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Batik Small and Medium Enterprises (SMEs) play a strategic role in the economy and cultural preservation 
in Indonesia, yet exhibit varying levels of organizational performance. This heterogeneity demands a more 
objective and data-driven segmentation approach so that development strategies and policies can be 
implemented effectively. This study aims to segment Batik SMEs based on organizational performance using 
the K-Means clustering method. Primary data were obtained through a structured questionnaire survey of 56 
Batik SMEs, with organizational performance indicators covering operational and financial performance. 
All data were normalized using StandardScaler to ensure scale equality between variables. The optimal 
number of clusters was determined using the Elbow method and the silhouette coefficient. The analysis 
results showed that a two-cluster configuration was the optimal solution with the highest silhouette 
coefficient value. The K-Means model resulted in two segments of Batik SMEs with significantly different 
organizational performance characteristics: SMEs with low organizational performance and SMEs with high 
organizational performance. Centroid value analysis and cluster visualization confirmed clear cluster 
separation and a good level of internal homogeneity. These findings indicate that segmenting Batik SMEs 
based on organizational performance using an unsupervised learning approach is effective in uncovering the 
structure of performance heterogeneity. This research contributes to providing a data-driven segmentation 
framework that can be utilized as a tool to support managerial decision-making and policy formulation to 
sustainably improve the performance and competitiveness of Batik SMEs. 
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1. Introduction 

Small and Medium Enterprises (SMEs) play a strategic 
role in the global economy due to their contribution to job 
creation, economic growth, and strengthening local industrial 
structures. In many developing countries [1], SMEs also serve 
as key drivers of creative and culture-based industries. In the 
Indonesian context, Batik SMEs function not only as economic 
entities but also as guardians of cultural heritage, possessing 
strong social, historical, and national identity values. However, 
the dynamics of market competition, changing consumer 
preferences, and resource constraints require Batik SMEs to 
maintain adaptive and sustainable organizational performance 
to survive and thrive. 

Academically, organizational performance is viewed as a 
multidimensional concept reflecting an organization's ability to 
effectively achieve operational and financial goals. Operational 
performance reflects the extent to which SMEs are able to 
maintain productivity, product quality, customer satisfaction, 
timely delivery, and market position, while financial 
performance reflects the organization's ability to manage profit 
growth, revenue, and investment. In practice, the organizational 
performance of Batik SMEs shows considerable variation, with 
some SMEs achieving relatively high performance, while 
others still face various operational and financial limitations. 
This variation indicates heterogeneity in performance that 
requires a more systematic understanding. 

However, approaches to developing and fostering batik 
SMEs are generally uniform and do not fully consider the 
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differences in organizational performance characteristics 
between SMEs [2], [3]. This situation has the potential to cause 
performance improvement strategies and implemented policies 
to be less than targeted. From a research perspective, previous 
studies on SMEs have largely used causal analysis approaches 
to identify factors influencing organizational performance, but 
relatively few have utilized organizational performance as the 
primary basis for SME segmentation. Consequently, empirical 
and data-driven mapping of batik SMEs based on operational 
and financial performance profiles remains limited [4]. 

Developments in data analytics and machine learning offer 
an opportunity to address these limitations through 
unsupervised learning approaches, specifically clustering 
methods [5]. The K-Means algorithm allows grouping SMEs 
into relatively homogeneous clusters based on similar 
performance characteristics, without requiring initial 
assumptions about the data structure. This approach is relevant 
for uncovering latent patterns and structural heterogeneity in 
organizational performance that cannot be fully captured by 
conventional analysis methods. 

Based on this background, this study aims to segment 
batik SMEs based on organizational performance using the K-
Means clustering method [6]. By utilizing operational and 
financial performance indicators, this study attempts to identify 
the cluster profiles of batik SMEs with distinct performance 
characteristics [7]. The main contribution of this study lies in 
providing a data-driven, performance-based segmentation 
framework for organizations, which not only enriches academic 
studies on SMEs and organizational performance but also 
provides an empirical basis for formulating more targeted 
managerial strategies and policies to improve the performance 
and competitiveness of batik SMEs in a sustainable manner. 

Unlike previous clustering based studies on Batik SMEs, 
which primarily focused on innovation adoption, cleaner 
production practices, or marketing strategies, this study 
introduces a performance-based segmentation framework 
centered explicitly on Organizational Performance (OP). The 

novelty of this research lies in integrating two core dimensions 
Operational Performance (OPF) and Financial Performance 
(FP) as the primary clustering attributes rather than treating 
performance merely as an outcome variable in causal analysis. 
By positioning organizational performance as the main 
segmentation basis, this study shifts the analytical perspective 
from factor-driven explanations toward structural performance 
mapping. This approach provides a more comprehensive 
understanding of heterogeneity among Batik SMEs and offers 
a distinct contribution to both SME performance research and 
data-driven segmentation methodologies. 

