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Customer segmentation is a critical component of data-driven personalization and 

retention strategies in e-commerce; however, conventional K-Means clustering can be 

sensitive to random centroid initialization and may converge to local optima. To address 

this limitation, this study proposes a metaheuristic clustering framework that integrates 

Particle Swarm Optimization (PSO) with K-Means to improve clustering stability and 

validity. The framework is evaluated on a structured e-commerce dataset consisting of 

450 customer profiles with demographic and behavioral attributes, following systematic 

preprocessing and information-based feature selection. Experimental results show that 

the PSO-enhanced K-Means achieves better internal clustering validity than standard 

K-Means and K-Means++, with the Silhouette Coefficient increasing from 0.4940 to

0.5126 and the Davies–Bouldin Index decreasing from 0.9942 to 0.7674, indicating

stronger intra-cluster cohesion and inter-cluster separation. In addition, more than 80%

of fitness improvement is achieved within the first 20 optimization iterations,

suggesting faster and more stable convergence. From a practical perspective, the

resulting customer segments exhibit clearer behavioral differentiation, supporting more

effective personalization, targeting, and customer management strategies in e-

commerce. This study contributes an end-to-end clustering framework that unifies PSO-

based centroid optimization with information-theoretic feature selection, aiming to

improve analytical robustness and business interpretability for e-commerce customer

segmentation.
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1. INTRODUCTION

The digital transformation of global commerce has led to an 

exponential growth of customer interaction data, 

encompassing transactions, purchasing frequency, and 

satisfaction indicators [1]. Effectively analyzing this data is 

essential to fostering customer loyalty, improving marketing 

precision, and sustaining e-commerce competitiveness [2]. At 

the core of these efforts lies customer segmentation, a 

technique that classifies customers based on similar attributes 

and behaviors to enable personalized marketing and strategic 

decision-making [3]. 

Among segmentation methods, K-Means clustering remains 

widely adopted due to its computational efficiency and ease of 

interpretation [4]. However, its effectiveness is constrained by 

key limitations such as sensitivity to centroid initialization, 

convergence to local minima, and poor performance on 

heterogeneous or high-dimensional datasets [5]. These 

shortcomings often result in unstable and less actionable 

clusters, particularly in complex e-commerce environments. 

To overcome such issues, metaheuristic algorithms, 

especially Genetic Algorithms (GA), Ant Colony 

Optimization (ACO), and Particle Swarm Optimization 

(PSO), have been incorporated into clustering workflows. 

These techniques offer global optimization capabilities that 

guide centroid initialization and iterative refinement beyond 

local optima, thereby enhancing intra-cluster homogeneity and 

inter-cluster separation [6]. 

Despite their promise, conventional K-Means and even K-

Means++ still rely on probabilistic heuristics for initialization, 

lacking adaptive search mechanisms during centroid updates 

[7]. This limitation underlines the need for an optimization-

driven approach that ensures clustering stability, convergence, 

and interpretability across diverse e-commerce data 

landscapes. 

To address this, the present study proposes a hybrid 

clustering framework that integrates PSO with K-Means. PSO, 

inspired by social behavior in nature, dynamically adjusts 

centroid candidates based on individual and collective 

learning, promoting more accurate and stable convergence. 

Compared to traditional methods, PSO-enhanced K-Means is 

expected to produce segments with improved cohesion, 

separation, and interpretability. 

Previous works have supported the efficacy of such 
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integration. GA-based models, for instance, improved 

clustering accuracy through evolutionary adaptation [8], while 

PSO has been shown to reduce intra-cluster variance and 

accelerate convergence in high-dimensional spaces [9]. 

Additionally, incorporating feature selection techniques like 

Adaptive Gain Ratio (AGR) and Correlation-Based Feature 

Selection (CBFS) has been found to significantly improve 

both clustering robustness and interpretability [10, 11]. 

While optimization-based clustering has been extensively 

studied, its combined application with information-theoretic 

feature selection on structured e-commerce datasets remains 

limited. Most existing models prioritize computational gains 

over business interpretability or validation consistency [12]. 

