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Abstract 

Purpose Customer segmentation is central to retail decision-making, and clustering-based approaches 

built on the RFM (Recency-Frequency-Monetary) framework are the dominant technique family used to 

derive it. This paper presents narrative literature review that synthesises research on clustering-based 

customer segmentation in retail, tracing the evolution of the RFM framework, by comparing clustering 

algorithms and validation methods, and surveying the deep emerging learning approaches. 

Methods A narrative non-systematic review methodology is used. Relevant peer-reviewed articles, 

conference proceedings, and book chapters were identified through targeted searches across major themes: 

RFM model foundations and extensions, clustering algorithms, clustering validation metrics, 

segmentation based on deep learning, and sector-specific applications. More than fifty sources which were 

meeting these themes were reviewed and synthesised. 

Findings The RFM framework used has been extended along many dimensions (LRFM, RFMT, RFMTC, 

RFM-D, LRFMV) to capture loyalty duration, churn risk, product diversity, and purchase volume and the 

K-Means remains the dominant clustering algorithm. The hybrid and density-based methods, along with 

emerging autoencoder-based deep clustering approaches, are increasingly used to handle non-linear and 

high-dimensional customer data. Validation practice is inconsistent across studies, like with the silhouette 

score, Davies-Bouldin index, and Calinski-Harabasz index each used but rarely reported together, limiting 

comparability across findings. 

Conclusion In spite of three decades of active research, clustering-based customer segmentation in retail 

continues to evolve along largely separate tracks — feature engineering (RFM extensions), algorithm 

selection, and validation methodology — with limited standardisation across these studies. This review 

identifies this fragmentation as the central open gap of study and outlines directions far more integrated, 

rigorously validated segmentation research. 
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1. Introduction 

Customer segmentation — the fundamental practice of dividing a customer base into groups that share 

similar characteristics or behaviors — is a foundational technique in retail analytics, behind targeted 

marketing, inventory planning, and customer relationship management [1]. Among the various customer-

segmentation approaches, clustering methods based on the Recency, Frequency, and Monetary (RFM) 

framework have emerged as one of the most widely adopted and influential paradigms in both academic 

research and business practice. Their popularity stems from their intuitive and easily interpretable 

structure, reliance on readily available transactional data, and proven ability to generate actionable 

customer groups that support targeted marketing, customer-retention strategies, personalized offerings, 

and improved business decision-making across diverse sectors. [2, 4]. 

Research in this area spans largely on distinct strands: the evolution of RFM into richer behavioral feature 

sets; the selection comparison of clustering algorithms; the validation of resulting clusters; and, more 

recently, the application of deep learning that helps to overcome the limitations of traditional methods on 

complex, high-dimensional retail data. While each of these strands is individually well developed, they 

are rarely synthesised together, making it difficult for researchers and practitioners to see how advances 

in one area relate to established practice in another. 

This review addresses that gap by synthesising the literature on clustering-based customer segmentation 

in retail across four thematic areas, which are 

(i) The evolution of the RFM framework and its extensions;  

(ii) The clustering algorithms used to for segmentation;  

(iii) The methods used to validate resulting clusters. T 

(iv) The emerging role of deep learning in segmentation.  

The review concludes by highlighting persistent gaps that remain unaddressed in this body of work and 

by outlining promising directions for future research. 

The remainder of this paper is organized as follows. Section 2 traces the evolution of the RFM framework. 

Section 3 reviews clustering algorithms applied to customer segmentation. Section 4 examines cluster 

validation methods. Section 5 surveys deep learning-based segmentation approaches. Section 6 discusses 

sector-specific applications. Section 7 synthesises research gaps and future directions, and Section 8 

concludes the review. 

2. Evolution of the RFM Framework 

The RFM model, which originated in direct-marketing practice and was widely popularized by Hughes, 

evaluates customers along three dimensions: Recency (time since the most recent purchase), Frequency 

(number of purchases within a specified period), and Monetary value (total or average customer 

expenditure). Its enduring appeal lies in its reliance on transactional data that most retailers routinely 

collect, enabling broad application without substantial additional data-collection costs.[4]. 
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A substantial body of research has extended the basic RFM model to capture behavioral dimensions that 

it does not inherently represent. Reinartz and Kumar  [5] observed that RFM alone cannot distinguish 

between long-term and short-term customer relationships, thereby motivating relationship-length-aware 

extensions. The LRFM model—comprising Length, Recency, Frequency, and Monetary value—addresses 

this limitation by incorporating the duration of the customer relationship. It has been applied to market 

segmentation in a children’s dental clinic [6] and to patient-value analysis in a pediatric dental-clinic case 

study . In these applications, self-organizing maps (SOMs), often combined with K-means clustering, were 

used to identify cluster structures before customer or patient profiles were interpreted Further extensions 

have incorporated additional behavioral and economic dimensions into the RFM framework. Peker, 

