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Abstract  
Micro, Small, and Medium Enterprises (MSMEs) are vital to Indonesia's economy, yet many struggle with ineffective marketing 
strategies, as seen in Bintang Sepatu Purwokerto, an MSME shoemaker facing stagnant sales. To overcome this, this study 
proposed a metaheuristic-based clustering (MBC) algorithm combined with principal coordinate analysis (PCoA) for optimal 
customer segmentation. The developed algorithm successfully overcomes the limitations of Kmeans in mixed datasets, 
containing categorical and numeric data. Furthermore, the procedure for updating centroids in Kmeans that risks falling into 
a local optimum is also solved. In this study, six MBC algorithms were developed based on six state-of-the-art metaheuristic 
optimizations utilized. Then, the developed MBC algorithms are compared with benchmark algorithms, namely Kmeans and 
KmeansQLDE, based on the near-optimal clustering obtained, t-test, and required running time. The comparison results show 
that the MBC clustering using gray wolf optimization (GWOClustering) outperforms the benchmark algorithms, achieving an 
average Silhouette score of 0.7491. In addition, this algorithm significantly outperforms Kmeans based on t-test conducted and 
results in relatively low runtime. The GWOClustering simulation yielded four near-optimal clusters in the customer 
segmentation of Bintang Shoes Purwokerto MSME. The analysis of each cluster's characteristics indicates the need for distinct 
marketing strategies for this MSME. Marketing based on offline purchasing services, store conditions, and product layout is 
appropriate for consumers in Cluster 1. Meanwhile, digital marketing with attractive, informative graphic content is suitable 
for consumers in Clusters 2 and 4. Furthermore, strategies with competitive pricing, discounts, or bundling strategies are 
appropriate for Cluster 3. 
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1. Introduction  

Micro, Small, and Medium Enterprises (MSMEs) are 
very important to Indonesia's economy. They account 
for 99% of all businesses and contribute 61% to the 
country's GDP [1], [2]. Among these, the footwear 
industry has experienced significant growth due to 
increased demand for shoes [3]. Although they are 
crucial to the economy, many MSMEs struggle to 
maximize their sales due to ineffective marketing 
strategies. One of them is Bintang Sepatu Purwokerto, 
a shoemaker in Banyumas Regency, Central Java, 
Indonesia. This MSME struggles to match its products 
with customer demand, resulting in underutilized 
production capacity and stagnant sales growth. 

Figure 1 shows that the gap between actual sales and 
monthly targets at Bintang Sepatu Purwokerto has 
remained unchanged over time. The target sales were 
raised in October and November after hiring more 
salespeople, which was a strategic move to increase 
revenue. However, even after this intervention, sales 
performance continued to fall short of targets, with an 
average monthly decline of 4%. This downward trend 
shows that simply adding salespeople was not enough 
to close the gap. This suggests we should focus on other 
aspects of the marketing strategy, such as customer 
segmentation. 

Clustering is a popular approach used in marketing 
analytics, especially in identifying market segments [4-
7]. The most popular clustering algorithm is k-means 
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[8]. The K-means algorithm, combined with PCA, can 
improve customer segmentation in dynamic retail 
settings [9]. In addition, compared with other 
algorithms such as agglomerative and DBSCAN, the 
combination of K-means and PCA shows better 
performance in examining the behaviors and 
preferences of online shopping customers [10]. 

 
Figure 1. Sales and target data at Bintang Sepatu Purwokerto 

Despite its advantages, the combination of K-means and 
PCA has essential limitations. Both K-means and PCA 
cannot handle mixed data types, such as numeric and 
categorical data, which are common in customer 
segmentation datasets [11]. This is because K-means 
updates the centroids in each iteration using the mean, 
which is not suitable for categorical data. 
Simultaneously, PCA aims to elucidate the variance of 
numerous variables by linearly combining them, 
leveraging the Euclidean distance [12]. This distance is 
not appropriate for implementation in the categorical 
dataset [13]. Furthermore, the K-means algorithm 
iteratively updates the positions of the cluster centroids 
by computing the mean of the data points assigned to 
each centroid. This process continues until convergence 
is reached. However, this strategy often leads to local 
minima, which makes clustering less effective [14].  

