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Apparel Micro, Small, and Medium Enterprises (MSMESs) generate substantial sales
data that remains largely underutilised for strategic decision-making. This study
applies K-Means Clustering within the Cross-Industry Standard Process for Data
Mining (CRISP-DM) framework to analyse 360 sales records (2021-2023) across
three key variables: quantity sold, unit price, and total turnover. Using the Silhouette
Score (k=2, score=0.42) to determine the optimal cluster count, the analysis
identified two distinct product segments: Cluster 0 (high-performing products with
elevated sales volume, premium pricing, and substantial turnover) and Cluster 1
(standard products with lower sales volume, reduced pricing, and modest turnover).
The principal contribution of this study is a structured, replicable CRISP-DM-based
product segmentation methodology tailored for resource-constrained apparel
MSMEs, offering a practical data-driven alternative to intuition-based decision-
making. The findings provide actionable guidance for inventory optimisation and
differentiated marketing strategies. Future work may extend the framework by
incorporating external variables such as seasonal trends or customer demographics
to refine segmentation precision.

Keywords: K-Means Clustering, CRISP-DM, Sales Analysis, Apparel MSME, Data
Mining, Silhouette Score.

INTRODUCTION

Micro, Small, and Medium Enterprises (MSMESs) constitute a vital component of the Indonesian economy,
contributing significantly to employment generation, poverty alleviation, and economic growth (Indonesia, 2008;
Ramadani et al., 2025). The apparel sector, in particular, represents a substantial portion of MSMEs in Indonesia,
characterized by diverse product offerings, fluctuating market demands, and intense competition. Despite their
economic importance, many apparel MSMEs operate with limited analytical capabilities, relying predominantly
on intuition and experience rather than data-driven insights for strategic decision-making (Abdul-Azeez et al.,
2024). This reliance on traditional approaches often results in suboptimal inventory management, inefficient
marketing strategies, and missed opportunities for business growth.

In the contemporary business landscape, data has emerged as a critical asset for organizational success.
Apparel MSMEs frequently generate substantial volumes of sales data encompassing information about products
sold, quantities, pricing, and revenue. However, this data often remains underutilized, stored in disparate systems
without systematic analysis or strategic application (Dewata et al., 2020). The inability to extract meaningful
insights from sales data represents a significant competitive disadvantage, particularly in an era where data-driven
decision-making has become imperative for sustainable business performance (Abdul-Azeez et al., 2024). This
gap between data availability and data utilization presents both a challenge and an opportunity for MSMEs seeking
to enhance their operational efficiency and market competitiveness.

Data mining techniques offer promising solutions for transforming raw sales data into actionable business
intelligence. Among various data mining methodologies, clustering algorithms have demonstrated particular
effectiveness in identifying patterns and grouping similar entities based on their characteristics (Wei et al., 2024).
Clustering enables businesses to segment their product portfolios, customer bases, or operational processes into
distinct groups that exhibit homogeneous properties within clusters while maintaining heterogeneity between
clusters. This segmentation capability facilitates more nuanced understanding of business dynamics and supports
targeted strategic interventions (Wani et al., 2023).
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K-Means clustering has emerged as one of the most widely adopted unsupervised machine learning algorithms
for customer and product segmentation across various industries (Ma, 2024; Salsabila et al., 2025). The algorithm's
popularity stems from its computational efficiency, scalability, and interpretability, making it particularly suitable
for MSME contexts where technical resources may be limited. K-Means operates by partitioning a dataset into K
distinct clusters, where each observation belongs to the cluster with the nearest mean value, serving as the cluster's
centroid (Harmain et al., 2022). The algorithm iteratively refines cluster assignments until convergence, resulting
in well-defined groups that minimize within-cluster variance while maximizing between-cluster separation.