Koçyiğit [7], and Eren proposed the LRFMP model—Length, Recency, Frequency, Monetary value, and 

Periodicity—for customer segmentation in the grocery retail industry. By adding Periodicity, defined as 

the interval or regularity of customers’ purchases, the model captures purchasing rhythms that are not 

reflected in conventional RFM or LRFM measures. The study used transaction data from a Turkish 

grocery chain and K-means clustering to identify five customer groups, including high-contribution loyal 

customers, uncertain customers, and high-spending lost customers. Yeh, Yang, and Ting [8] proposed 

RFMTC, adding Time-since-first-purchase and a Churn-probability estimate derived from a Bernoulli 

sequence model, enabling segmentation to directly incorporate retention risk. Soeini and Fathalizade 

extended RFM for the insurance industry by adding duration and cost dimensions [applied in 41], while 

Mahfuza et al. [9] proposed LRFMV, adding a volume dimension to capture the relationship between 

purchase quantity and profit in superstore data Beyond behavioral extensions, several studies have 

combined RFM with other analytical techniques rather than adding new variables. Cheng and Chen [10] 

combined RFM scoring with rough set theory to derive classification rules for customer value segments. 

Christy et al. [2] proposed an RFM ranking approach as an alternative to clustering for deriving segment 

order directly from RFM scores. Guney, Peker, and Turhan [11] combined an LRFMP-based clustering 

stage with association rule mining in a video-on-demand context, illustrating a rare example of the 

segmentation-plus-pattern-mining integration that remains uncommon in the broader literature (see 

Section 7). Most recently, Ozcan [12] proposed an extended RFM model incorporating price sensitivity, 

shopping regularity, and basket depth for e-commerce segmentation, reporting five behaviorally distinct 

clusters when combined with K-Means. 

Coussement, Van den Bossche, and De Bock [13] benchmarked RFM-based segmentation against logistic 

regression and decision trees, finding that data accuracy substantially affects segmentation performance 

regardless of technique —is a methodological caution that is echoed, but not always addressed, across the 

wider RFM literature reviewed here. 

3. Clustering Algorithms for Customer Segmentation 

3.1 Partitioning and Density-Based Methods 

K-Means, introduced by MacQueen [14], remains by a huge margin the most frequently applied algorithm 

for RFM-based customer segmentation, owing to its computational efficiency and ease of interpretation 

[15, 20]. Its main limitation is its sensitivity to the initial choice of k, sensitivity to outliers, and an 

assumption of roughly spherical, similarly sized clusters have motivated a range of alternative and hybrid 

approaches. 
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K-Medoids addresses K-Means' sensitivity to outliers’ anomaly by using actual data points (medoids) 

rather than centroids as cluster representatives, at higher computational cost [16]. Wu, Chang, and Lo [15] 

applied both RFM-based K-Means and related partitioning methods to customer value analysis for a retail 

outfitter. Mini-Batch K-Means, evaluated alongside standard K-Means and K-Medoids by Mahfuza et al. 

[9], trades a small amount of clustering quality for substantially reduced computation time on large 

transactional datasets, making it attractive for retailers with high transaction volumes.  

Density-based methods, principally DBSCAN [17], cluster points which is based on local density rather 

than distance to a centroid, allowing them to detect arbitrarily shaped clusters and explicitly identify 

outliers rather than forcing every customer into a segment. Monalisa [18] applied DBSCAN specifically 

to outlier detection within RFM and LRFM feature spaces, arguing that outlier customers (for example, 

occasional very-high-value purchasers) are frequently mis-segmented by centroid-based methods and are 

better handled by explicit outlier identification prior to clustering. 

3.2 Fuzzy and Hierarchical Methods 

Where strict cluster boundaries are unrealistic for instance, a customer near the boundary between “loyal” 

and “at-risk” segments — fuzzy clustering methods assign partial membership across multiple clusters. 

Zahrotun [19] applied Fuzzy C-Means to RFM-derived customer data in an online shop context, reporting 

that fuzzy membership scores provided more nuanced customer profiles than the hard assignments 

produced by K-Means. This approach is particularly useful in customer segmentation because purchasing 

behaviour often overlaps across customer groups. Hierarchical (agglomerative) clustering has also been 

used, either as a standalone method or as a cross-validation check against partitioning results, since it does 

not require the number of clusters to be specified in advance and produces a dendrogram that can itself 

inform the choice of k [20, 21].  

