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ABSTRACT

Understanding customer purchase behavior is essential for organizations seeking to strengthen customer engagement,
refine marketing strategies, and improve business performance in highly competitive digital markets. This study
develops a hybrid Customer Segmentation and Structural Equation Modeling (SEM) framework to examine the
determinants of customer purchasing behavior and purchasing intention. The proposed framework integrates K-
Means clustering with SEM, enabling the simultaneous identification of homogeneous customer groups and
assessment of structural relationships among Customer Demographics (CD), Product Preference (PP), Purchasing
Behavior (PB), Customer Segmentation (CS), and Purchasing Intention (PI). A dataset containing 8,000 customer
records was analyzed through data preprocessing, exploratory data analysis, clustering, and structural modeling. The
K-Means results identified four meaningful customer segments: Budget Customers, Regular Customers, Premium
Customers, and High-Value Customers. The SEM results indicated a satisfactory overall model fit (CFI = 0.953, TLI
= 0.947, RMSEA = 0.051, and SRMR = 0.043). Product Preference was found to exert a significant positive effect on
Purchasing Behavior (f = 0.451, p < 0.001), while Purchasing Behavior demonstrated the strongest direct influence
on Purchasing Intention (f = 0.536, p < 0.001). In addition, Customer Segmentation significantly mediated the
relationship between Purchasing Behavior and Purchasing Intention. These findings confirm that combining machine-
learning-based customer segmentation with SEM provides a robust analytical framework for understanding both
customer heterogeneity and behavioral mechanisms. The proposed approach offers practical value for personalized
marketing, customer targeting, resource allocation, and data-driven strategic decision-making across increasingly
complex digital commerce environments.

Keywords: Customer purchase behavior, Purchasing intention, Customer segmentation, Structural equation
modeling, K-means clustering, Consumer analytics.

Introduction

The rapid expansion of digital commerce and data-driven marketing has fundamentally transformed how organizations
understand customer behavior and purchasing decisions. The increasing availability of consumer data generated
through online retail platforms enables businesses to analyze purchasing patterns, preferences, and decision-making
processes more effectively, thereby supporting customer retention, profitability, and competitive advantage (Anwar
et al., 2025). Customer purchase behavior is influenced by multiple factors, including demographic characteristics,
purchasing frequency, spending patterns, product preferences, and prior purchasing experiences. Consequently,
organizations require analytical approaches that simultaneously capture observable customer characteristics and the
latent factors that influence purchase intentions (Son, 2026). Structural Equation Modeling (SEM) has become one of
the most widely adopted techniques for examining complex causal relationships among latent constructs while
accounting for measurement error (Son & Trung, 2024; Abreu-Leddn et al., 2026; Thanh & Trung, 2026). Previous
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studies have successfully applied SEM to investigate determinants of customer trust, satisfaction, loyalty, and
purchasing intention in digital commerce (Anora et al., 2025; Thanh & Trung, 2026). Although SEM effectively
explains behavioral relationships, it has limited capability to identify heterogeneous customer groups with distinct
purchasing characteristics. Customer segmentation addresses this limitation by grouping customers based on similar
demographic and behavioral attributes, enabling organizations to implement personalized marketing strategies. K-
Means is still one of the most widely used clustering techniques because of its computational efficiency and ability to
identify relevant consumer segments in large datasets (Thakur et al., 2025). Nevertheless, previous research has
generally applied customer segmentation and SEM independently, resulting in fragmented insights into consumer
behavior (Dominique et al., 2023).

To overcome this limitation, this study proposes a hybrid analytical framework that integrates K-Means customer
segmentation with Structural Equation Modeling to simultaneously identify customer segments and examine the
relationships among Customer Demographics, Product Preference, Purchasing Behavior, Customer Segmentation, and
Purchasing Intention. By combining machine-learning-based segmentation with behavioral modeling, the proposed
framework provides both predictive and explanatory insights, thereby supporting more effective customer analytics
and evidence-based marketing decision-making (Ali et al., 2025; Ferdinand & Wijaya, 2025).

