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::In the contemporary digital economy, the ability to effectively analyze and segment consumer behavior has become a
eritical  determinant of organizational competitiveness and strategic decision-making. This study provides a
“comprehensive quantitative analysis of customer behavior using the Recency-Frequency-Monetary (RFM) model
“combined with K-Means clustering techniques, applied to longitudinal transactional data from an international online
“retail platform during the period 2010-2011. Adopting a data-driven analytical framework, the research integrates
“statistical modeling and machine learning techniques within a Python-based computational environment, supported by
“the Orange3 data mining platform. The study constructs behavioral profiles based on three core dimensions—recency of
~purchase, purchase frequency, and monetary value—allowing for the identification of distinct customer segments. The
“clustering process is validated using the Silhouette coefficientand further supported by inferential statistical testing through
~one-way analysis of variance (ANOVA), ensuring the robustness and internal consistency of the segmentation model.
::The findings reveal the existence of three statistically significant customer segments: high-value (champion) customers,
::inaclive or lost customers, and regular or potentially valuable customers. Each segment exhibits distinct behavioral and
~economic characteristics, enabling the formulation of targeted marketing strategies aimed at maximizing customer lifetime
“value and optimizing resource allocation. The study contributes to the existing literature by demonstrating the
“effectiveness of integrating traditional marketing analytics models with contemporary machine learning techniques, while
“also providing practical implications for e-commerce firms seeking to enhance customer relationship management
“through data-driven segmentation approaches.
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1. Introduction

The rapid expansion of digital commerce has fundamentally transformed the nature of consumer-firm interactions, leading to
an unprecedented increase in the availability and complexity of transactional data. In this context, organizations are increasingly
reliant on data-driven analytical frameworks to understand consumer behavior, predict purchasing patterns, and design effective
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marketing strategies. The transition from intuition-based decision-making to evidence-based marketing has positioned customer
analytics at the core of contemporary business intelligence systems.

One of the most widely adopted approaches in this domain is the Recency-Frequency-Monetary (RFM) model, which provides
a structured method for evaluating customer value based on historical purchasing behavior. By capturing the temporal dimension
of consumption (recency), the intensity of engagement (frequency), and the economic contribution (monetary value), the RFM
model enables firms to identify and prioritize their most valuable customers. Its simplicity, interpretability, and practical relevance
have contributed to its widespread application in both academic research and industry practice.

Despite its established utility, the traditional application of the RFM model is often limited by its descriptive nature, which may
fail to capture complex behavioral patterns within large-scale datasets. To address this limitation, recent studies have increasingly
integrated RFM analysis with machine learning algorithms, particularly clustering techniques such as K-Means, to enhance
segmentation accuracy and uncover latent structures within consumer data. This integration reflects a broader methodological
shift toward hybrid analytical models that combine classical marketing theory with computational intelligence.

Within this evolving landscape, the present study aims to examine how the integration of the RFM model with K-Means
clustering—implemented within a Python and Orange3 computational environment—can contribute to the identification of
meaningful customer segments in an online retail context. The empirical analysis 1s based on a longitudinal dataset of
transactional records, allowing for a dynamic assessment of consumer behavior over time.

Literature Review

The analysis of consumer behavior and customer segmentation has become a central focus in contemporary marketing research,
particularly in the context of digital commerce and data-driven decision-making. The increasing availability of large-scale
transactional data has facilitated the development of advanced analytical techniques aimed at identifying behavioral patterns and
optimizing customer relationship management strategies. Within this evolving landscape, the integration of traditional marketing
models with computational data mining approaches has emerged as a dominant paradigm.

1. Consumer Behavior and Data-Driven Marketing

Consumer behavior 1s broadly conceptualized as the set of actions and decision-making processes individuals engage in when
acquiring, using, and evaluating goods and services. Classical frameworks emphasize psychological, social, and economic
determinants of behavior, including individual preferences, cultural influences, and situational contexts (Kotler & Keller, 2016;
Solomon, 2018). In the digital environment, these factors are further shaped by technological variables such as interactivity,
accessibility, and information transparency, which significantly influence online purchasing decisions (Cetina et al., 2012).

The transition toward data-driven marketing has redefined the analytical scope of consumer behavior research. Rather than
relying solely on survey-based or qualitative methods, firms increasingly utilize transactional datasets to derive insights into
customer preferences and purchasing patterns. This shift has enabled the development of predictive and prescriptive models
aimed at enhancing customer lifetime value and improving strategic targeting (Davenport & Harris, 2017; Verhoef et al., 2016).