To overcome the limitations of PCA in handling 
categorical data, several alternative algorithms can be 
utilized with K-means, such as Multiple 
Correspondence Analysis (MCA) [15], Factor Analysis 
of Mixed Data (FAMD) [16], t-distributed Stochastic 
Neighbor Embedding (t-SNE) [17], Uniform Manifold 
Approximation and Projection (UMAP) [18], or 
Principal Coordinate Analysis (PCoA) [19]. The PCoA 
algorithm offers a competitive advantage for 
determining the configuration of objects in mixed, 
categorical, and numerical data using the Gower 
distance [4], [20]. Also, the PCoA procedure does not 
involve transformations that can reduce the information 
in the data, unlike MCA, which uses a discretization 
approach to transform categorical data [21], [22]. 
Additionally, PCoA operates directly on the adjacency 
matrix, which is certainly better at representing the 
data's reality than FAMD, which imposes assumptions 
of linearity and variance structure on the dataset [23]. In 
terms of efficiency, PCoA outperforms t-SNE and 
UMAP because it does not require hyperparameters that 
are often sensitive and computationally expensive [24- 

26]. Furthermore, PCoA preserves global distances 
[27], whereas t-SNE and UMAP focus only on local 
structures [28]. Based on the advantages described, 
PCoA is appropriate to be used when the analysis goal 
is to mine information from the structure of 
dissimilarities between objects in the dataset. 

Furthermore, the limitations of K-means due to the 
centroid-updating procedure, which can fall into a local 
optimum, have been attempted to be addressed. Some 
solutions, such as diffusion k-means [29] and the 
integration of Radial Basis Function and k-means (RBF 
K-means) [30], have been proposed to overcome k-
means' limitations. Diffusion k-means involves a 
random walk, namely a Markov chain, and the 
combination of Euclidean and diffusion distances to 
maximize the within-cluster connectedness. 
Meanwhile, integrating differentiable Radial Basis 
Functions with k-means yields an exact gradient-based 
update rule for k-means centroids. Despite their 
reliability, both approaches face challenges, namely that 
they are often computationally intractable and provide 
exact solutions only in particular cases [29], [31]. 
Another approach to optimizing k-means is 
metaheuristic optimization. A metaheuristic 
combination with k-means, called Kmeans Q-learning 
differential evolution (KmeansQLDE), has been 
proposed for customer segmentation data [32]. Despite 
its low computation, the metaheuristic in K-
meansQLDE only determines the optimal initial 
centroids, which are then used in the regular K-means. 
This combination does not address the limitations of K-
means in its centroid-updating procedure. Therefore, 
there is a need for another strategy in combining 
metaheuristics and k-means in this problem. 

Based on the aforementioned statements, this study 
proposes metaheuristic-based clustering (MBC) 
algorithms that perform clustering using updated 
centroids, leveraging a nature-inspired procedure. The 
proposed MBC algorithms do not use k-means; instead, 
they directly improve the performance of metaheuristic 
optimization methods for clustering. The metaheuristics 
used are Aquila Optimizer (AO) [33], Differential 
Search Algorithm (DSA) [34], Grey Wolf Optimizer 
(GWO) [35], Komodo Mlipir Algorithm (KMA) [36], 
Particle Swarm Optimization (PSO) [37], and Whale 
Optimization Algorithm (WOA) [38]. Those 
metaheuristics were selected based on their state-of-the-
art methods and demonstrated success in solving 
complex optimization problems [39], [40]. In addition, 
dimensionality reduction using PCoA was implemented 
to handle both numerical and categorical data in the 
customer segmentation dataset from MSME Bintang 
Shoes Purwokerto and other datasets. The key 
contributions of this work are (1) to develop the MBC 
algorithms that enhance centroid refinement and 
mitigate local optimum convergence issues, (2) to 
provide a comparative evaluation among the proposed 
MBC algorithms and the benchmark algorithms, such as 
Kmeans and KmeansQLDE, and (3) to demonstrate the 
practical applicability of the best MBC algorithm 
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through a real-world case study, namely MSMEs 
Bintang Shoes Purwokerto, offering actionable insights 
for data-driven marketing strategy formulation. 

This study is structured as follows: Section 2 presents 
the materials and methods used. Section 3 provides the 
results of the clustering analysis experiment and 
discusses the clustering results, including their 
comparative analysis and performance. Lastly, Section 
4 concludes the paper by summarizing the key insights 
obtained. 