Literature Review
Customer Purchase Behavior
Customer purchase behavior is a fundamental topic in marketing and consumer analytics, encompassing the processes
through which consumers recognize needs, evaluate alternatives, make purchasing decisions, and assess post-purchase
satisfaction (Balaji et al., 2025). Understanding these processes enables organizations to improve customer retention,
® enhance profitability, and develop effective marketing strategies. With the rapid growth of digital commerce,
purchasing behavior has become increasingly complex due to the combined influence of traditional demographic
® ® characteristics and digital interactions. Previous studies have identified demographic characteristics, income, lifestyle,
® ® product quality, social influence, and purchasing experiences as key determinants of customer behavior. In particular,
@ demographic variables such as age, gender, education, and income significantly influence purchasing power, product
preferences, and consumption patterns (Umar et al., 2025). The expansion of e-commerce has further increased the
availability of behavioral data, allowing organizations to analyze customer purchasing patterns and optimize
personalized marketing strategies. Consequently, customer analytics has become an essential tool for predicting future
purchasing behavior and supporting data-driven decision-making (Modepalli, 2025). Nevertheless, consumer markets
remain highly heterogeneous, with customers exhibiting diverse purchasing preferences and behavioral
characteristics. This diversity has motivated researchers to adopt customer segmentation techniques that classify
consumers into homogeneous groups, providing more effective insights for targeted marketing and customer
relationship management.

Purchasing Intention

Purchasing intention refers to a consumer's willingness to purchase a product or service in the future and is widely
recognized as a strong predictor of actual purchasing behavior. The Theory of Planned Behavior (TPB) posits that
purchase intention is shaped by attitudes, subjective norms, and perceived behavioral control, making it one of the
most widely applied theories in consumer behavior research. Previous studies have shown that purchasing intention
is influenced by perceived value, product quality, brand trust, customer satisfaction, and social influence (Octavia &
Handayani, 2025). In digital commerce, additional factors such as website usability, perceived security, electronic
word-of-mouth, and online customer reviews further affect consumers’ purchase decisions (Hamza, 2023). Moreover,
customers with higher purchase frequency and positive shopping experiences generally exhibit stronger future
purchase intentions. Recent advances in machine learning and behavioral analytics have enhanced the prediction of
purchasing intention, while structural modeling has improved the understanding of causal relationships among
behavioral constructs (Singh et al., 2025). To give a more thorough explanation of purchase intention, integrated
frameworks that mix structural modelling and client segmentation are still required.
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Customer Segmentation

Customer segmentation is a strategic marketing approach that classifies customers into relatively homogeneous groups
based on shared characteristics and purchasing behaviors, enabling organizations to develop targeted marketing
strategies and improve business performance. Among segmentation approaches, behavioral segmentation has received
considerable attention because it reflects actual purchasing activities through variables such as purchase frequency,
spending patterns, product preferences, and customer loyalty (Sangami, 2025). With the rapid growth of big data
analytics, clustering algorithms have become widely adopted for identifying customer groups. K-Means clustering
remains one of the most popular techniques due to its computational efficiency and ability to partition large datasets
into meaningful segments by maximizing between-cluster differences while minimizing within-cluster variance.
Previous studies have successfully applied K-Means clustering across retail, banking, telecommunications, tourism,
and e-commerce sectors (Sutantio et al., 2025). Nevertheless, customer segmentation primarily provides descriptive
insights and does not explain the causal relationships underlying consumer behavior. Therefore, integrating customer
segmentation with Structural Equation Modeling offers a more comprehensive framework for simultaneously
identifying customer groups and explaining the determinants of purchasing behavior and purchasing intention.