2. The RFM Model as a Framework for Customer Value Analysis

The Recency-Frequency-Monetary (RFM) model represents one of the most widely used approaches for customer
segmentation in both academic and practical contexts. By quantifying three key dimensions of customer behavior—how recently
a purchase was made, how frequently transactions occur, and how much the customer spends—the model provides a structured
mechanism for evaluating customer value and prioritizing marketing efforts.

Early studies have demonstrated the effectiveness of RFM analysis in identifying high-value customers and supporting targeted
marketing strategies (Fader et al., 2005). The model’s simplicity and interpretability have contributed to its widespread adoption
across various industries, particularly in retail and e-commerce environments. Furthermore, RFM segmentation aligns with the
Pareto principle, highlighting that a relatively small proportion of customers often generates a significant share of revenue.

However, despite its advantages, the traditional application of RFM 1s often limited by its reliance on predefined scoring systems
and its inability to capture complex, multidimensional patterns in large datasets. As a result, recent research has focused on
enhancing the analytical power of RFM through integration with advanced data mining techniques (Chen et al., 2012).

3. Data Mining and Clustering Techniques in Customer Segmentation

The application of data mining techniques in customer relationship management has expanded significantly over the past two
decades, enabling organizations to uncover hidden patterns within large datasets. Among these techniques, clustering algorithms
have gained particular prominence due to their ability to group customers into homogeneous segments based on similarity
measures (Ngai et al., 2009).

K-Means clustering, originally introduced by James MacQueen (1967), is one of the most widely used unsupervised learning
algorithms for segmentation tasks. The method partitions observations into a predefined number of clusters by minimizing intra-
cluster variance while maximizing inter-cluster differences. Its computational efficiency and scalability make it particularly
suitable for large datasets commonly encountered in e-commerce environments (Jain, 2010).
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Subsequent methodological advancements, such as the K-Means++ mitialization algorithm developed by David Arthur and
Serge1 Vassilvitskii (2007), have further improved clustering stability and accuracy by reducing sensitivity to initial centroid
selection. In addition, validation techniques such as the Silhouette coefficient proposed by Peter J. Rousseeuw (1987) provide a
robust framework for assessing the quality and reliability of clustering results.

4. Integration of RFM and Machine Learning Approaches

Recent research has increasingly emphasized the integration of traditional marketing models with machine learning techniques
to enhance segmentation accuracy and analytical depth. The combination of RFM analysis with clustering algorithms such as K-
Means allows for the identification of latent customer groups without relying on arbitrary scoring thresholds, thereby improving
the objectivity and precision of segmentation outcomes (Chen et al., 2012).

This hybrid approach represents a methodological convergence between interpretability and computational intelligence. While
RFM provides a theoretically grounded framework for understanding customer value, clustering algorithms enable the detection
of complex patterns that may not be evident through descriptive analysis alone. As a result, the integration of these methods has
been widely recognized as an effective strategy for customer segmentation in data-rich environments (Tsiptsis & Chorianopoulos,

2011).
5. Gaps in the Existing Literature

Despite the growing body of research on RFM-based segmentation and clustering techniques, several gaps remain. First, many
studies rely on static datasets, limiting their ability to capture temporal dynamics in consumer behavior. Second, sufficient
attention has been given to the role of data preprocessing, including normalization and outlier detection, in influencing
segmentation outcomes. Third, relatively few studies combine clustering validation metrics with inferential statistical testing to
ensure the robustness of results.

Moreover, the integration of RFM and clustering techniques is often applied in 1solation from broader theoretical frameworks,
resulting in limited interpretability of segmentation outcomes in strategic and economic terms. These limitations highlight the
need for more comprehensive analytical approaches that combine methodological rigor with theoretical insight.

6. Contribution of the Present Study

In response to these gaps, the present study contributes to the literature by developing a comprehensive, data-driven
segmentation framework that integrates the RFM model with K-Means clustering within a longitudinal analytical design. The
study further enhances methodological rigor by incorporating clustering validation metrics and statistical testing, thereby ensuring
the reliability and interpretability of the results.

By situating empirical findings within a broader theoretical and strategic context, the research advances current understanding of
consumer behavior analysis and demonstrates the practical value of combining marketing analytics with machine learning
techniques in e-commerce environments.