2. Methods 

This section includes six subsections. The first 
subsection describes the dataset employed in this study, 
including the primary dataset and the public datasets. 
The second subsection presents the proximity measure 
utilized to quantify the dissimilarity among objects. 
Subsequently, the third subsection outlines the 
procedural steps of the Principal Coordinates Analysis 
(PCoA) algorithm. The fourth subsection introduces the 
proposed metaheuristic-based clustering framework. 
The fifth subsection outlines the performance 
evaluation metrics employed. Finally, the sixth 
subsection presents the research flow. 

2.1. The dataset used 

The primary dataset used in this study is the customer 
dataset of MSME Bintang Sepatu Purwokerto. In 
addition, open-source Kaggle datasets are used to 
perform experiments and evaluate the proposed 
algorithms against benchmark algorithms. Table 1 lists 
the datasets used in this study, which contain both 
categorical and numerical data.  

Table 1. The dataset used 

Dataset ID 
Predict Customer Purchase Behavior D1 
The Ship Performance D2 
Shop Customer Data D3 
MSME of Bintang Sepatu Purwokerto D4 

Datasets D1, D2, and D3 were obtained from the open-
source Kaggle dataset, which has been widely used to 
evaluate the performance of the developed algorithm 
[41-43]. These four datasets have varying numbers of 
objects (𝑛𝑛), variables (𝑝𝑝), and contain both categorical 
and numeric variables, detailed information is presented 
in Table 2.  

Table 2. Characteristics of the dataset used 

 ID 𝑛𝑛 Object 𝑝𝑝 Variables The number of variables 
Categoric Numeric 

D1 1500 9 5 4 
D2 2127 14 3 11 
D3 2000 7 2 5 
D4 179 16 14 2 

Meanwhile, dataset D4 is secondary data on real sales, 
collected and selected based on marketing mix variables 
[44-46]. The selected variables are presented in Table 
3. 

 

Table 3. The selected variables 

Variable Description 
Address [47] Residence location of customers 
Gender [48] Customer gender identity 
Age [49] Customer age in years 
Occupation [48] Customer occupation 
Income[48] Monthly income range bracket 
Motivation [50] Motivation for purchase decisions 
Frequency [51] Number of transactions  
Model [52] Preferred shoe style/design  
Size [52] Purchased shoe sizing 
Color [52] Selected color preferences 
Price [47] Shoe prices 
Place of purchase [52] Primary purchase platform 

(online/offline) 
Social Media 
Engagement [47] 

Daily social platform usage 
duration 

Negotiation [47] Price bargaining during transactions 
Information Sources [47] Sources of information obtained by 

consumers regarding products 
Marketing Consent [47] Permission for product promotion 

communications 

2.2. The proximity measure 

To determine the configuration of each object, the 
proximity measures are required. For numerical 
variables, we utilize Euclidean distance, which has 
proven effective in optimization research [53] and data 
mining applications [54-56]. Formula to calculate the 
Euclidean distance between and x𝑗𝑗is demonstrated in 
Equation 1. 

𝑑𝑑𝐸𝐸(𝐱𝐱𝑖𝑖 , 𝐱𝐱𝑗𝑗)  =  �(𝐱𝐱𝑖𝑖 − 𝐱𝐱𝑗𝑗)𝑇𝑇(𝐱𝐱𝑖𝑖 − 𝐱𝐱𝑗𝑗)             (1) 

where refers to the Euclidean distance between object-𝑖𝑖 
and object-𝑗𝑗. Meanwhile, refers to the vector whose 
elements are the information of the 𝑖𝑖-th object for each 
variable. 

Meanwhile, for categorical data, this study employs the 
Gower distance [57] as a proximity measure. This 
approach has proven particularly useful for analyzing 
categorical datasets in several fields, such as education 
[58] and imputation data [59]. The Gower distance 
framework transforms similarity measures into 
proximity measures using the complementarity concept. 
Formula of the Gower distance and its corresponding 
similarity measure between and are showed in 
Equations 2 and 3, respectively. 

𝑑𝑑𝐺𝐺(x𝑖𝑖 , x𝑗𝑗)  =  1 − 𝑠𝑠(x𝑖𝑖 , x𝑗𝑗)              (2) 

𝑠𝑠𝑖𝑖𝑖𝑖 = 1
𝑝𝑝
∑ �1 − �𝑥𝑥𝑖𝑖𝑖𝑖 − 𝑥𝑥𝑗𝑗𝑗𝑗��
𝑝𝑝
𝑘𝑘=1                (3) 

 𝑑𝑑𝐺𝐺(x𝑖𝑖 , x𝑗𝑗)denotes the Gower distance between x𝑖𝑖and 
x𝑗𝑗. Meanwhile, is the similarity measure between them. 
is the number of variables in the dataset. 