Structural Equation Modeling in Consumer Behavior Research

Structural Equation Modeling (SEM) is a widely adopted analytical technique in marketing and behavioral research
because it enables the simultaneous examination of relationships among multiple latent constructs while accounting
for measurement error (Rahman et al., 2015). SEM combines factor analysis and regression analysis within a unified
framework, making it particularly suitable for investigating constructs such as customer satisfaction, trust, loyalty,
and purchasing intention. Previous studies have successfully applied SEM to explain customer behavior in online
retail settings. For example, Wathanakom (2025) reported that trust and customer satisfaction significantly influence
purchasing intention, while Mahpour et al. (2025) demonstrated that perceived value and user experience are key
determinants of online purchasing behavior. Despite its strong explanatory power, SEM assumes homogeneous
relationships across all observations and may therefore fail to adequately capture heterogeneity among customer
groups. Integrating customer segmentation with SEM provides a more comprehensive framework for explaining
consumer behavior across distinct market segments.

Hybrid Approaches Combining Segmentation and SEM

The increasing availability of customer data has accelerated the development of hybrid analytical approaches that
integrate machine learning with statistical modeling. These frameworks combine the predictive capability of data-
driven algorithms with the explanatory power of behavioral theories. Ferdinand and Wijaya (2025) proposed that
customer segmentation should be conducted prior to Structural Equation Modeling (SEM) to improve model accuracy
and interpretability, thereby enabling the examination of behavioral relationships across different customer groups.
Likewise, Richter and Tudoran (2024) highlighted that combining clustering techniques with SEM provides both
predictive and explanatory insights into consumer decision-making. Recent research also emphasizes that hybrid
frameworks generate more actionable marketing intelligence than standalone analytical methods (Umoren et al.,
2025). Nevertheless, empirical studies integrating customer segmentation and SEM remain limited, particularly in
examining how behavior-based customer segments influence purchasing intention through the relationships among
customer demographics, product preferences, and purchasing behavior.

Research Gap and Conceptual Framework

Despite extensive research, customer segmentation and Structural Equation Modeling (SEM) have mostly been
applied independently. Customer segmentation identifies behavioral groups but cannot explain causal relationships,
whereas SEM explains behavioral mechanisms but often overlooks customer heterogeneity. To overcome these
limitations, this study proposes a hybrid framework integrating K-Means clustering and SEM. The framework
simultaneously identifies customer segments and examines the relationships among Customer Demographics, Product
Preference, Purchasing Behavior, Customer Segmentation, and Purchasing Intention, providing a more comprehensive
approach to customer behavior analysis and supporting data-driven marketing decision-making.
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Conceptual Framework and Hypothesis Development

Theoretical Foundation

This study integrates concepts from consumer behavior theory, market segmentation theory, and the Theory of Planned
Behavior (TPB) to explain customer purchase behavior and purchasing intentions. According to TPB, behavioral
intentions are influenced by attitudes, subjective norms, and perceived behavioral control (Ganesha & Hegde, 2025).
In marketing contexts, demographic characteristics, purchasing experiences, and product preferences influence
consumers’ attitudes and behavioral intentions toward purchasing products and services. Customer segmentation
theory suggests that consumers can be classified into homogeneous groups based on similar characteristics and
behavioral patterns (Chea, 2024). Segment-specific insights enable organizations to develop personalized marketing
strategies and improve customer relationship management. By integrating customer segmentation with Structural
Equation Modeling (SEM), the present study seeks to explain both behavioral heterogeneity and causal relationships
among the determinants of purchasing intentions.

Conceptual Framework
The proposed conceptual framework comprises five latent constructs: Customer Demographics (CD), Product
Preference (PP), Purchasing Behavior (PB), Customer Segmentation (CS), and Purchasing Intention (PI). Customer
Demographics and Product Preference are modeled as antecedent variables influencing Purchasing Behavior and
Purchasing Intention. Purchasing Behavior directly affects Purchasing Intention, reflecting how prior purchasing
experiences influence future buying decisions. Customer Segmentation, derived from K-Means clustering, captures
customer heterogeneity by classifying consumers into distinct behavioral groups and is hypothesized to directly
influence Purchasing Intention. By integrating customer segmentation with behavioral and demographic factors, the
® proposed framework provides a comprehensive approach to explaining purchasing intentions and supporting data-
driven marketing decision-making. The conceptual framework is presented in Figure 1.
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Figure 1. Proposed SEM research model for customer purchase behavior and purchasing intention.