2. Research Problem and Objectives
The central research problem addressed in this study is formulated as follows:

To what extent can the integration of the RFM model with K-Means clustering techniques effectively uncover latent behavioral
patterns and generate actionable customer segments within a longitudinal e-commerce dataset?

To address this problem, the study pursues the following objectives:

. To construct a robust RFM-based representation of customer behavior

° To apply K-Means clustering for the identification of homogeneous customer segments
° To evaluate the statistical validity and reliability of the segmentation model

. To interpret the economic and strategic implications of the identified segments

3. Theoretical and Analytical Framework

The analytical foundation of this study 1s grounded in the intersection of consumer behavior theory, data-driven marketing, and
unsupervised machine learning. Consumer behavior is conceptualized as a multidimensional construct encompassing decision-
making processes, purchasing patterns, and post-purchase interactions, which collectively shape the economic relationship
between the consumer and the firm.

The RFM model operationalizes this construct through three measurable dimensions, providing a quantitative proxy for
customer value. However, the transformation of these metrics into actionable insights requires advanced analytical techniques
capable of 1dentifying patterns within high-dimensional data. In this regard, clustering algorithms—particularly K-Means—offer a
powerful tool for segmenting customers based on similarity measures, enabling the classification of individuals into distinct
behavioral groups.
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The integration of RFM and clustering techniques thus represents a methodological synergy, combining interpretability with
computational efficiency. This hybrid framework allows for both descriptive and predictive insights, bridging the gap between
traditional marketing analytics and modern data science approaches.

4. Research Gap

Although numerous studies have applied the REM model and clustering algorithms independently, there remains a relative lack
of research that systematically integrates these approaches within a longitudinal analytical framework supported by robust
statistical validation techniques.

Furthermore, existing studies often focus on static datasets, neglecting the temporal dynamics of consumer behavior and the
mmplications of data preprocessing, normalization, and outlier management on segmentation outcomes.

This study addresses these gaps by:

. Applying RFM analysis to longitudinal transactional data

° Integrating clustering validation metrics (Silhouette Score)

° Supporting findings with inferential statistical testing (ANOVA)

. Providing a structured interpretation of segments in economic and strategic terms
Conceptual Model Framework

To provide a structured interpretation of customer segmentation, this study develops a hybrid analytical framework integrating
the Recency-Frequency-Monetary (RFM) model with unsupervised machine learning techniques, specifically K-Means
clustering. The model is designed to transform raw transactional data into actionable behavioral intelligence, bridging the gap
between descriptive marketing analytics and predictive data science.

1. Model Structure
The proposed framework consists of three interconnected analytical layers:
(1) Data Processing and Feature Engineering Layer

This initial layer involves the transformation of raw transactional data into structured variables representing customer behavior.
Key steps include:

e Data cleaning (removal of null, zero, and negative values)

e  Feature construction (RFM variables)

e  Outlier detection and elimination

e Standardization using Z-score normalization
This stage ensures the statistical integrity and comparability of variables, which 1s essential for clustering performance.
(2) Behavioral Segmentation Layer (RFM + K-Means)
The second layer operationalizes customer segmentation through:

e  Computation of RFM indicators

e Application of K-Means clustering (K=3)

o  Use of K-Means++ mitialization to improve stability

e Iterative optimization (multiple runs and convergence checks)

This layer enables the identification of latent behavioral structures within the dataset by grouping customers based on similarity
in purchasing behavior.

(8) Validation and Interpretation Layer

The final layer evaluates the robustness and practical relevance of the segmentation results through:
e  Silhouette Score (cluster validity and cohesion/divergence)
e ANOVA testing (statistical significance of group differences)

e  Fconomic and strategic interpretation of clusters
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This layer transforms computational outputs into decision-support insights, ensuring both statistical rigor and managerial

applicability.