For the mixed (numerical and categorical) dataset, the 
combination of Euclidean and Gower distances is used 
by leveraging a weighted combination method [40]. The 
complete computational procedure for handling the 
mixed dataset is carried out through a series of 
systematic steps. Initially, dataset of objects and 
variables, containing both numerical and categorical 
types, is given. The dataset is subsequently partitioned 
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into two subsets, nXp = (nYp1|nZp2), based on variable 
type, yielding a numerical and a categorical dataset 
(nZp2). This separation enables each data type to be 
processed using an appropriate similarity or 
dissimilarity measure. For numerical data (nYp1), the 
Euclidean distance between and x𝑗𝑗, for all 𝑖𝑖, 𝑗𝑗, namely 
is calculated. Meanwhile, the Gower distance between 
and x𝑗𝑗, for all 𝑖𝑖, 𝑗𝑗, namely is conducted for categorical 
data After obtaining the respective proximity matrices, 
both matrices are standardized to ensure comparability 
and to prevent any particular data type from dominating 
the proximity assessment. Finally, the standardized 
numerical and categorical proximity matrices are 
integrated to construct a unified proximity measure 
between objects using Equation 4. 

𝑑𝑑𝑖𝑖𝑖𝑖  =  
𝑑𝑑𝐸𝐸(𝐲𝐲𝑖𝑖,𝐲𝐲𝑗𝑗)

𝑝𝑝1
+

𝑑𝑑𝐺𝐺(𝐳𝐳𝑖𝑖,𝐳𝐳𝑗𝑗)

𝑝𝑝2
,   ∀𝑖𝑖, 𝑗𝑗              (4) 

2.3. Principal Coordinate Analysis (PCoA) 

This study employs PCoA to obtain the object 
configurations in a low-dimensional Euclidean space 
while preserving dissimilarity from the original 
proximity matrix [60]. PCoA was selected for this study 
due to its ability to analyze mixed data types (both 
numerical and categorical). In addition, PCoA 
maintains geometric interpretability in Euclidean space, 
which is required by the clustering algorithms.  

The procedure of PCoA begins by transforming the 
proximity matrix, nDn= �𝑑𝑑𝑖𝑖𝑖𝑖�, into a scalar product 
matrix through a distance-based transformation, namely 
nAn=(aij) where a𝑖𝑖𝑖𝑖  =  −1

2
𝑑𝑑𝑖𝑖𝑖𝑖2 ,∀𝑖𝑖, 𝑗𝑗 ∈ [1,𝑛𝑛]. Then, is 

calculated, where and J =  11′. Subsequently, spectral 
decomposition is performed, yielding B = VΛV. These 
components of the decomposition results are then used 
to construct the object configurations in a k-
dimensional Euclidean space using formula X� =
𝑉𝑉𝑘𝑘Λ𝑘𝑘

1/2.  

To evaluate the quality of the obtained representation, 
from is calculated using monotic regression. Then, 
compute STRESS using Equation 5. If the STRESS 
value is high then determine the object configurations 
in another dimension. Otherwise, the object 
configurations are obtained with the good quality. 

𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 =  
∑ �𝑑𝑑�𝑖𝑖𝑖𝑖−𝑑𝑑𝑖𝑖𝑖𝑖�

2
𝑖𝑖<𝑗𝑗
∑ 𝑑𝑑𝑖𝑖𝑖𝑖

2
𝑖𝑖<𝑗𝑗

               (5) 

2.4. Metaheuristic-based clustering (MBC) 

This study develops a metaheuristic-based clustering 
(MBC) algorithm to avoid the tendency of the clustering 
process to become trapped in local optima during 
centroid updates [10]. The developed algorithm 
dynamically updates cluster centroids by leveraging the 
natural search mechanisms of the metaheuristic 
algorithms used. Figure 2 provides the general 
framework of the MBC algorithms.  