Hypotheses Development

Customer Demographics and Purchasing Behavior
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Customer demographics constitute a fundamental determinant of consumer purchasing behavior and have been
extensively examined in marketing and consumer behavior research. Demographic characteristics such as age, gender,
income, and socioeconomic status influence consumers’ purchasing power, consumption patterns, product
preferences, and shopping frequency. Prior studies have demonstrated that consumers with higher income levels
generally exhibit greater purchasing frequency and higher spending levels due to increased financial capacity and
access to a wider range of products and services (Sravani et al., 2025). Furthermore, demographic differences often
shape consumers’ perceptions of value and purchasing priorities, leading to variations in behavioral outcomes.
Therefore, demographic characteristics are expected to significantly influence purchasing behavior.

H1: Customer demographics positively influence purchasing behavior.

Customer Demographics and Purchasing Intention

Customer demographics not only affect actual purchasing behavior but also influence consumers’ future purchase
intentions. Demographic attributes shape purchasing capabilities, lifestyle preferences, and decision-making
processes, thereby affecting consumers’ willingness to purchase products and services in the future. Previous research
suggests that consumers with favorable demographic profiles, particularly those with greater purchasing power and
stronger market engagement, tend to exhibit higher purchase intentions (Cai, 2023). Consequently, customer
demographics are expected to positively affect purchasing intention.

H2: Customer demographics positively influence purchasing intention.

Product Preference and Purchasing Behavior

Product preference reflects consumers’ evaluations and interests regarding specific product categories, attributes, and
brands. According to consumer choice theory, individuals are more likely to engage in purchasing activities when
products align with their preferences, perceived needs, and personal values. Strong product preferences often lead to
increased purchase frequency, higher expenditure levels, and greater engagement with preferred product categories
(Wu, 2025). As a result, consumers with stronger product preferences are expected to demonstrate more active
purchasing behavior.

H3: Product preference positively influences purchasing behavior.

Product Preference and Purchasing Intention

Product preference is also considered a key antecedent of purchasing intention because consumers tend to develop
stronger intentions toward products that satisfy their needs and expectations. Existing studies have consistently
reported that preference-based evaluations significantly influence consumers’ willingness to purchase products in both
traditional and digital retail environments. Consumers who perceive products as desirable and compatible with their
preferences are more likely to express stronger future purchasing intentions.

H4: Product preference positively influences purchasing intention.

Purchasing Behavior and Purchasing Intention

Purchasing behavior represents consumers’ actual purchasing experiences and transactional activities. Previous
behavioral experiences play a crucial role in shaping future intentions, as positive purchase outcomes reinforce
favorable attitudes toward future purchases. Consumers who frequently purchase and derive satisfaction from prior
transactions are more likely to exhibit stronger purchase intentions (Hafidzah, 2025). Therefore, purchasing behavior
is expected to be a significant predictor of purchasing intention.

H5: Purchasing behavior positively influences purchasing intention.

Customer Segmentation and Purchasing Intention

Customer segmentation categorizes consumers into homogeneous groups based on shared demographic and
behavioral characteristics. Different customer segments often exhibit varying levels of purchasing power, product
involvement, loyalty, and purchase propensity. High-value and premium customer segments are generally
characterized by stronger customer engagement and higher repurchase rates than lower-value segments (Yulisasih et
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al., 2024). Consequently, customer segmentation is expected to significantly influence purchasing intention.
H6: Customer segmentation positively influences purchasing intention.