Numerous studies have demonstrated the effectiveness of K-Means clustering in retail and e-commerce
contexts. Huang et al. (2020) successfully applied K-Means combined with the RFM (Recency, Frequency,
Monetary) model for customer segmentation, enabling businesses to identify high-value customer segments and
tailor marketing strategies accordingly. Similarly, Siagian et al. (2021) employed K-Means with an extended
LRFM model (Length, Recency, Frequency, Monetary) for e-commerce customer segmentation, demonstrating
improved targeting capabilities. In the Indonesian context, Jordy et al. (2023) utilized K-Means with RFM analysis
for customer value segmentation at AVANA Indonesia, yielding actionable insights for customer relationship
management. Furthermore, Nugroho et al. (2024) applied K-Means clustering to sales transaction data,
successfully identifying distinct customer segments that informed targeted marketing initiatives.

While customer segmentation has received considerable attention in the literature, product segmentation using
clustering techniques represents an equally valuable yet less explored application domain. Haris Munandar (2024)
demonstrated the application of K-Means for selecting superior products in retail environments, highlighting the
algorithm's capability to differentiate product performance based on sales metrics. Product segmentation enables
businesses to identify star performers, underperforming items, and products requiring strategic intervention,
thereby facilitating more efficient inventory management and resource allocation (Barrera et al., 2023). This
approach proves particularly relevant for apparel MSMEs that typically manage diverse product portfolios with
varying performance characteristics.

The successful implementation of data mining initiatives requires not only appropriate algorithmic selection
but also systematic methodological frameworks that ensure rigor and reproducibility. The Cross-Industry Standard
Process for Data Mining (CRISP-DM) has emerged as the de facto standard methodology for data mining projects,
providing a structured approach that encompasses business understanding, data understanding, data preparation,
modeling, evaluation, and deployment phases (Nursahid et al., 2025). This comprehensive framework ensures that
analytical projects remain aligned with business objectives while maintaining technical rigor throughout the
process. The CRISP-DM methodology has been successfully applied across various domains, demonstrating its
versatility and effectiveness in translating business problems into data mining solutions.

A critical component of any data mining initiative involves data preprocessing and preparation. The quality
of clustering results depends fundamentally on the quality and appropriateness of input data (Nursahid et al., 2025).
Data normalization, in particular, plays a crucial role in K-Means clustering, as the algorithm's distance-based
mechanism can be unduly influenced by variables with larger scales (Harmain et al., 2022). Several normalization
techniques exist, including min-max normalization, z-score standardization, and decimal scaling, each with distinct
characteristics and appropriate use cases. The selection of normalization method can significantly impact
clustering outcomes, necessitating careful consideration based on data characteristics and analytical objectives.

One of the primary challenges in K-Means clustering involves determining the optimal number of clusters.
Unlike supervised learning methods where target variables guide model training, clustering algorithms require
practitioners to specify the number of clusters a priori or through systematic evaluation (Nasution & Hasibuan,
2020). Several methods have been proposed for optimal cluster determination, including the Elbow method, which
identifies the point where adding additional clusters yields diminishing returns in variance reduction, and the
Silhouette Score, which measures cluster cohesion and separation (Hidayati et al., 2021). The Silhouette Score,
ranging from -1 to 1, provides a comprehensive assessment of clustering quality, with higher values indicating
better-defined clusters. This metric has gained widespread adoption due to its intuitive interpretation and
computational efficiency.

While K-Means clustering offers numerous advantages, alternative clustering algorithms warrant
consideration for specific use cases. K-Medoids clustering, for instance, utilizes actual data points as cluster centers
rather than computed means, providing greater robustness to outliers (Afari, 2023; He et al., 2022). Several studies
have conducted comparative analyses between K-Means and K-Medoids algorithms, yielding mixed results
depending on dataset characteristics and evaluation criteria (Fahrudin & Rindiyani, 2024; Mirantika & Rijanto,
n.d.; Syamfithriani et al., 2023). Agustin et al. (2025) demonstrated that K-Medoids can achieve superior
performance in retail customer segmentation when outliers are prevalent. Similarly, Henderi et al. (2024)
optimized the Davies-Bouldin index through K-Medoids application, highlighting the algorithm's potential for
improved cluster compactness and separation. Nevertheless, K-Means typically exhibits superior computational
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efficiency, particularly for large datasets, making it the preferred choice for many business applications (Mirantika
& Rijanto, 2024).