 

Figure 2. The general framework of the MBC algorithms 

The proposed metaheuristic-based clustering 
framework begins by generating the initial population 
consisting of 𝑛𝑛candidate solutions, where each 
individual represents a set of 𝑘𝑘cluster centroids 
randomly. For every individual, the clustering process 
is performed by assigning each data object to its nearest 
centroid based on the Euclidean distance measure. 
Subsequently, the fitness value of each individual is 
calculated using the silhouette score. Based on these 
fitness values, the population is updated by adjusting the 
centroid positions according to the naturally inspired 
search methodology of the metaheuristic used. If the 
convergence criterion or iteration limit is reached, the 
clustering results are close to optimal. Otherwise, the 
iterative process is conducted until the termination 
criterion is met.  

Table 4 provides an overview of the MBC algorithms 
implemented using various metaheuristic. Furthermore, 
the centroids are updated iteratively using the standard 
procedure for each metaheuristic. Moreover, the 
Kmeans and KmeansQLDE algorithms are also utilized 
as abenchmark algorithms. 

Table 4. The develop metaheuristic-based clustering algorithm 

Metaheuristic MBC algorithm 
Aquila optimizer (AO) [16] AOClustering 
Differential search algorithm (DSA) [17] DSAClustering 
Grey wolf optimization (GWO) [18] GWOClustering 
Komodo mlipir algorithm (KMA) [19] KMAClustering 
Particle swarm optimization (PSO) [20] PSOClustering 
Whale optimization algorithm (WOA) [21] WOAClustering 

2.5. The performance measurements 

The primary performance measure used in this study is 
the Silhouette score, which measures the quality of each 
algorithm's clustering results. The formula of the 
silhouette score is demonstrated in Equation 6. 

𝑠𝑠(𝑖𝑖)  =  𝑏𝑏(𝑖𝑖) − 𝑎𝑎(𝑖𝑖)
max{𝑎𝑎(𝑖𝑖),𝑏𝑏(𝑖𝑖)}

               (6) 
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In the formula, is the Silhouette score of the 𝑖𝑖th object. 
Then, 𝑎𝑎(𝑖𝑖) is the average distance between the 𝑖𝑖th 
object and all objects in its cluster. Meanwhile, is the 
average distance between the 𝑖𝑖th object and objects in 
its nearest cluster. The total Silhouette score is then 
calculated from the average converted to [0,1], using 
Equation 7 [61]. Cluster quality is determined based on 
the silhouette score, with quality criteria presented in 
Table 5. 

Silhouette score =  1
2𝑛𝑛
∑ [𝑠𝑠(𝑖𝑖) + 1]𝑛𝑛
𝑖𝑖=1                (7) 

Table 5. Clustering quality criteria 

Interval Characteristics 
0.710 - 1.000 Strong cluster 
0.510 - 0.709 Reasonable cluster 
0.260 - 0.509 Weak cluster 

< 0.259 wrong cluster 

In addition, this study also uses a t-test statistical test to 
compare simulation results between the developed 
algorithms and the benchmark algorithm. The normality 
test used is the Shapiro-Wilk test because the sample 
size is less than 50 [62]. Furthermore, the t-test used is 
the Student's t-test, when the data distribution is normal. 
Conversely, the Wilcoxon test is utilized when the data 
distribution is not normal. When 𝑝𝑝𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣 < 0.05, reject 
𝐻𝐻0, indicating a significant difference in the 
performance of the developed and benchmark 
algorithms. 

2.6. Research flow  

This study contains four main stages as shown in Figure 
3. Stage 1 includes data collection, data preprocessing, 
proximity matrix calculation, and object configuration 
determination using PCoA. Stage 2 is the process of 
simulating the MBC and benchmark algorithms to 
obtain optimal clustering. Furthermore, stage 3 
compares the results between the simulated algorithms 
and interprets the best clustering on the MSME dataset 
of Bintang Sepatu Purwokerto. The final stage contains 
conclusions. 

 
Figure 3. Research flow in this study 

The simulations used in this research were written in 
MATLAB 2021b programming language. The studies 
were conducted on an AMD Ryzen AI 7 350 w/ Radeon 
860M, 16.0 GB of RAM, and Windows 11 Home Single 
Language. 