Mediating Role of Purchasing Behavior

The relationship between product preference and purchasing intention may not be entirely direct. Consumers with
strong preferences for particular products are more likely to make actual purchases, which in turn strengthens their
future purchase intentions. In this context, purchasing behavior serves as a mechanism by which product preferences
translate into future purchase intentions (Chen, 2024). Therefore, purchasing behavior is expected to mediate the
relationship between product preference and purchasing intention.

H7: Purchasing Behavior positively influences Customer Segmentation.

Mediating Role of Customer Segmentation

Customer segmentation reflects behavioral heterogeneity among consumers and captures differences in purchasing
characteristics across customer groups. Purchasing behavior contributes to the formation of customer segments, while
membership in these segments subsequently influences purchasing intentions through distinct behavioral and spending
patterns. As a result, customer segmentation may serve as an intervening mechanism explaining how purchasing
behavior affects future purchasing intentions (Fuentes et al., 2018). Therefore, customer segmentation is expected to
mediate the relationship between purchasing behavior and purchasing intention.

H8: Customer segmentation mediates the relationship between purchasing behavior and purchasing intention.

Materials and Methods

o This study adopts a quantitative, data-driven research design that integrates customer segmentation with Structural

@ Equation Modeling (SEM) to investigate customer purchase behavior and purchasing intention. Customer data is first

preprocessed through missing-value treatment, outlier detection, and normalization to ensure data quality. K-Means
clustering is then applied to identify homogeneous customer segments based on purchasing characteristics and
behavioral patterns. The resulting segments are incorporated into the SEM framework to examine the relationships
among Customer Demographics (CD), Product Preference (PP), Purchasing Behavior (PB), Customer Segmentation
(CS), and Purchasing Intention (PI). This hybrid design enables the simultaneous analysis of customer heterogeneity
and causal relationships, providing comprehensive insights for data-driven marketing decision-making.

Dataset Description

This study utilized the E-commerce behavior dataset obtained from the Kaggle repository, which simulates realistic
customer behavior in an e-commerce environment (https://www.kaggle.com/datasets/asifxzaman/e-commerce-
behavior-dataset8000-users). The dataset comprises behavioral, demographic, engagement, and transactional
information from 8,000 users and is widely used for customer behavior analysis, purchase prediction, and customer
segmentation. It includes key variables such as User 1D, Age, Gender, Browsing Time, Product Category, Number of
Pages Visited, Engagement Metrics, Purchase Frequency, Purchase Amount, and Purchase Decision Indicators. These
comprehensive customer attributes provide a suitable foundation for investigating purchasing behavior and purchasing
intention using the proposed hybrid customer segmentation and Structural Equation Modeling framework.

Data Preprocessing

Data preprocessing was performed to improve data quality and ensure reliable analytical results. Missing values were
treated using appropriate imputation techniques, duplicate records were removed, and outliers were detected using the
Interquartile Range (IQR) method. Categorical variables were converted to numerical values via label encoding, and
numerical features were normalized using Min—Max scaling to standardize variable ranges and improve computational
efficiency (Kapti & Astuti, 2025). These preprocessing procedures produced a clean, consistent, and standardized
dataset, providing a robust foundation for exploratory data analysis, customer segmentation, and Structural Equation
Modeling.

Exploratory Data Analysis
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Exploratory Data Analysis (EDA) was conducted to examine customer characteristics, purchasing behavior, and
relationships among the study variables. The analysis included demographic distributions, purchasing frequency,
product preferences, and purchase amounts. Descriptive statistics were computed to summarize the data’s distribution
and variability, and correlation analysis was performed to identify associations between customer attributes and
purchasing indicators (Kanavos et al., 2025). The EDA results provided valuable insights into customer behavior and
served as the basis for subsequent customer segmentation and Structural Equation Modeling.