Table. Integrated Analytical Framework and Empirical Results of RFM-Based Customer Segmentation Using K-Means

Clustering

Analytical

Dimension

Data
Preparation

Feature
Engineering

(RFM Model)

Data
Transformati
on

Clustering
Model

Cluster
Validation

Statistical
Testing

Cluster C2
(High-Value
Customers)

Variable /
Indicator

Sample Size

Monetary

M)

Recency (R)

Frequency

()

Standardizati
on

K-Means
Algorithm

Silhouette
Score

ANOVA

High M,
High F, Low
R

Operational
Definition

Total
number of
valid
customers
after
preprocessi
ng

Total
expenditure
per
customer
(Quantity x
Price)

Time since
last
purchase

Number of
distinct
purchase
transactions

7/-score
normalizati
on

Partitioning
into K
clusters

Measure of
cluster
cohesion
and
separation

Test of
variance
between
clusters

Frequent,
recent,
high-
spending
customers

Methodologi
cal Approach

Data
cleaning,
filtering, and
outher
removal

Aggregation
using
transactional
data

Time-
difference
calculation
(t_ref —
t_max)

Unique
mvoice count
(nunique)

Mean = O0;
Std. Dev. = 1

K=3; K-
Means++
mitialization;
10 runs; 300

Iterations

Range: -1 to
+1

One-way
ANOVA

Cluster
centroid
analysis

Empirical
Results

2,847
customers
retained
(150
outliers
removed)

High
variance
aCross
customers

Wide
temporal
distribution

Moderate
dispersion
across
sample

Balanced
variable
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Converged
stable
clusters
(Cl1,
C3)

C2,

Values
between
0.48-0.67

p <0.001

Spending >
6000 units;
frequent
purchases

Statistical
Validation

Improved
homogeneity
and reduced
varlance
distortion

Normalized
via Z-score

Standardized
for
comparability

Standardized
values

Eliminates
scale bias

Reduced
nitialization
bias

Average > 0.5
(high quality)

Statistically
significant
differences

Statistically
distinct group

Behavioral
Interpretatio
n

Clean dataset
ensures
relhiable
segmentation

Reflects
€conomic
contribution
of each
customer

Indicates
engagement
level
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customer
loyalty  and
Interaction
mtensity

Ensures fair
clustering

contribution
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latent
behavioral
groups

Strong intra-
cluster
similarity and
mter-cluster
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Clusters
non-random
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meaningful

are

Core
profitability
segment

Strategic
Implication
N
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model
accuracy
and
robustness

Identifies
revenue-
driving
segments

Supports
retention
strategy
design

Enables
behavioral
classificatio
n

Improves
segmentati
on
precision

Enables
scalable
segmentati
on

Confirms
segmentati
on
reliability

Supports
decision-
making
validity

Prioritize
retention,
loyalty
programs,
premium
services
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Value (CLV)  potential clustering on results mportance allocation
hierarchy
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Contribution ~ Model Machine framework segmentati  empirically marketing data-driven
Learning on and data marketing
Integration accuracy science research
Empirical Analysis

1. Data Processing and Sample Construction

The empirical analysis 1s based on a longitudinal dataset derived from an online retail platform. Following data cleaning
procedures, a total of 2,847 valid customer observations were retained after excluding 150 outliers exhibiting abnormal
purchasing behavior. This preprocessing step 1s critical, as clustering algorithms are highly sensitive to extreme values and scale
distortions.

The RFM variables were constructed as follows:
e  Monetary (M): Total customer expenditure (Quantity x Price) aggregated at the individual level
e  Recency (R): Time interval between the most recent purchase and the reference date
e  Frequency (F): Number of distinct purchase transactions (invoices)

To ensure comparability, all variables were standardized using Z-score normalization, thereby eliminating scale dominance and
improving clustering accuracy.

2. Clustering Results and Validation

The application of the K-Means algorithm resulted in the identification of three distinct customer segments (K=3). The clustering
solution was evaluated using the Silhouette coefficient, which ranged between 0.48 and 0.67, indicating a high level of clustering
quality.

Key Observations:
e  No negative Silhouette values: This confirms the absence of misclassification
e Average Silhouette > 0.5: Indicates strong cluster cohesion and separation
e  Clear cluster boundaries: Suggests well-defined behavioral segmentation

Further validation using one-way ANOVA revealed statistically significant differences between the clusters (p <0.001), confirming
that the segmentation is not random but reflects meaningful behavioral distinctions.
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3. Segment Profiles and Economic Interpretation
Segment C2: High-Value (Champion) Customers
This segment 1s characterized by:

e  High monetary value (e.g., >6000 units)

e  High purchase frequency

e  Low recency (recent transactions)

Interpretation:
These customers represent the core revenue-generating segment, contributing disproportionately to overall profitability. Their
consistent engagement and high spending indicate strong loyalty and long-term value.