The integration of clustering algorithms with established business frameworks enhances their practical utility.
The RFM model, which segments customers based on Recency of purchase, Frequency of transactions, and
Monetary value, has been extensively combined with clustering techniques to yield actionable customer insights
(Aslantas et al., 2023; Serwah et al., 2023). Farisi and Supatmi (2024) successfully implemented K-Means
clustering with RFM attributes to enhance donor retention at Masjid Nusantara, demonstrating the approach's
applicability beyond commercial contexts. Maniyara et al. (2024) utilized RFM-based ranking techniques for
effective customer segmentation, while Yunita et al. (2025) employed K-Means clustering with RFM metrics to
develop targeted marketing strategies. These studies collectively demonstrate the synergistic potential of
combining analytical techniques with domain-specific frameworks to generate business value.

Beyond customer and product segmentation, clustering techniques have found applications in diverse business
contexts. Janardhanan and Muthalagu (2020) applied machine learning algorithms, including clustering methods,
for market segmentation aimed at profit maximization. Niu (2021) developed an intelligent evaluation model
combining K-Means and Self-Organizing Maps (SOM) algorithms for e-commerce transaction volume
assessment, demonstrating the potential for algorithmic integration. Hung and Dat (2020) employed dynamic time
warping distance metrics for customer behavior clustering based on balance history, illustrating advanced distance
measure applications. These innovative applications underscore the versatility of clustering methodologies and
their potential for addressing complex business challenges across various domains.

The transformation of raw data into business intelligence represents a critical capability for modern
organizations. Hadad and Keren (2022) developed a decision-making support system module incorporating
customer segmentation and ranking capabilities, exemplifying how clustering outputs can be integrated into
broader decision support frameworks. This integration enables real-time or near-real-time analytical capabilities
that support agile decision-making processes. Yu (2022) implemented a weighted naive Bayes algorithm for real-
time sales forecasting in smart city e-commerce contexts, highlighting the convergence of clustering, classification,
and predictive analytics techniques. These developments suggest a trajectory toward increasingly sophisticated
analytical ecosystems that leverage multiple algorithmic approaches synergistically.

Despite the demonstrated potential of data mining techniques, their implementation in MSME contexts
presents unique challenges. Resource constraints, including limited technical expertise, computational
infrastructure, and financial capital, can impede adoption of sophisticated analytical approaches. Furthermore, data
quality issues, including incomplete records, inconsistent formats, and measurement errors, frequently plague
MSME data systems, potentially compromising analytical outcomes (Dewata et al., 2020). The absence of
standardized data collection and management practices exacerbates these challenges, necessitating substantial data
cleaning and preprocessing efforts prior to analytical application. Additionally, the interpretation and
operationalization of analytical insights require business acumen and domain knowledge that may not always be
readily available in MSME settings.

Despite the extensive literature on clustering techniques in retail and e-commerce, three specific gaps remain
unaddressed. First, the majority of studies focus on customer segmentation (e.g., using RFM models) rather than
product performance categorisation; studies that do examine product-level clustering predominantly target large
retail or e-commerce platforms with abundant data and technical resources. Second, the apparel MSME sector in
Indonesia represents a structurally distinct operational context characterised by limited data infrastructure, small
transaction volumes, and constrained analytical capacity—conditions that have not been specifically examined in
prior product segmentation research. Third, while CRISP-DM has been validated in various domains, its explicit
application as a structuring framework for data mining initiatives in Indonesian MSME settings remains scarce,
with Nursahid et al. (2025) being one of the few examples and focused on healthcare classification rather than
business segmentation. This study directly addresses all three gaps by applying K-Means clustering within the full
CRISP-DM pipeline to product sales data from an Indonesian apparel MSME. In doing so, it offers two distinct
contributions not found in combination in prior work: (1) a methodological contribution demonstrating the
feasibility and effectiveness of CRISP-DM as a systematic guide for data mining in resource-constrained MSME
environments, and (2) a substantive contribution providing empirical evidence of identifiable product performance
tiers in the apparel sector that can directly inform inventory and marketing decisions without requiring specialist
analytical infrastructure.