3.3 Algorithm Comparison Studies 

A recurring theme across the literature is direct comparison of multiple algorithms on the same dataset 

rather than commitment to a single method. Arun [22] compared Hierarchical Clustering, K-Means, 

DBSCAN, and Fuzzy C-Means on evaluation metrics including silhouette score and Davies-Bouldin 

index, finding that no single algorithm dominated across all metrics — hierarchical clustering produced 

the best-separated clusters by silhouette score, while a different algorithm minimized the Davies-Bouldin 

index, underscoring that algorithm choice is metric- and context-dependent rather than universal. This 

pattern of context-dependent algorithm performance recurs across the comparison studies reviewed here 

and is discussed further in Section 4. 

Corrected till here 

 

4. Cluster Validation Methods 

Because clustering is unsupervised, there is no ground-truth label against which to directly measure 

accuracy; instead, studies rely on internal validation metrics that assess cluster cohesion and separation 

using the data itself. Three metrics dominate the reviewed literature: the silhouette coefficient [23], the 

Davies-Bouldin index [24], and the Calinski-Harabasz index [25]. 

The silhouette coefficient, for each point, compares its average distance to other points in its own cluster 

against its average distance to points in the nearest neighboring cluster, producing a score between −1 and 

http://www.aijfr.com/


 

Advanced International Journal for Research (AIJFR) 

E-ISSN: 3048-7641   ●   Website: www.aijfr.com   ●   Email: editor@aijfr.com 

 

AIJFR26058075 Volume 7, Issue 5 (September-October 2026) 5 

 

+1 where higher values indicate better-defined clusters [23]. It is the most widely reported metric across 

the studies reviewed here [9, 22], in part because its bounded range gives it an intuitive interpretation that 

the Davies-Bouldin and Calinski-Harabasz indices lack. 

The Davies-Bouldin index measures the average similarity between each cluster and its most similar 

counterpart, with lower values indicating better separation [24]; unlike the silhouette score it has no fixed 

upper bound, complicating cross-study comparison. The Calinski-Harabasz index, based on the ratio of 

between-cluster to within-cluster dispersion, is used less frequently in the retail segmentation literature 

reviewed here but appears alongside the other two in more recent comparative studies [22]. 

A persistent limitation across the reviewed literature is that few studies report more than one or two of 

these metrics together, and even fewer justify why a given metric was chosen over the alternatives. Arun's 

[22] finding that different metrics favored different algorithms on the same dataset illustrates the practical 

consequence of this inconsistency: conclusions about “which algorithm is best” in the literature are often 

metric-dependent rather than dataset-dependent, a point rarely made explicit in the individual studies 

themselves. The elbow method (based on within-cluster sum of squares) remains widely used specifically 

for selecting the number of clusters k, typically prior to — and independently of — the internal validation 

metrics used to assess the resulting clusters [9, 26]. 

5. Deep Learning-Based Segmentation 

Traditional clustering algorithms assume that meaningful structure exists in the original feature space, an 

assumption that becomes increasingly strained as retailers incorporate higher-dimensional behavioral data 

— browsing sequences, review text, product-level purchase histories — alongside or instead of simple 

RFM scores. This has motivated a fast-growing body of work applying deep learning to customer 

segmentation, concentrated almost entirely in the last two to three years of the literature reviewed here. 

Autoencoders — neural networks trained to reconstruct their own input through a compressed intermediate 

representation — are the most commonly applied deep learning technique in this space, used primarily for 

non-linear dimensionality reduction prior to conventional clustering [27, 28]. Chavan et al. [28] combined 

autoencoder-based dimensionality reduction with conventional clustering on a large retail dataset, 

reporting that the hybrid approach uncovered customer groupings not visible when clustering was applied 

directly to the original high-dimensional feature space. Madanchian, Farhaoui, and Taherdoost [29] 

reviewed autoencoders and generative models for segmentation across retail and financial-services case 

studies, concluding that these methods improve segmentation scalability and precision but require 

substantially more data and computational resources than RFM-based clustering. 

A related and more tightly integrated approach is deep embedded clustering, in which the dimensionality-

reduction and clustering objectives are optimized jointly rather than sequentially. Xie, Girshick, and 

Farhadi [30] introduced this approach in the general machine learning literature, and Yang et al. [31] 

extended it with a “K-Means-friendly” embedding space that explicitly shapes the learned representation 

to suit centroid-based clustering. Li et al. [32] proposed a residual-autoencoder-based deep embedded 

clustering variant, reporting improved cluster compactness over standard autoencoder-plus-K-Means 

pipelines. Berahmand et al. [27] surveyed autoencoder applications across machine learning broadly, 

providing a methodological anchor for the retail-specific applications discussed here. 
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Despite this growing body of work, deep learning-based segmentation studies in the retail literature 

reviewed here rarely report the same internal validation metrics (silhouette score, Davies-Bouldin index) 

used in the traditional-clustering literature discussed in Section 4, and even more rarely compare directly 

against an RFM-plus-K-Means baseline on the same dataset. This makes it difficult to assess, from the 

literature alone, how much of the reported improvement is attributable to the deep learning component 

specifically rather than to dataset or evaluation differences across studies — a gap discussed further in 

Section 7. 