Segment C3: Inactive or Lost Customers

This group exhibits:
e  High recency values (long imactivity periods)
e Low spending
e  Mimmal transaction frequency

Interpretation:
These customers have effectively disengaged from the platform, possibly due to dissatisfaction, competition, or changing
preferences. Retention efforts for this segment may yield low returns.

Segment C1: Regular or Potential Customers
This segment shows:
e L i (moderate) RFM values
e  Recent but not frequent purchases
e L. s spending levels

Interpretation:
This group represents a strategic growth opportunity, as targeted interventions could convert them into high-value customers.

Discussion

The findings of this study demonstrate that the integration of RFM analysis with K-Means clustering provides a robust and
scalable framework for customer segmentation in e-commerce environments. The high Silhouette scores and statistically
significant ANOVA results confirm the internal validity and reliability of the segmentation model, supporting its applicability in
real-world business contexts.

From a theoretical perspective, the results reinforce the argument that consumer behavior can be effectively modeled using
quantitative proxies derived from transactional data. The RFM model, when enhanced with machine learning techniques,
captures both temporal and economic dimensions of customer activity, enabling a multidimensional understanding of purchasing
behavior.

However, the study also highlights several important considerations:
1. Importance of Data Preprocessing

The exclusion of outliers and normalization of variables played a critical role in improving clustering performance. This
underscores the necessity of rigorous data preparation in machine learning applications, as poor preprocessing can lead to
misleading segmentation outcomes.

2. Strategic Implications of Segmentation

The 1dentification of three distinct customer segments enables firms to adopt differentiated marketing strategies:
e Retention strategies for high-value customers
e Cost-control strategies for inactive customers

e  Growth strategies for potential customers
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This aligns with the broader objective of maximizing customer lifetime value (CLV) and optimizing resource allocation.

Integrated Analytical Framework and Empirical Results

of RFM-Based Customer Segmentation Using K-Means Clustering

Analytical
Dimension

Data Preparation

Monetary (M): Total Spend (Qty x Price)

RFM Feature

Engineering Recency (R): Days Since Last Purchase

Frequency (F): Unique Transactions

Data Standardization Z-score Normalization (Mean = 0, SD = 1)

Clustering Model K-Means Clustering (K=3)

Silhouette Score (0.48 to 0.67)

Validation Metrics ANOVA Test (p < 0.001)

Cluster C2: High-Value Customers

Cluster C3: Inactive Customers

Cluster Segments

Cluster C1: High-Value Customers

Cluster C3: Inactive Customers

Cluster C1: Potential Customers

Managerial Insight Customer Lifetime Value (CLV)

2,847 customers
retained

High Variance

Wide Temporal Range

Moderate Dispersion

Balanced Scale

Stable Clusters €1, C2, (3

High Cluster Quality

Significant Differences

Frequent & High Spend

Low Activity & Spend

Moderate Engagement

Low Activity & Spend

Moderate Engagement

Differentiated Strategies

Operational Definition & Method Empirical Results Strategic Implications

Sample Size:

Improved data quality
& reliability

Identify Revenue Drivers

Assess Engagement

Measure Loyalty

Equitable Clustering

Segment Customer Base

Confirm Reliability

Verify Segmentation

Figure 1. Integrated Analytical Framework and Empirical Results of REM-Based Customer Segmentation Using K-Means
Clustering (Source: Developed by the authors based on empirical analysis of the Online Retail IT Dataset (UCI Machine Learning
Repository) and computational modeling using Python and Orange3.).

3. Limitations of the RFM Model
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Despite its effectiveness, the REM model does not capture:

e  Customer preferences

e Behavioral motivations

e  [External contextual factors
As such, it should be complemented with behavioral, demographic, or psychographic variables in future research.
4. Contribution to Data-Driven Marketing

The study contributes to the literature by demonstrating that combining traditional marketing models with machine learning
techniques results in more accurate and actionable segmentation, thereby enhancing the strategic value of customer analytics.

Findings
The empirical analysis conducted in this study provides robust evidence supporting the effectiveness of integrating the RFM
model with K-Means clustering for customer segmentation in e-commerce environments. The findings demonstrate that data-

driven segmentation techniques can successfully uncover latent behavioral structures, enabling the classification of customers
into economically meaningful groups.