Furthermore, few studies systematically evaluate performance 

using diverse internal validity indices (e.g., Silhouette, 

Davies–Bouldin Index, Calinski–Harabasz Index) alongside 

customer behavior metrics [13, 14]. 

To fill this gap, this study introduces a PSO-K-Means 

framework enhanced with AGR–CBFS feature selection for e-

commerce customer segmentation. The novelty lies in its 

unified optimization of centroid positions and feature 

relevance within an end-to-end pipeline—bridging 

algorithmic performance with business-relevant insights. The 

framework is tested on a structured dataset combining 

demographic (e.g., age, city, membership type) and behavioral 

(e.g., total spend, items purchased, satisfaction) features. 

Comparative analysis of Standard K-Means, K-Means++, and 

PSO-K-Means across 100 iterations highlights both 

quantitative performance and qualitative interpretability, 

establishing the proposed method’s contribution to 

optimization-based customer segmentation. 

 

 

2. LITERATURE REVIEW 

 

2.1 K-Means and recent variants for practical 

segmentation 

 

K-Means remains one of the most widely used partitional 

clustering algorithms because of its simplicity, scalability, and 

ease of interpretation in customer analytics workflows [15]. 

Nevertheless, its sensitivity to initialization and tendency to 

converge to locally optimal solutions can lead to unstable 

partitions, especially when applied to heterogeneous or high-

dimensional customer attributes [16]. Recent studies have 

therefore emphasized improvements to centroid initialization 

and update strategies to increase robustness. For example, 

modified initial centroid selection schemes and enhanced K-

Means variants have been reported to improve clustering 

consistency and reduce sensitivity to random seeding [17]. 

Beyond initialization, contemporary K-Means research also 

highlights practical adaptations for modern data settings (e.g., 

large-scale, high-dimensional, and business-facing 

segmentation), positioning K-Means as a baseline that often 

requires refinement through principled variants or hybrid 

optimization to ensure reliability in decision-making contexts 

[5]. 

 

2.2 Particle Swarm Optimization for centroid search and 

stability 

 

PSO is a population-based metaheuristic widely adopted to 

address K-Means limitations by enabling global exploration of 

centroid candidates before local refinement [18]. In clustering, 

a PSO solution typically encodes a set of centroids; particles 

iteratively update these candidates through social learning 

mechanisms to minimize intra-cluster dispersion or related 

objective functions. Recent meta-heuristic surveys categorize 

PSO-based clustering as a prominent approach for partitional 

clustering improvement due to its balance between exploration 

and exploitation and its flexibility in handling non-convex 

search landscapes [19]. Over the past five years, PSO-driven 

K-Means variants, particularly adaptive designs that adjust 

inertia weights and learning factors, have been reported to 

produce more accurate and stable customer groupings than 

conventional K-Means by reducing the risk of poor 

initialization and local minima entrapment. Collectively, these 

findings support PSO as an effective optimization layer that 

improves centroid positioning and segmentation stability 

while maintaining the interpretability advantages of K-Means. 

 

2.3 Optimization-based clustering and evaluation practices 

 

Optimization-based clustering extends beyond PSO by 

integrating metaheuristics with partitional clustering to 

improve validity, automation, and robustness—especially 

when the number of clusters, centroid positions, or feature 

subsets must be optimized jointly [20]. Recent reviews on K-

Means hybridization emphasize that the greatest 

improvements are typically achieved when metaheuristics are 

aligned with well-chosen objective functions and validity 

measures that reflect both cohesion and separation [21]. In 

parallel, the selection and benchmarking of clustering validity 

indices have become increasingly important because different 

indices can favor different structural properties of the same 

clustering solution. Recent benchmarking work on 

evolutionary K-Means frameworks shows that internal 

validity indices (e.g., Silhouette and Calinski–Harabasz) can 

provide more reliable guidance for optimization-driven 

clustering under varied data characteristics [22]. For customer 

segmentation settings, internal indices and validity analysis 

are also recommended to ensure that improved numerical 

scores correspond to meaningful and separable customer 

groups, supporting interpretability and downstream business 

use [23]. More broadly, recent clustering literature in data 

science and management highlights that optimization-based 

clustering is increasingly adopted when stability and 

reproducibility are required for operational decision-making 

rather than one-off exploratory analysis [24]. 