6. Sector-Specific Applications 

While retail is the primary focus of this review, RFM-based clustering has been applied across a wide 

range of adjacent sectors, and this cross-sector literature has directly shaped methodological practice 

within retail-specific studies. In banking, Hsieh [33] combined data mining with behavioral scoring for 

customer analysis, while Sohrabi and Khanlari [34] used RFM to measure customer lifetime value in a 

financial-services context. In telecommunications, Li, Shue, and Lee [35] applied RFM-informed business 

intelligence to strategy-making for internet service providers. 

Healthcare applications include Mohammadzadeh, Hoseini, and Derafshi's [36] use of RFM to model 

patient churn behavior in a specialized clinic setting, and the dental-clinic LRFM case studies discussed 

in Section 2 [6, 38]. Hospitality and travel applications include Lumsden, Beldona, and Morrison's [37] 

application of the RFM framework to customer value in an all-inclusive travel vacation club. Even political 

campaign management has adopted the framework: Nagesh [41] used RFM scoring combined with 

XGBoost-based cluster prediction to generate political engagement scores. 

This breadth of application underscores a consistent finding across the reviewed literature: the core RFM-

plus-clustering pattern generalizes well across domains with transactional or engagement data, even as the 

specific extensions and clustering algorithms used vary by sector. Retail-specific studies (Sections 2 and 

3) tend to emphasize purchase volume and product diversity extensions, whereas the sector applications 

reviewed here more often emphasize churn and lifetime-value extensions — a pattern of domain-specific 

specialization that itself represents an implicit, largely unstated research gap: retail segmentation studies 

rarely draw on churn-modeling techniques well established in banking and telecom, and vice versa. 

7. Research Gaps and Future Directions 

Synthesising the literature reviewed in Sections 2 through 6 surfaces three related gaps that cut across the 

individual families of technique. 

Fragmentation across feature engineering, algorithm choice, and validation. Studies reviewed here 

classically innovate along exactly one of these three axes — a new RFM extension applied with standard 

K-Means and a single validation metric [8, 9, 12]; a new algorithm applied to standard RFM features [18, 

19, 22]; or a new validation approach applied post hoc to an existing pipeline. Few studies vary more than 

one axis at a time, making it difficult to isolate which component —features the algorithm, or the 

validation choice — actually drives reported improvements. 

Inconsistent and incomplete validation reporting. As discussed in Section 4, most previous studies 

report only one or two internal validation metrics, and Arun's [22] finding that the algorithm rankings 
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differ by metric, actually suggests that single-metric conclusions throughout this literature should be 

treated cautiously. No study reviewed here reports external validation (for example, business-outcome-

based validation such as measured campaign lift per segment) alongside internal metrics, leaving the 

practical business value of statistically “better” clusters largely unverified. 

Limited integration with downstream pattern discovery. With the exception of Guney, Peker, and 

Turhan's [11] combined clustering-and-association-rule-mining approach in a video-on-demand setting, 

the segmentation literature reviewed here treats customer clustering as an endpoint rather than as an input 

to further analysis such as product-level association rule mining. This is consistent with the broader 

disconnect noted in prior retail data-mining literature between customer-level segmentation and product-

level pattern discovery techniques, which are more often studied independently than in combination. 

These gaps motivate research that deliberately combines a validated feature-engineering choice, a justified 

(not merely convenient) algorithm selection, multi-metric validation reported transparently, and — where 

relevant — explicit integration with downstream analytical tasks such as association rule mining, rather 

than treating segmentation as an isolated technique applied and reported in a methodological vacuum. 

8. Conclusion 

This review synthesised the literature on clustering-based customer segmentation in retail across four 

themes: the evolution of the RFM framework and its many extensions, the clustering algorithms used to 

systematize segmentation, the methods used to validate resulting clusters, and the emerging role of deep 

learning. More than three decades after Hughes [3] first formalized RFM, the framework continues to be 

actively extended, most recently toward e-commerce-with specific behavioral dimensions [12] and deep-

learning-based on feature representations [27–32]. 

The review's central finding is one of fragmentation rather than absence of progress: individual technique 

families — RFM extensions, algorithm comparisons, validation methodology, and deep learning — are 

each reasonably mature, but are rarely combined or evaluated against one another within a single, 

methodologically transparent study. Addressing this fragmentation, through studies that combine 

validated feature engineering, justified algorithm selection, multi-metric validation, where appropriate, 

integration with downstream analytical tasks, represents the most direct path toward more reliable and 

more actionable customer segmentation research in retail. 
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