentation as a purely technical classification task, the review shows that behavioral segmentation has become a 
broader analytical framework for understanding customer heterogeneity, anticipating future behavior, and supporting cus-
tomer-centered decision-making in digital commerce. The synthesis reveals that there is a trend toward the classic ap-
proaches of RFM and clustering that remain important due to their simplicity, interpretability, and relevance. More recently, 
they have been supplemented by machine learning, deep learning, recommendation models, explainable AI, and dynamic 
segmentation. The current trend suggests that we are moving away from static descriptions of past transactions toward more 
predictive, adaptive, and context aware forms of customer analytics. Moreover, the review shows that this trend is still 
limited because many studies are still based on limited datasets, evaluation metrics, and without any connection to business 
performance, customer journey behavior, omnichannel interactions, or responsible data use. Overall, this review makes 
behavioral segmentation in e-commerce an interdisciplinary field between data mining, artificial intelligence, marketing 
analytics, and customer relationship management. Its future value rests on its integration of richer behavioral data, explain-
able and privacy-aware modeling, real time adaptation, and quantifiable managerial outcomes. Its advancement will enable 
behavioral segmentation to move beyond customer grouping to a more reliable foundation for smart, ethical, and perfor-
mance-oriented decision making in e-commerce. 
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