 

 

3. METHODOLOGY 

 

This study adopts a structured and reproducible 

methodological framework to evaluate the effectiveness of a 

metaheuristic-optimized clustering approach that integrates 

PSO with K-Means for e-commerce customer segmentation. 

The overall workflow follows the Cross-Industry Standard 

Process for Data Mining (CRISP-DM) paradigm, ensuring 

systematic progression from problem formulation to model 

evaluation [25]. Figure 1 illustrates the complete research 

workflow. 

Figure 2 shows the customer behavior correlation matrix, 

illustrating the relationships among key variables in the e-

commerce dataset, namely age, total spend, items bought, 

average rating, and days since last purchase. The colors in the 

heatmap represent the direction and strength of the 

relationships between variables, where blue indicates a 
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positive correlation, while red signifies a negative correlation. 

Figure 3 illustrates the average total customer spending by 

city. This bar chart compares the average spending levels of 

customers across six major cities: San Francisco, New York, 

Los Angeles, Miami, Chicago, and Houston. From the 

visualization, it can be observed that San Francisco records the 

highest average spending at $1,460, followed by New York 

with $1,165. Meanwhile, Houston shows the lowest average 

spending at only $447. This pattern indicates significant 

differences in purchasing power and consumer behavior across 

regions, which may be influenced by local economic 

conditions, income levels, and consumer preferences in each 

city. 

Figure 4 illustrates the relationship between customer age 

and total spending (age vs. total spend), visualized through a 

scatter plot. Each point on the graph represents customers 

categorized into three satisfaction levels: Satisfied (green), 

Neutral (yellow), and Unsatisfied (red). From the graph, it can 

be observed that customers aged around 28 to 31 years tend to 

have higher spending levels, particularly among those who are 

Satisfied, with total spending reaching over $1,400. In 

contrast, customers aged above 35 years generally exhibit 

lower spending levels and are more likely to fall into the 

Neutral or Unsatisfied categories. 

 

 
 

Figure 1. Research workflow 

 

 
 

Figure 2. Customer behavior correlation matrix 
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Figure 3. The average total customer spending by city 

 

 
 

Figure 4. The relationship between customer age and total spending 

 

3.1 Data preprocessing and feature selection 

 

The data preprocessing stage involved handling missing 

values, applying normalization using StandardScaler, and 

implementing information-based feature selection through the 

AGR–CBFS approach. During the data preprocessing stage, 

missing values were treated using mean imputation, where 

each missing observation in a numerical feature 𝑥𝑖 was 

replaced with the mean of its corresponding variable, 

expressed as: 

 

𝑥𝑖
′ = {

𝑥𝑖 , if 𝑥𝑖 is not missing

𝑥‾ =
1

𝑛
∑ 𝑥𝑗

𝑛

𝑗=1

, if 𝑥𝑖 is missing
 (1) 

 

Normalization was then applied using the StandardScaler 

method to standardize all continuous variables, ensuring that 

each feature contributes equally to the clustering process. The 

transformation follows the z-score normalization formula: 

 

𝑧𝑖 =
𝑥𝑖 − 𝜇

𝜎
 (2) 

 

where, 𝜇 represents the mean and 𝜎 denotes the standard 

deviation of the feature. For feature selection, the AGR–CBFS 

technique was implemented, combining AGR, which 

measures the information gain of a feature relative to entropy, 

with CBFS that evaluates the redundancy among features. The 

feature relevance score 𝑅𝑓 for each attribute was computed as: 

 

𝑅𝑓 =
𝐼𝐺(𝑓)

𝐻(𝐶)
− 𝜆 ∑|𝑟𝑓,𝑗|

𝑚

𝑗=1

 (3) 

 

where, 𝐼𝐺(𝑓) is the information gain of feature 𝑓, 𝐻(𝐶) is the 

entropy of the class variable, 𝑟𝑓,𝑗  is the Pearson correlation 

coefficient between feature 𝑓 and other features 𝑗, and 𝜆 is a 

penalty factor controlling redundancy reduction. This 

combined preprocessing and feature selection pipeline ensures 

that only the most informative and non-redundant variables are 

retained, leading to more stable and interpretable clustering 

results for e-commerce customer segmentation. 
 