This study aims to address the identified research gap by examining sales data from an apparel MSME using
K-Means clustering within the CRISP-DM framework. The specific research objectives include: (1) to
systematically analyze apparel sales data following CRISP-DM methodology, encompassing business
understanding, data understanding, data preparation, modeling, evaluation, and deployment phases; (2) to
determine the optimal number of product clusters based on sales performance metrics using the Silhouette Score
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evaluation criterion; (3) to identify and characterize distinct product performance segments based on sales volume,
unit price, and total turnover; and (4) to translate analytical findings into actionable recommendations for
marketing strategy development and inventory management optimization. By achieving these objectives, this
research seeks to demonstrate how data mining techniques can be effectively applied in MSME contexts to
generate practical business value.

The anticipated contributions of this research encompass both theoretical and practical dimensions. From a
theoretical perspective, this study extends the application of the CRISP-DM framework to Indonesian MSME
contexts, providing insights into methodological adaptation for resource-constrained environments. Additionally,
the research contributes to the growing body of literature on product segmentation using clustering techniques,
complementing the predominant focus on customer segmentation in existing studies. From a practical standpoint,
this research provides apparel MSME stakeholders with a systematic approach to sales data analysis that can
inform strategic decision-making regarding product portfolio management, pricing strategies, and inventory
optimization. The demonstration of accessible analytical techniques suitable for MSME implementation may
encourage broader adoption of data-driven decision-making practices in this critical economic sector.

The remainder of this paper is structured as follows: The Literature Review section provides a comprehensive
examination of relevant theoretical foundations and empirical studies, encompassing CRISP-DM methodology,
K-Means clustering algorithms, evaluation metrics, and applications in retail and e-commerce contexts. The
Method section details the research design, data collection procedures, preprocessing techniques, clustering
implementation, and evaluation approaches employed in this study. The Result section presents the findings from
each CRISP-DM phase, including data exploration outcomes, optimal cluster determination, and cluster
characterization. The Discussion section interprets these findings in relation to existing literature, explores their
business implications, acknowledges research limitations, and proposes directions for future research. Finally, the
Conclusion section synthesizes the key findings and their implications for apparel MSME management and data
mining practice.

LITERATURE REVIEW

The Cross-Industry Standard Process for Data Mining (CRISP-DM) provides a comprehensive framework for
structuring data mining projects, encompassing six sequential phases: business understanding, data understanding,
data preparation, modeling, evaluation, and deployment. This methodology ensures systematic alignment between
analytical activities and organizational objectives while maintaining technical rigor throughout the process
(Nursahid et al., 2025). The framework's versatility has been demonstrated across diverse domains, from healthcare
applications in heart disease classification (Nursahid et al., 2025) to retail analytics and customer segmentation
initiatives. The business understanding phase establishes project objectives and success criteria, while data
understanding involves exploratory analysis to assess data quality and identify patterns. Data preparation, often
the most time-intensive phase, encompasses data cleaning, transformation, and feature engineering activities
essential for effective modeling. The modeling phase applies selected algorithms, followed by rigorous evaluation
against predetermined criteria, and culminates in deployment where insights are operationalized into business
processes (Hidayat, 2025).

K-Means clustering represents a foundational unsupervised learning algorithm that partitions data into K distinct
groups by minimizing within-cluster variance. The algorithm operates iteratively, initially selecting K random
centroids, assigning each data point to its nearest centroid based on Euclidean distance, recalculating centroids as
the mean of assigned points, and repeating until convergence or maximum iterations are reached (Harmain et al.,
2022; Salsabila et al., 2025). The computational efficiency and scalability of K-Means have contributed to its
widespread adoption in business analytics, particularly for customer and product segmentation applications.
However, the algorithm exhibits sensitivity to initial centroid selection, potentially converging to local optima
rather than global solutions (Nasution & Hasibuan, 2020). Various initialization strategies, including K-Means++
and multiple random initializations with selection of the best outcome, have been proposed to mitigate this
limitation. Data normalization emerges as a critical preprocessing step, as K-Means' distance-based mechanism
can be disproportionately influenced by variables with larger scales, necessitating standardization techniques such
as min-max normalization or z-score standardization to ensure equitable feature contribution (Harmain et al.,
2022).