3. Results and Discussions 

This section presents the simulation results obtained 
from the proposed metaheuristic-based clustering and 
provides a comprehensive discussion of its 
effectiveness in the dataset used. The analysis begins 
with the preprocessing stage, where the mixed-type 
dataset is prepared and transformed to ensure its 
suitability for subsequent analysis. Following this, the 
performance of the proposed approach is evaluated 
through a comparative simulation study involving 
several metaheuristic-based clustering algorithms and 
another state-of-the-art clustering algorithm used, 
enabling a thorough assessment of clustering quality 
and optimization capability. Finally, the best-
performing clustering model is applied to the customer 
data of Bintang Sepatu Purwokerto MSMEs to identify 
meaningful customer segments, thereby providing 
valuable insights to support targeted marketing 
strategies and customer relationship management. 

3.1. Preprocessing dataset 

In stage 1, preprocessing and labeling categorical data 
as numbers were performed. Subsequently, the 
proximity matrix was calculated for each dataset using 
the procedure described in Subsection 2.2. Furthermore, 
the objects in the datasets were projected into a lower-
dimensional space using PCoA to obtain their 
configurations.  

The selection of the lowest dimensionality was based on 
the STRESS value obtained. Datasets D1, D2, and D3 
are presented in dimension seven with STRESS values 
around 0.1 (10%), indicating that the resulting 
configuration adequately represents the proximity 
matrix [63]. Meanwhile, the configuration of the D4 
dataset is in dimension two with a STRESS value of 
0.091 (9.1%) which indicates a good fit between the 
derived configuration and its proximity matrix. 

3.2. Comparison of the simulation results 

This section presents and compares the simulation data, 
convergence rates, and near-optimal outcomes of the 
MBC and benchmark algorithms. The optimal number 
of clusters is determined using Silhouette criterion 
provided by MATLAB. The optimal number of clusters 
in datasets D1 and D3 is two clusters. Simultaneously, 
datasets D2 and D4 provide four clusters.  

Furthermore, Table 6 presents the computational 
parameters employed by the metaheuristic optimization 
within the metaheuristic-based clustering (MBC) 
algorithms throughout the clustering procedure. 
Meanwhile, the metaheuristic of KmeansQLDE 
algorithm employs parameters with values as delineated 
in the referenced literature [32]. 
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Table 6. The computational parameters utilized 

Alg. Parameter Value Ref. 
- population 100 [64] 
- The number of iteration 100 [64] 
AO Exploitation adjustment (α) 0.1 [33] 
 Exploitation adjustment (γ) 0.1 [33] 
DSA Perturbation  0.3 × rand [34] 
GWO Adaptive parameter (a) [0,2] [35] 
KMA Portion (p) 0.5 [36] 
 Mlipir rate (r) 0.2 [36] 
PSO Weight 1 (w1) 0.8 [37] 
 Weight 2 (w2) 0.2 [37] 
 Personal learning (c1) 2 [37] 
 Global leraning (c2) 2 [37] 
WOA Adaptive parameter (a) [0,2] [38] 

 
Figure 4. Convergence graphs of the simulated algorithms 

Figure 4 presents the convergence graphs of the MBC 
algorithms and the benchmark algorithms. On dataset 
D1, GWOClustering, DSAClustering, and 
WOAClustering achieve near-optimal clustering 
performance, outperforming benchmark algorithms. 
Meanwhile, PSOClustering is trapped in local optima 
due to premature convergence. KmeansQLDE shows an 
interesting phenomenon, with fluctuating Silhouette 
scores. This is because the metaheuristic in 
KmeansQLDE only finds optimal initial centroids 
based on the sum of squared errors (SSE), which cannot 
guarantee good clustering results in Kmeans. On dataset 
D2, the best near-optimal clustering is obtained by 
GWOClustering, PSOClustering, KMAClustering, and 
WOAClustering, which outperform KMeans and 
KMeansQLDE. Meanwhile, DSAClustering shows 
moderate performance. In contrast, AOClustering 
shows premature convergence. Meanwhile, in D3, each 
MBC algorithm performs better than KMeans and 
KMeansQLDE. However, PSOClustering exhibits 
premature convergence, resulting in lower performance 
than other MBC algorithms. Finally, in the D4 dataset, 
it is known that GWOClustering, AOClustering, 

PSOClustering, KMAClustering, and WOAClustering 
produce better near-optimal clustering compared to the 
benchmark algorithms. Meanwhile, DSAClustering 
shows performance below that of KMeansQLDE and 
has premature convergence. In general, the 
GWOClustering and WOAClustering algorithms 
demonstrate consistent performance with relatively 
high near-optimal clustering.  