1. Validity and Robustness of the Clustering Model

The clustering results reveal a high degree of internal validity, as indicated by the Silhouette coefficient values ranging between
0.48 and 0.67, with no negative scores observed . In clustering analysis, a Silhouette value exceeding 0.5 is generally considered
indicative of strong cluster cohesion and separation (Rousseeuw, 1987; Jain, 2010).

The absence of negative values confirms that all observations were correctly assigned to their respective clusters, thereby
eliminating the possibility of misclassification. This finding highlights the effectiveness of the preprocessing stage, including
outhier removal and Z-score normalization, in ensuring the stability and accuracy of the clustering algorithm (Han et al., 2011;
Liu & Motoda, 2012).

Furthermore, the results of the one-way ANOVA test indicate statistically significant differences between clusters (p < 0.001),
confirming that the segmentation 1s not arbitrary but reflects distinct and meaningful variations in customer behavior . This
reinforces the reliability of the model and its suitability for practical applications in customer analytics (Fader et al., 2005).

2. Identification of Distinct Customer Segments

The analysis identified three clearly differentiated customer segments, each characterized by unique behavioral and economic
attributes:

Segment C2: High-Value (Champion) Customers
This segment is distinguished by:

e  High monetary value

e  Frequent purchases

e  Recent transactional activity

These customers represent the most profitable segment, contributing disproportionately to total revenue. Their behavioral
profile indicates strong loyalty and sustained engagement, making them critical targets for retention strategies (Kumar & Reinartz,

2018).

Segment C3: Inactive or Lost Customers

This group 1s characterized by:
e  High recency values (long mactivity periods)
e Low spending
e  Minmimal purchase frequency

The findings suggest that these customers have effectively disengaged from the platform, possibly due to competitive pressures
or unsatisfactory experiences. From a strategic perspective, reactivation efforts for this segment may yield limited returns and
should be carefully evaluated in terms of cost-benefit considerations (Lemon & Verhoef, 2016).

Segment C1: Regular or Potential Customers

This segment exhibits:
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e  Moderate RFM values
e  Stable but imited purchasing behavior

These customers constitute the largest proportion of the customer base and represent a significant growth opportunity. With
appropriate marketing interventions, such as personalized promotions and loyalty programs, they can potentially transition into
high-value customers (Verhoef et al., 2016).

3. Strategic and Managerial Insights
The findings underscore the importance of differentiated marketing strategies tailored to specific customer segments. The
segmentation results enable firms to:

e  Prioritize retention efforts for high-value customers

e  Optimize marketing expenditure by reducing investment in low-value segments

o  Develop targeted growth strategies for potential customers
This approach aligns with the principles of customer relationship management, which emphasize the optimization of customer
lifetime value through strategic resource allocation (Ngai et al., 2009; Davenport & Harris, 2017).
4. Methodological Contribution

From a methodological perspective, the study demonstrates that the integration of traditional marketing models with machine
learning techniques results in more accurate and actionable segmentation outcomes. The use of clustering validation metrics and
statistical testing enhances the robustness of the analysis, addressing limitations identified in previous studies (Chen et al., 2012).

Conclusion

This study set out to examine the effectiveness of combining the RFM model with K-Means clustering for customer segmentation
in an e-commerce context. The findings confirm that the proposed hybrid analytical framework provides a robust, scalable, and
practically relevant approach to understanding consumer behavior.

The results demonstrate that customer segmentation based on transactional data can yield clear and actionable insights, enabling
firms to 1dentify high-value customers, detect disengaged segments, and target growth opportunities. The integration of statistical
validation techniques further ensures the reliability and credibility of the segmentation outcomes.

From a theoretical standpoint, the study contributes to the literature by bridging the gap between traditional marketing analytics
and modern data science approaches, highlighting the value of hybrid models in capturing complex behavioral patterns. It
reinforces the argument that consumer behavior can be effectively analyzed through quantitative proxies, particularly in data-rich
environments such as e-commerce (Kotler & Keller, 2016; Ngai et al., 2009).

However, the study also acknowledges certain limitations. The RFM model, while effective, does not account for qualitative
aspects of consumer behavior, such as preferences, motivations, and satisfaction. Future research should therefore consider
integrating additional variables, including demographic and psychographic factors, as well as exploring more advanced machine
learning techniques such as hierarchical clustering or neural networks.

In conclusion, the study provides both theoretical and practical contributions to the field of customer analytics, demonstrating
that data-driven segmentation models can significantly enhance strategic decision-making and improve organizational
performance in competitive digital markets.
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