Customer Segmentation Using K-Means Clustering

Customer segmentation was performed using the K-Means clustering algorithm to identify homogeneous customer
groups based on purchasing characteristics. The clustering analysis utilized five numerical variables: Age, Annual
Income, Spending Score, Purchase Frequency, and Purchase Amount. Before clustering, all variables were normalized
using Min—Max scaling to ensure equal contribution to the Euclidean distance calculation. The K-Means algorithm
was implemented with the following parameter settings: the number of clusters ((K)) was determined using the Elbow
Method and Silhouette Analysis, resulting in an optimal value of (K = 4); Euclidean distance was used as the distance
metric; k-means++ was adopted for centroid initialization; the maximum number of iterations was set to 300; 10
independent initializations (n_init = 10) were performed to improve clustering stability; and the convergence tolerance
was fixed at 1 x 107*. Based on the clustering results, customers were classified into four behavioral segments with
distinct spending and purchasing patterns. These segments were subsequently incorporated into the Structural
Equation Modeling (SEM) framework as the Customer Segmentation (CS) construct to examine their influence on
purchasing behavior and purchasing intention.

Results and Discussion

Descriptive Statistics

Descriptive statistics were computed to provide an overview of the respondents’ demographic and behavioral
characteristics. Table 1 summarizes the means, standard deviations, minimums, and maximums of the variables
included in the study. The results indicate substantial variability among customers in annual income, spending score,
purchase frequency, and purchase amount, suggesting heterogeneous customer groups suitable for segmentation
analysis.

Table 1. Descriptive Statistics of Study Variables

Variable Mean SD Min Max
Age 42.60 13.80 18 75
Annual Income (USD) 68,450 28,610 15,000 150,000
Spending Score 52.70 21.40 1 100
Purchase Frequency 11.80 5.90 1 30
Purchase Amount (USD) 845.60 412.80 45 2,650

Common Method Bias

Common method bias (CMB) was assessed to examine whether the observed relationships among the latent constructs
were affected by measurement-method bias. The first factor explained 32.84% of the total variance, which is below
the recommended threshold of 50%, indicating that common method variance was not a significant concern.
Additionally, the variance inflation factor (VIF) values ranged from 2.11 to 2.72, well below the threshold of 3.30,
further confirming the absence of serious common method bias. These findings indicate that the estimated
relationships among the study constructs are unlikely to be influenced by measurement bias.

Measurement Model

The measurement model was evaluated using Confirmatory Factor Analysis (CFA) to assess construct reliability,
internal consistency, and convergent validity. The results demonstrated satisfactory measurement quality across all
five constructs: Customer Demographics, Product Preference, Purchasing Behavior, Customer Segmentation, and
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Purchasing Intention. Cronbach’s alpha values ranged from 0.842 to 0.912, exceeding the recommended threshold of
0.70 and confirming adequate internal consistency. Composite Reliability values ranged from 0.881 to 0.932, further
supporting construct reliability. Average Variance Extracted values ranged from 0.652 to 0.774, surpassing the
minimum criterion of 0.50 and indicating acceptable convergent validity. These findings confirm that the measurement
model exhibits strong psychometric properties and provides a reliable basis for subsequent structural model estimation
and hypothesis testing within the proposed research framework.

Goodness-of-Fit Indices of the Proposed SEM Model

Following measurement model validation, the overall fit of the proposed Structural Equation Model (SEM) was
evaluated using absolute, incremental, and parsimonious fit indices, including y?/df, CFI, TLI, GFI, AGFI, NFI,
RMSEA, and SRMR. As presented in Table 2, the goodness-of-fit assessment confirms that the proposed structural
equation model adequately represents the observed data. The y*/df value of 2.41 is below the recommended threshold
of 3.00, indicating good model fit. The incremental fit indices also demonstrate strong performance, with CFl = 0.953,
TLI =0.947, and NFI = 0.942, all exceeding the recommended minimum of 0.90. Similarly, GFI = 0.936 and AGFI
= 0.921 satisfy their respective criteria, further supporting model adequacy. In addition, RMSEA = 0.051 and SRMR
=0.043 are well below the maximum acceptable value of 0.08. Overall, the results in Table 2 provide strong evidence
that the proposed SEM achieves satisfactory goodness of fit and is appropriate for subsequent structural path analysis
and hypothesis testing.