Determining the optimal number of clusters constitutes a fundamental challenge in unsupervised clustering
applications. The Silhouette Score has emerged as a prominent evaluation metric, quantifying both cluster cohesion
(how similar objects are within the same cluster) and separation (how distinct clusters are from each other), with
values ranging from -1 to +1 where higher scores indicate better-defined clusters (Hidayati et al., 2021).
Alternative metrics include the Davies-Bouldin Index, which measures the average similarity ratio of each cluster
with its most similar cluster, with lower values indicating better clustering (Henderi et al., 2024), and the Elbow
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method, which plots within-cluster sum of squares against the number of clusters to identify the point of
diminishing returns. Comparative analyses have demonstrated that different validation metrics may yield divergent
optimal cluster numbers for identical datasets, necessitating domain knowledge and business context to guide final
selection. The Silhouette Score's intuitive interpretation and consideration of both cohesion and separation have
contributed to its preference in practical applications, particularly in business contexts where stakeholder
communication of analytical results is essential (Hidayati et al., 2021).

Empirical applications of K-Means clustering in retail and e-commerce contexts have demonstrated substantial
business value across customer segmentation, product categorization, and market analysis domains. Huang et al.
(2020) successfully integrated K-Means with the RFM model for customer segmentation, enabling targeted
marketing strategies based on customer value tiers. Similarly, Siagian et al. (2021) employed an extended LRFM
framework combined with K-Means for e-commerce customer classification, yielding actionable insights for
customer relationship management. In the Indonesian MSME context, Jordy et al. (2023) applied K-Means
clustering with RFM analysis at AVANA Indonesia, successfully identifying distinct customer value segments
that informed strategic marketing initiatives. Product-focused applications include Haris Munandar's (2024)
superior product selection methodology using K-Means and K-Medoids algorithms, which enabled systematic
identification of high-performing products based on sales metrics. Ma (2024) demonstrated K-Means'
effectiveness in optimizing marketing strategies for tobacco companies through data-driven customer insights,
while Niu (2021) developed an intelligent e-commerce transaction volume evaluation model combining K-Means
with Self-Organizing Maps. These diverse applications underscore clustering algorithms' versatility in generating
actionable business intelligence from transactional data (Hidayat, 2026).

Comparative studies examining K-Means against alternative clustering algorithms, particularly K-Medoids,
have yielded nuanced insights regarding algorithmic selection criteria. K-Medoids utilizes actual data points as
cluster centers rather than computed means, providing enhanced robustness to outliers and noise (Afari, 2023; He
et al., 2022). Fahrudin and Rindiyani (2024) conducted systematic comparisons of K-Means and K-Medoids for
RFM-based customer segmentation, finding that optimal algorithm selection depends on dataset characteristics
and business priorities. Agustin et al. (2025) demonstrated K-Medoids' superior performance in retail customer
segmentation when outliers are prevalent, while Mirantika and Rijanto (2024) found K-Means exhibited better
computational efficiency for large datasets. The integration of clustering algorithms with the RFM model has
proven particularly effective, with studies by Aslantas et al. (2023), Serwah et al. (2023), and Maniyara et al.
(2024) demonstrating enhanced customer segmentation accuracy through combined approaches. Yunita et al.
(2025) successfully employed K-Means with RFM metrics for developing targeted marketing strategies, while
Farisi and Supatmi (2024) extended the application to non-commercial contexts, improving donor retention
through data-driven segmentation. These findings collectively indicate that effective clustering implementation
requires careful consideration of algorithm characteristics, data properties, and business objectives to achieve
optimal outcomes.

METHOD

This research utilizes sales data from a convection MSME (Micro, Small, and Medium Enterprise) spanning
the period from 2021 to 2025. The dataset comprises 360 transaction records featuring six attributes: Year, Month,
Product, Quantity Sold, Unit Price, and Turnover. The analysis focuses on three core variables—Quantity Sold,
Unit Price, and Turnover—as they are considered the most representative indicators of sales performance. Quantity
Sold reflects consumer demand, Unit Price relates to pricing strategies affecting competitiveness, and Turnover
represents the resulting financial contribution. By examining these three variables, product performance can be
analyzed in terms of sales volume, economic value, and pricing strategy. The dataset specifications are summarized
in Table 1.