Furthermore, Table 7 presents the near-optimal 
clustering obtained. The table highlights the results of 
GWOClustering, which indicate that the algorithm 
consistently produces the best near-optimal clustering 
measures across datasets. Meanwhile, WOAClustering 
performs slightly below GWOClustering. Therefore, 
GWOClustering produces the best near-optimal 
clustering in the simulation conducted. 

Table 7. The near-optimal clustering of each algorithm simulated 

Algorithm D1 D2 D3 D4 
AOClustering 0.6467 0.7038 0.7670 0.8162 
DSAClustering 0.6631 0.7297 0.7670 0.8124 
GWOClustering 0.6633 0.7482 0.7670 0.8180 
KMAClustering 0.6334 0.7482 0.7670 0.8162 
PSOClustering 0.6059 0.7482 0.7067 0.8180 
WOAClustering 0.6633 0.7482 0.7670 0.8172 
Kmeans 0.6284 0.7035 0.6849 0.7957 
KmeansQLDE 0.6196 0.7340 0.6837 0.8149 

Subsequently, the Student t-test was used to determine 
whether the MBC algorithms significantly outperform 
the benchmark algorithms. The t-test results showed 
that GWOClustering and WOAClustering performed 
significantly better than Kmeans, with p-values of 
0.0376 and 0.0388, respectively.  

 

Figure 5. Running time of each algorithm simulated 

In addition, Figure 5 presents the average running time 
obtained. Based on the figure, the developed algorithms 
have running times that are not much different from 
those of the benchmark algorithms. The difference in 
running time of the developed algorithms against 
Kmeans and KmeansQLDE ranges from 0.209 to 0.311 
seconds, respectively, indicating a relatively low 
difference. Meanwhile, KMAClustering shows a unique 
increase in running time, a consequence of its added 
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population procedure that activates when the solution 
stagnates [65]. Despite these variations, the overall 
computational demand for obtaining the near-optimal 
clustering remains manageable. 

3.3. Customer Segmentation of Bintang Sepatu 
Purwokerto MSMEs 

The simulation results show that GWOClustering is the 
best algorithm. This algorithm shows the highest 
Silhouette value, namely 0.7491, on the Bintang Sepatu 
Purwokerto MSME customer segmentation dataset. 
Figure 6 presents a visualization of the near-optimal 
clustering obtained from the GWOClustering 
algorithm. The first and second principal components 
are valued at 47.16% and 18.79%, respectively, 
indicating that the visualization is able to retain 65.95% 
of the total variance [66]. This proves that most of the 
structural information from the dataset in the proximity 
matrix is well retained in two-dimensional space.  

The visualization in Figure 6 shows four well-defined 
clusters. The distribution of objects in Clusters 1, 2, 3, 
and 4 is 46 (25.70%), 36 (20.11%), 45 (25.14%), and 52 
(29.05%), respectively, which indicates that the objects 

in the dataset are distributed relatively evenly across the 
clusters. Table 8 demonstrates the profile and 
characteristics of customer segmentation from each 
cluster obtained.  

 
Figure 6. Visualization of the GWOClustering result 

Table 8. Consumer Segmentation Profile and Characteristics of each Cluster 

Characteristics Cluster 1 Cluster 2 Cluster 3 Cluster 4 

Gender Male-dominated 
(≈80%) Mixed (Male & Female) Mixed (Male & 

Female) Dominated by Women 

Age > 36 years old 26 - 35 Years (Young Adult) among 15 to 45 (Very 
Varied) 26 - 45 Years 

Income 1 - 6 Million (Middle) 1 - 6 Million 1 - 3 Million (Lower 
Middle Class) 1 - 6 Million (Variety) 

Shoe Price High (Rp250,000 - 
400,000) 

Upper Middle Class 
(Rp250,000) 

Middle Class 
(Rp150,000 - 200,000) 

Flexible (Rp125,000 - 
250,000) 

Shopping 
Location Offline (Physical Store) Online & Offline (Mixed) Online & Offline Online (E-commerce) 

Bargaining No Bargaining Bargaining Bargaining Actively Bargain 
Purchase 
Frequency 1-3 Times Varied Varied Two or More Times 

(Loyal) 
Information 
Source 

Friends/Neighbors, 
Facebook Instagram, TikTok Shopee, Facebook Shopee, TikTok, 

Lazada 

Main Behavior 
Conventional, averse to 
bargaining, purchase 
out of necessity. 