3.2 Model design and optimization 
 

In the clustering stage, three clustering algorithms: Standard 

K-Means, K-Means++, and PSO-enhanced K-Means—were 

implemented for comparative performance analysis. In this 

stage, each algorithm was designed to identify optimal 

customer clusters based on behavioral and demographic 

attributes. The Standard K-Means algorithm partitions the 

dataset into 𝑘 clusters by minimizing the within-cluster sum of 

squared distances (WCSS), mathematically expressed as: 
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𝐽 = ∑ ∑ ‖𝑥𝑗 − 𝜇𝑖‖
2

𝑥𝑗∈𝐶𝑖

𝑘

𝑖=1

 (4) 

 

where, 𝑥𝑗  represents a data point, 𝜇𝑖 denotes the centroid of 

cluster 𝐶𝑖 , and 𝐽 is the objective function minimized during 

iteration. The K-Means++ algorithm improves upon Standard 

K-Means by optimizing the initial centroid selection to reduce 

convergence time and improve clustering stability. Instead of 

random initialization, it selects the first centroid randomly and 

subsequent centroids based on a weighted probability 

proportional to the squared distance from the nearest existing 

centroid: 

 

𝑃(𝑥) =
𝐷(𝑥)2

∑ 𝐷𝑥0
′ ∈𝑋 (𝑥 ′)2

 (5) 

 

where, 𝐷(𝑥) is the distance between a data point 𝑥 and the 

nearest chosen centroid. To further enhance clustering quality, 

a PSO-enhanced K-Means algorithm was implemented, 

integrating PSO to optimize centroid initialization and avoid 

local minima. In this hybrid model, each particle represents a 

potential centroid position, and its movement is guided by 

velocity and position update equations: 

 

𝑣𝑖
𝑡+1 = 𝑤𝑣𝑖

𝑡 + 𝑐1𝑟1(𝑝𝑖
𝑏𝑒𝑠𝑡 − 𝑥𝑖

𝑡) + 𝑐2𝑟2(𝑔𝑏𝑒𝑠𝑡 − 𝑥𝑖
𝑡) (6) 

 

𝑥𝑖
𝑡+1 = 𝑥𝑖

𝑡 + 𝑣𝑖
𝑡+1 (7) 

 

where, 𝑣𝑖 is the velocity, 𝑥𝑖 is the position (centroid), 𝑤 is the 

inertia weight controlling exploration, 𝑐1 and 𝑐2  are 

acceleration constants, 𝑟1  and 𝑟2 are random factors, 𝑝𝑖
𝑏𝑒𝑠𝑡  is 

the best position of particle 𝑖 , and 𝑔𝑏𝑒𝑠𝑡  is the global best 

position across all particles. The hybrid optimization process 

allows PSO to search globally for optimal centroids before K-

Means performs local refinement, thereby increasing 

convergence accuracy and segmentation stability. 

 

3.3 Model evaluation and comparative analysis 

 

In this stage, each clustering method is evaluated using 

several internal validity metrics, including the Silhouette 

Coefficient (SC), Davies–Bouldin Index (DBI), Calinski–

Harabasz Index (CHI), and Inertia (I), formulated as follows: 

 

SC =
𝑏𝑖 − 𝑎𝑖

max(𝑎𝑖 , 𝑏𝑖)
 (8) 

 

DBI =
1

𝑘
∑ max

𝑗≠𝑖

𝑘

𝑖=1

𝑠𝑖 + 𝑠𝑗

𝑑(𝑐𝑖 , 𝑐𝑗)
 (9) 

 

CHI =
Tr(𝐵𝑘)/(𝑘 − 1)