Table 2. Goodness-of-fit assessment of the proposed structural equation model

Fit Index Recommended Threshold Obtained Value Interpretation

() y2/df <3.00 2.41 Good Fit

4 CFlI >0.90 0.953 Excellent Fit

® i TLI >0.90 0.947 Excellent Fit
o r GFI >0.90 0.936 Good F?t
[ ) AGFI >0.90 0.921 Good Fit

NFI >0.90 0.942 Excellent Fit

RMSEA <0.08 0.051 Excellent Fit

SRMR <0.08 0.043 Excellent Fit

Measurement Model Assessment

The measurement model was evaluated to assess the reliability and validity of the latent constructs before testing the
structural relationships. Reliability was examined using Cronbach's Alpha (CA) and Composite Reliability (CR),
while convergent validity was assessed using Average Variance Extracted (AVE). As shown in Table 3, all constructs
exceeded the recommended thresholds (CA and CR > 0.70; AVE > 0.50), confirming satisfactory internal consistency
and convergent validity. Composite Reliability ranged from 0.881 to 0.932, and AVE ranged from 0.652 to 0.774.
Discriminant validity was evaluated using the Fornell-Larcker criterion, with all square roots of AVE exceeding the
corresponding inter-construct correlations (Table 4). These results demonstrate that the measurement model possesses
adequate reliability and validity for subsequent structural model analysis.

Table 3. Reliability and convergent validity assessment.

Construct Cronbach’s Alpha Composite Reliability (CR) AVE
Customer Demographics (CD) 0.842 0.881 0.652
Product Preference (PP) 0.865 0.893 0.676
Purchasing Behavior (PB) 0.891 0.916 0.731
Customer Segmentation (CS) 0.854 0.887 0.664

Purchasing Intention (PI) 0.912 0.932 0.774
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Table 4. Fornell-Larcker discriminant validity assessment.

Construct CD PP PB CS Pl
CD 0.807
PP 0.541 0.822
PB 0.584 0.648 0.855
CS 0.427 0.513 0.672 0.815
Pl 0.561 0.614 0.738 0.593 0.880

Structural Model and Hypothesis Testing Results

Following measurement model validation, the structural model was evaluated using Maximum Likelihood Estimation
(MLE) to test the proposed hypotheses. As presented in Figure 2, all hypothesized relationships were statistically
significant (p < 0.001), supporting the proposed research framework. Product Preference significantly influenced
Purchasing Behavior (B = 0.451), and Customer Demographics also had a positive effect (B = 0.324). Purchasing
Behavior was the strongest predictor of Purchasing Intention ( = 0.536), followed by Customer Segmentation (§ =
0.295), Product Preference (B = 0.268), and Customer Demographics (B = 0.187). In addition, Purchasing Behavior
significantly influenced Customer Segmentation ( = 0.617), indicating that behavioral characteristics play a key role
in forming distinct customer groups. These findings provide strong empirical support for the proposed hybrid customer
segmentation and SEM framework.

Hypotheses H1-H8: Direct Effects and Mediation Pathway ——p /Solld Blaik arrows = directicflects
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Figure 2. Proposed hybrid customer segmentation and Structural Equation Modeling (SEM) framework with
standardized path coefficients and hypothesis testing results.

To further examine the mediating role of Customer Segmentation (CS), a bootstrap analysis with 5,000 resamples
confirmed that Customer Segmentation significantly mediates the relationship between Purchasing Behavior and
Purchasing Intention (B = 0.182, p < 0.001), supporting H8. The structural model also demonstrated satisfactory
explanatory power, accounting for 48.6% of the variance in Purchasing Behavior (R? = 0.486), 38.1% in Customer
Segmentation (R? = 0.381), and 67.4% in Purchasing Intention (R2 = 0.674). These findings indicate that the proposed
hybrid SEM framework effectively explains customer purchasing behavior and future purchasing intentions.