Table 1
Research Dataset Specifications

Attribute Data Type Description
Year Integer Sales year (2021-2025)
Month Integer Sales month (1-12)
Product String Name of the convection product
Quantity Sold  Integer Number of products sold
Unit Price Integer Price per unit (Rp)
Turnover Integer Total revenue (Rp)
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Figure 1. Research Stages with the CRISP-DM Approach

In the business understanding stage, the main research objective was determined: to group MSME convection

products based on their sales performance. The grouping results are expected to be used by MSMEs to develop
more targeted marketing strategies and support more efficient inventory management. Therefore, the decision-
making process is no longer based solely on intuition, but also on objective data.
The data understanding stage involves an initial analysis of the dataset to obtain a comprehensive overview of the
data characteristics. The exploration process is carried out by calculating descriptive measures such as the average,
minimum, and maximum values for each variable. Furthermore, the data distribution is examined through simple
visualizations to detect trends and potential anomalies. The results of this exploration are crucial because they will
form the basis for further modeling.

The data preparation stage involves cleaning the dataset to address missing values and potential
inconsistencies. Then, relevant core variables are selected: Quantity Sold, Unit Price, and Turnover. To ensure
these variables can be analyzed in a balanced manner, normalization was performed using the StandardScaler.
This normalization process is necessary because turnover has a much larger scale than the quantity sold or unit
price, and without adjustment, it can dominate the clustering results [13]. The next stage is modeling, which is
performed using the K-Means Clustering algorithm. This algorithm was chosen because it works efficiently in
handling relatively large datasets and produces easily interpretable clustering [14].

The modeling process was carried out by testing several variations in the number of clusters, ranging from & =
2 to k = 10, to find the clustering structure that best fits the data. The random_state parameter was set to ensure
consistent replication of the results, while n_init was used to minimize the influence of the initial centroid selection.
Mathematically, the K-Means algorithm aims to minimize the distance between the data and the cluster center
[15], as shown in Equation 1.

J =35 Tec |2 — wil|” (1)

The evaluation phase is conducted to assess the quality of the clustering results. This evaluation utilizes the
Silhouette Score metric, which measures the proximity of data points to their assigned cluster relative to other
clusters. Silhouette values range from -1 to 1; a value approaching 1 indicates superior cluster separation, while a
value near 0 suggests overlapping clusters. The final stage is deployment, where the analytical results are presented
through summary tables and various visualizations. These visualizations include two-dimensional scatterplots to
illustrate data distribution across clusters, three-dimensional plots to depict inter-variable interactions, and
heatmaps to display the mean value differences for each cluster. All visualizations are provided in the Results and
Discussion section to support the interpretation of the identified patterns.

The methodology applied in this study is designed to yield systematic analytical results, yet it possesses certain
constraints. The primary limitations include a relatively small number of variables and the reliance on a single
evaluation metric. Consequently, the obtained results should be interpreted with caution, taking these limitations
into account.
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RESULT
The research dataset consists of 360 sales records from a convection MSME collected over the 2021-2023
period, focusing on three primary variables: Quantity Sold, Unit Price, and Turnover. The descriptive statistics for
these variables are presented in Table 2.

Table 2
Descriptive Statistics of Research Variables

Variable Minimum Maximum Mean Standard Deviation
Quantity Sold 22 994 514.36 280.08

Unit Price 50,106 249,551 150,979.02 59,447.19

Turnover 1,852,470 240,096,100 78,812,390 55,741,820

Based on Table 2, it is evident that product turnover varies significantly, as indicated by the high standard
deviation value. This suggests the presence of top-performing products that contribute much more substantially
than others. To determine the most appropriate number of clusters, the Silhouette Score was calculated for a range
of k =2 to k = 10. The test results are illustrated in Figure 2.