Tr(𝑊𝑘)/(𝑛 − 𝑘)
 (10) 

 

𝐼 = ∑ ∑ ‖𝑥 − 𝜇𝑖‖
2

𝑥∈𝐶𝑖

𝑘

𝑖=1

 (11) 

 

 

4. RESULTS AND DISCUSSION 

 

Data preprocessing was conducted through a systematic 

pipeline involving missing value imputation, feature selection, 

and normalization using StandardScaler. The “Satisfaction 

Level” attribute was imputed using the mode method to ensure 

categorical balance, while continuous variables (age, total 

spend, items purchased, average rating, and days since last 

purchase) were standardized to remove scale bias before 

clustering. This preprocessing approach follows the data 

quality enhancement framework proposed by Alizadeh and 

Bidgoli [25], ensuring consistency and comparability across 

features. The fitness function employed for optimization was 

the Sum of Squared Errors (SSE), which quantifies the total 

intra-cluster variance. Lower SSE values indicate more 

compact and coherent clusters. The PSO algorithm was 

employed to minimize SSE dynamically by updating cluster 

centroids over 100 iterations. 

As shown in Table 1, the results reveal clear performance 

improvements for PSO-K-Means compared to traditional 

clustering methods. PSO-K-Means achieved the highest 

Silhouette Coefficient (0.5126) and the lowest Davies–

Bouldin Index (0.7674), signifying improved cohesion and 

separation among clusters. Despite a slightly higher Inertia 

(521.1470), the result aligns with the metaheuristic 

optimization behavior, where global centroid adjustment 

balances compactness with better-defined boundaries. The 

PSO convergence pattern illustrated in Figure 5 shows a rapid 

fitness improvement during the early iterations, with 

cumulative improvement stabilizing after approximately 25 

iterations. Meanwhile, Figure 6 demonstrates the progressive 

refinement of fitness values, indicating PSO’s ability to 

achieve consistent and efficient convergence. 

The comparison of methods demonstrates that PSO-K-

Means significantly enhances clustering validity metrics 

compared to both Standard K-Means and K-Means++. The 

improvement in the Silhouette Coefficient (+3.75%) and 

reduction in the Davies–Bouldin Index (–22.8%) confirm the 

superior optimization capacity of the PSO algorithm. The 

improvement is statistically consistent with findings from 

Kumar et al. [26], where PSO’s adaptive velocity and inertia 

mechanisms enabled better centroid exploration and avoided 

local minima commonly found in deterministic K-Means 

variants. Compared to K-Means++, which enhances centroid 

initialization through probabilistic sampling, PSO provides 

dynamic exploration and exploitation balance, improving the 

clustering outcome over multiple iterations. The marginal 

increase in inertia for PSO-K-Means reflects the model’s 

emphasis on maximizing inter-cluster separation rather than 

minimizing intra-cluster variance alone, a trade-off that 

improves interpretability and decision boundary precision. 

 

Table 1. Comparison methods 

 
Methods Silhouette Davies-Bouldin Calinski-Harabasz Inertia 

K-Means 0.4940 0.9942 441.6521 493.5771 

K-Means++ 0.4940 0.9942 441.6521 493.5771 

PSO-K-Means 0.5126 0.7674 409.1090 521.1470 
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Figure 5. Particle Swarm Optimization (PSO) convergence rate analysis 

 

 
 

Figure 6. Convergence analysis of the Particle Swarm Optimization (PSO)-enhanced K-Means 
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The experimental results demonstrate that the PSO-

enhanced K-Means model yields superior clustering validity 

compared to Standard K-Means and K-Means++, as evidenced 

by higher Silhouette values and substantially lower Davies–

Bouldin Index scores. Beyond numerical improvement, these 

enhancements have direct practical implications for e-

commerce customer segmentation and decision-making. 

From a business perspective, improved cluster cohesion 

indicates that customers within the same segment exhibit more 

homogeneous behavioral patterns, such as similar spending 

levels, purchase frequency, and satisfaction tendencies. This 

homogeneity enables e-commerce firms to design more 

precise and effective personalization strategies, including 

tailored promotions, recommendation systems, and loyalty 

programs. For example, clusters characterized by high 

spending and frequent purchases can be prioritized for 

premium membership offers or exclusive incentives, while 

lower-engagement clusters can be targeted with reactivation or 

retention campaigns.  