Technologically proficient, 
prepared to invest additional 
funds for superior quality, and 
seeks knowledge via social 
media. 

Seeking cost-effective, 
price-conscious, and 
utilitarian options. 

Modern, proactively 
pursues deals and 
information, adept at 
online buying, 
impetuous, and 
emotional. 

Based on the clustering characteristic analysis 
conducted by [4], it is known that Cluster 1 constitutes 
a conventional buyer segment predominantly composed 
of males aged 36 and above, with incomes ranging from 
1 to 6 million rupiah. Consumers in this segment make 
purchases based on necessity, exhibit loyalty to physical 
retail establishments, and generally do not favor 
bargaining. The selected footwear often features a 
macho design and is priced between Rp 250,000 and 
400,000. They generally acquire information from 
acquaintances, neighbors, or social media sites such as 
Facebook. Cluster 2 comprises young individuals aged 
26 to 35, characterized by an equitable gender 
distribution and middle-income demographics. They 
are pragmatic yet prioritize quality, with shoe costs 
starting at approximately 250,000 rupiah. This group 

exhibits adaptability in selecting shopping channels 
(both online and offline), participates in minimal 
bargaining, and predominantly utilizes visual social 
media platforms such as Instagram and TikTok for 
information acquisition. 

Subsequently, Cluster 3 comprises functional 
purchasers from varied age demographics and lower-
middle-income brackets (1–3 million rupiah). Their 
motivations are predominantly sensible and price-
sensitive, selecting shoes within the Rp150,000–
200,000 range. They utilize a combination of offline and 
online shopping methods, engage in minimal 
negotiation, and obtain information via e-commerce 
sites such as Shopee and Facebook. Meanwhile Cluster 
4, the most substantial portion, predominantly 
comprises women aged 26–45 and demonstrates the 
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most active behavior. Their justifications encompass 
both rational and emotional factors, accompanied by a 
variable price range of Rp125,000–250,000. They are 
highly active in the digital realm, making online 
shopping their primary choice, actively seeking 
information from various sources (Shopee, Lazada, 
TikTok), actively bargaining, and tend to make repeat 
purchases and discuss them with their partners. 

These four clusters demonstrate a unique range of 
customer behavior. Cluster 1 and Cluster 4 differ in 
their shopping channel and incentive preferences. 
Cluster 1 exhibits a strong adherence to traditional and 
rational values, demonstrating commitment to physical 
retail establishments. On the other hand, Cluster 4 is 
characterized by modernity, emotional engagement, 
and allegiance to the online buying environment. 
Cluster 2 and Cluster 3 occupy an intermediary position 
on channel flexibility, though they differ in their 
priorities: Cluster 2 emphasizes quality and is 
influenced by visual material, whereas Cluster 3 is more 
concerned with value for money and price sensitivity. 
Regarding information seeking, Cluster 4 and Cluster 2 
exhibit significant adaptability to contemporary digital 
platforms (TikTok, e-commerce), but Cluster 1 
continues to depend on traditional social networks, 
while Cluster 3 employs e-commerce effectively. The 
disparities underscore the need for tailored marketing 
strategies: (a) targeted in-store methods for Cluster 1, 
(b) graphic content marketing for Clusters 2 and 4, and 
lastly (c) competitive pricing for Cluster 3. 

4. Conclusions 

This study develops the metaheuristic-based clustering 
(MBC) algorithms by running several metaheuristics. 
The comparison of simulation results shows that 
GWOClustering produces the best near-optimal 
clustering, with an average Silhouette score of 0.7491, 
indicating strong cluster formation. In addition, 
GWOClustering significantly outperforms Kmeans 
with relatively low runtime requirements. Furthermore, 
in the customer segmentation dataset obtained from 
Bintang Sepatu Purwokerto MSME, the 
GWOClustering simulation yielded four clusters, with 
relatively uniform distribution.  

The analysis of each cluster's characteristics indicates 
the need for distinct marketing strategies for this 
MSME. Marketing based on offline purchasing 
services, store conditions, and product layout is 
appropriate for consumers in Cluster 1. Meanwhile, 
digital marketing with attractive, informative graphic 
content is suitable for consumers in Clusters 2 and 4. 
Furthermore, strategies with competitive pricing, 
discounts, or bundling strategies are appropriate for 
Cluster 3. The simulation code of this study is presented 
at the link https://github.com/ridho-cell/Metaheuristic-
based-clustering-algorithm 
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