Silhouette Score for Different Numbers of Clusters
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Figure 2. Silhouette Score for various numbers of clusters

As shown in Figure 2, the highest value was obtained at k = 2 with a score of 0.4202. Consequently, the number
of clusters used in this analysis is two. The details for each cluster are presented in Table 3 below :

Table 3
Silhouette Score for each Cluster

Cluster (k) Silhouette Score
2 0.4202
0.3939
0.4164
0.4001
0.3824
0.3729
0.3821
0.3921
0.3928
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After the clustering process, a summary of the characteristics of each cluster was obtained as shown in Table 4.

Table 4
Average Variables in Each Cluster
Cluster Total Sold Unit Price Turnover
(Average) (Average) (Average)
0 742.07 178,190.04 128,102,800
1 315.11 127,169.38 35,683,260

According to Table 4, Cluster 0 represents high-performing data with higher sales, premium pricing, and
substantial turnover, whereas Cluster 1 shows lower values across these metrics. The clustering outcomes are
further detailed through various visualizations: Figure 3 (scatterplot) displays data distribution, Figure 4 shows 3D
variable relationships, and Figure 5 (heatmap) compares the mean of each variable between clusters.

Clustering Products based on Number Sold & Revenue
2.5

Cluster

e 0 . °
1

2.04

Revenue
.
.
-
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0 200 400 600 800 1000
Niimher Sald

Figure 3. Scatterplot of clustering results based on number of items sold and turnover

3D Visualization of Clusters

Cluster

Figure 4. Three-dimensional visualization of clustering results
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Average Characteristics of Each Cluster
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Figure 5. Heatmap of the average characteristics of each cluster

DISCUSSIONS

The clustering results indicate that convective MSME goods are categorised into two groups with unique
characteristics. Cluster 0 consists of high-revenue products characterised by comparatively elevated prices and
substantially greater turnover. These can be classified as premium products; although they do not prevail in
quantity, their impact on corporate revenue is significant. In contrast, Cluster 1 comprises products characterised
by low sales volume, reduced pricing, and modest turnover, designated as regular products that sustain sales
diversity and market accessibility. This interpretation corresponds with Kotler’s market segmentation theory,
wherein categorising products into discrete categories facilitates more efficient marketing techniques. Premium
items can be strategically positioned to elevate brand image and cultivate consumer loyalty via value-added
services. Simultaneously, conventional items may be subjected to market penetration techniques, including
bundling or discount campaigns, to attain a wider client demographic. Moreover, these findings align with the
Pareto Principle (80/20 rule), indicating that a limited fraction of items usually accounts for the majority of
revenue. In this study, Cluster 0 serves as the income foundation, whereas Cluster 1 sustains transaction volume.
Consequently, both organisations provide complementary functions in promoting company sustainability. In
comparison to prior research on retail MSMEs, these findings reveal notable disparities between high and low-
turnover items. This research provides a competitive advantage by employing the CRISP-DM paradigm,
facilitating a methodical analysis from business comprehension to implementation. Notwithstanding its
advantages, the Silhouette Score of 0.42 signifies that the quality of the clusters remains suboptimal. Future
investigations may include external variables, like seasonal trends or distribution channels, and evaluate outcomes
utilising various techniques such as DBSCAN or Hierarchical Clustering.

CONCLUSION

This study demonstrates that K-Means Clustering, structured within the CRISP-DM framework, can effectively
convert raw sales data into actionable product intelligence for apparel MSMEs. With an optimal Silhouette Score
of 0.42 at k=2, the analysis produced two well-differentiated clusters: high-performing products with elevated
sales volume, premium pricing, and substantial turnover (Cluster 0), and standard products with lower values
across all three dimensions (Cluster 1). The principal contribution of this work is methodological: it establishes a
structured, accessible, and replicable data mining pipeline suitable for resource-constrained MSME
environments—one that does not require specialist infrastructure and can be directly operationalised for product
portfolio management and inventory optimisation. From a practical standpoint, the two-cluster segmentation
provides a clear basis for differentiated business strategies: premium products warrant investment in quality
maintenance and brand reinforcement, while standard products are suited to volume-driven approaches such as
bundling and competitive pricing. Future research should extend the framework by incorporating additional
variables—such as seasonal patterns, regional demand, or promotional activity—and explore alternative
algorithms such as DBSCAN or hierarchical clustering to assess whether richer segmentation structures can be
identified in similar MSME datasets.
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