Similarly, improved inter-cluster separation implies clearer 

differentiation between customer segments. In operational 

terms, this reduces ambiguity in segment interpretation and 

minimizes overlap between strategic actions assigned to 

different customer groups. Well-separated clusters support 

clearer customer personas, facilitating alignment between data 

analytics outputs and marketing execution. This clarity is 

particularly important in e-commerce environments, where 

rapid and automated decision-making relies on stable and 

interpretable segmentation results [18]. 

The convergence behavior of the PSO-K-Means model 

further strengthens its business relevance. The observation that 

more than 80% of fitness improvement occurs within the first 

20 iterations suggests that the model can achieve reliable 

segmentation with relatively low computational overhead. 

This efficiency is advantageous for real-world applications 

where segmentation models may need to be updated 

periodically as new transaction data becomes available. Faster 

convergence enables timely insights without sacrificing 

clustering quality, supporting near-real-time or iterative 

segmentation workflows. 

Moreover, the integration of PSO-based centroid 

optimization with information-driven feature selection 

contributes to improved interpretability of the resulting 

clusters. By retaining only informative and non-redundant 

features, the segmentation outcomes align more closely with 

actionable business variables such as spending behavior, 

purchase recency, and customer satisfaction. This alignment 

facilitates collaboration between data analysts and business 

stakeholders, as segment definitions can be directly translated 

into marketing strategies and performance indicators. 

 

 

5. CONCLUSIONS 

 

This study proposed and evaluated a metaheuristic-

optimized customer segmentation framework that integrates 

PSO with the K-Means clustering algorithm for e-commerce 

applications. The experimental results demonstrate that the 

PSO-enhanced K-Means consistently outperforms Standard 

K-Means and K-Means++ in terms of internal clustering 

validity. Specifically, the proposed approach achieved a higher 

Silhouette Coefficient (0.5126) and a substantially lower 

Davies–Bouldin Index (0.7674), indicating improved intra-

cluster cohesion and inter-cluster separation. In addition, the 

convergence analysis revealed that more than 80% of the 

fitness improvement was achieved within the first 20 

optimization iterations, highlighting the efficiency and 

stability of the PSO-based optimization process. 

From a practical perspective, these improvements yield 

more coherent and distinguishable customer segments, which 

are essential for effective personalization, targeted marketing, 

and customer retention strategies in e-commerce. By 

producing clusters with clearer behavioral differentiation, the 

proposed framework supports data-driven decision-making 

and enhances the interpretability of segmentation outcomes for 

business practitioners. 

The novelty of this research lies in the unified integration of 

PSO-based centroid optimization and information-theoretic 

feature selection within an end-to-end clustering framework 

specifically designed for e-commerce customer segmentation. 

Unlike conventional approaches that treat optimization and 

feature selection as separate processes, this framework jointly 

optimizes centroid positions and feature relevance, thereby 

improving clustering stability, validity, and interpretability 

simultaneously. This integrated design represents a 

meaningful methodological contribution to optimization-

based clustering research and extends its applicability to 

practical e-commerce analytics. 

Despite these promising results, several limitations warrant 

consideration. First, the experiments were conducted on a 

single structured e-commerce dataset, which may limit the 

generalizability of the findings to other domains or datasets 

with different characteristics. Second, the PSO parameters 

were fixed throughout the optimization process; adaptive or 

self-tuning parameter strategies may further enhance 

performance. Third, the evaluation relied exclusively on 

internal clustering validity metrics, without incorporating 

external business performance indicators such as conversion 

rates or customer lifetime value. Future research may address 

these limitations by applying the proposed framework to larger 

and more diverse datasets, incorporating adaptive or multi-

objective optimization strategies, and integrating downstream 

business metrics or deep representation learning to improve 

segmentation effectiveness further. 
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