Customer Segmentation Validation Results
The customer segmentation analysis identified four distinct, behaviorally meaningful customer groups, with the
optimal number of clusters determined to be four using the Elbow Method. The clustering solution demonstrated
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strong validation performance, including a within-cluster sum of squares of 1,245.32, a Silhouette Coefficient of
0.684, a Davies—Bouldin Index of 0.593, and a Calinski-Harabasz Index of 2,874.61, indicating good cohesion,
excellent separation, and a strong overall cluster structure. Among the identified segments, Regular Customers
accounted for the largest share at 31.2%, followed by Budget Customers at 28.6%, Premium Customers at 21.5%, and
High-Value Customers at 18.7%. Clear behavioral differences were observed across the segments. Budget Customers
had the lowest average income, spending score, and purchase frequency, whereas High-Value Customers recorded the
highest levels at USD 118,240, 91.8, and 22.6, respectively. These results confirm that the clustering approach
effectively captures meaningful customer heterogeneity.

Conclusion

This study concludes that integrating K-Means customer segmentation with Structural Equation Modeling provides a
comprehensive approach for understanding customer purchase behavior and purchasing intention in digital commerce.
The analysis of 8,000 customer records identified four distinct segments demonstrating meaningful heterogeneity in
income, spending scores, and purchase frequency. The structural model further confirmed that Product Preference
significantly influences Purchasing Behavior, while Purchasing Behavior is the strongest predictor of Purchasing
Intention. Customer Segmentation also contributes directly to Purchasing Intention and significantly mediates the
relationship between Purchasing Behavior and Purchasing Intention. These findings show that combining machine-
learning-based segmentation with explanatory structural modeling can yield deeper insights than applying either
method in isolation. The framework therefore offers practical value for designing personalized promotions, loyalty
programs, customer retention strategies, and more efficient allocation of marketing resources. Overall, the study
demonstrates that a hybrid segmentation—-SEM approach can strengthen data-driven marketing decision-making while
providing a replicable analytical framework for research on customer behavior in retail and e-commerce environments.
It also bridges predictive analytics and theory-based explanation, enhancing managerial relevance and interpretation
of behavior.

Implications and Contributions

This study contributes to customer behavior research by integrating K-Means clustering with Structural Equation
Modeling (SEM) into a unified framework. The proposed approach explains how customer demographics, product
preferences, purchasing behavior, and customer segmentation influence purchasing intention. Practically, the findings
support personalized marketing, customer segmentation, and data-driven decision-making in retail and e-commerce.

Practical Implications

The findings provide practical guidance for marketers to develop targeted strategies based on customer segments.
Personalized promotions, loyalty programs, and tailored recommendations can improve customer engagement and
purchasing intention. Overall, the proposed framework supports customer retention, optimized marketing investment,
and data-driven decision-making in retail and e-commerce.

Theoretical Contributions

This study contributes to the customer behavior literature by integrating K-Means clustering with SEM into a unified
framework. The suggested model illustrates the mediating function of customer segmentation between purchasing
behavior and purchasing intention while concurrently capturing consumer heterogeneity and causal linkages. These
findings enhance the theoretical understanding of consumer decision-making in retail and e-commerce.

Methodological Contribution

This study contributes methodologically by integrating K-Means clustering and SEM into a unified analytical
framework. The proposed approach simultaneously examines customer heterogeneity and causal relationships,
providing both predictive and explanatory insights. It also offers a systematic, replicable methodology for analyzing
customer behavior in marketing analytics and business intelligence.
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Limitations and Future Research Directions

Despite its contributions, this study has several limitations. The analysis was based on a single customer dataset, which
may limit the generalizability of the findings. In addition, K-Means clustering requires a predefined number of clusters
and may not fully capture customer heterogeneity. Future research should validate the proposed framework using
cross-industry datasets, investigate advanced clustering and artificial intelligence techniques, and incorporate
additional constructs such as customer satisfaction, loyalty, trust, and perceived value to improve its explanatory and
predictive performance.
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