 

2. Research methods 

2.1 Data Collection 

This study aims to segment Batik Small and Medium 
Enterprises (SMEs) based on organizational performance using 
the K-Means clustering approach [8]. The data collection 
method used was primary data obtained through a structured 
questionnaire survey, developed based on a literature review 
related to organizational performance in SMEs. 

The questionnaire was designed to capture Batik SMEs' 
perceptions of their organization's operational and financial 
performance, as shown in Table 1. Variable Definition. The 
Organizational Performance (OP) construct is measured 
through two main dimensions: Operational Performance (OPF) 
and Financial Performance (FP). The operational performance 
dimension reflects the ability of Batik SMEs to achieve 
productivity targets, maintain customer satisfaction, ensure 
product quality, timely delivery, and position products in the 
market [9]. Meanwhile, the financial performance dimension 
represents the organization's ability to monitor and achieve 
profit and revenue growth, as well as evaluate investment 
benefits. The operational and financial performance indicators 
in Table 1 were adapted from established organizational and 
SME performance literature by Achmad et al [3].

 
Table 1.  
Variable Definition 

Construct Indicator Code Description 
Organizational 
Performance (OP) 

Operational 
Performance (OPF) 

OPF1 Our organization consistently achieves its productivity targets over the past year 
OPF2 Our organization ensures customer satisfaction with the products and services provided 
OPF3 The quality of products produced by our organization meets established standards 
OPF4 Our organization delivers products and services to customers on time 
OPF5 Our organization’s products dominate the market 

Financial Performance 
(FP) 

FP1 Our organization monitors net profit trends as a key performance indikator 
FP2 Our organization evaluates revenue growth as a critical measure of success 
FP3 Our organization has achieved consistent net profit growth over the past year 
FP4 Our organization has consistently experienced revenue growth over the past year 
FP5 Our organization compares investment values with the benefits gained from those investments 

In the context of the Batik industry, the selection of OPF1 
- OPF5 and FP1 - FP5 indicators is highly relevant due to the 
labor-intensive, craftsmanship-based, and quality-driven nature 
of Batik SMEs. Operational indicators such as productivity, 
customer satisfaction, product quality, timely delivery, and 
market positioning reflect the ability of Batik SMEs to compete 
through authenticity, service reliability, and market 
differentiation rather than price alone. Meanwhile, financial 
indicators including profit monitoring, revenue growth, and 
investment evaluation capture key aspects of financial 

sustainability, particularly in managing working capital and 
ensuring business continuity. Collectively, these indicators 
provide a comprehensive representation of operational 
resilience and financial sustainability that accurately reflects 
the performance characteristics of Batik SMEs.  

The subjects of this study were Batik SMEs operating in 
the research area. The primary respondents in this study were 
the owners or managers of Batik SMEs, who were deemed to 
have a comprehensive understanding of the operational and 
financial conditions of their businesses. The sampling 
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technique used was purposive sampling, with the criteria being 
Batik SMEs that were still actively producing and had been 
operating for at least two years. This resulted in 56 respondents 
who were deemed capable of providing objective assessments 
of organizational performance indicators. 

The research instrument used a Likert scale, where 
respondents were asked to rate each indicator based on its level 
of implementation within their organization. All indicators in 
this study were numeric, thus meeting the requirements for 
analysis using data-driven clustering methods, specifically the 
K-Means algorithm. This approach allows for the grouping of 
batik SMEs into segments with relatively homogeneous 
organizational performance characteristics. 

The use of operational and financial performance 
indicators in this study refers to a previous study, which 
emphasized the importance of organizational performance as a 
basis for mapping and strategic decision-making in SMEs. 
Therefore, the data collected is expected to provide a 
comprehensive picture of the performance profile of batik 
SMEs as a basis for organizational performance-based 
segmentation. 

 

2.2 K-Means clustering 

This study used the K-Means clustering method, a type of 
unsupervised learning, to segment batik SMEs based on 
organizational performance. This method was chosen because 
of its ability to group numerical data into clusters based on the 
degree of similarity in characteristics between objects. All 
organizational performance indicators used in this study are 
quantitative, making them suitable for analysis using the K-
Means algorithm. 

The analysis process was conducted using the Python 
programming language on the Google Colab platform, which 
provides a collaborative computing environment and 
comprehensive data analysis libraries, such as NumPy, Pandas, 
and Scikit-learn. Using this platform allows for systematic, 
replicable, and efficient data analysis [10]. 

In general, the K-Means algorithm works by determining 
the initial number of clusters (K) and then randomly assigning 
an initial centroid. Each observation is then allocated to the 
cluster closest to the centroid using Euclidean distance. This 
process is carried out iteratively until the centroid position 
reaches a stable state and does not experience significant 
changes. 
 

Mathematically, the centroid value for each cluster is 
determined based on the average of all data in that cluster, 
which can be formulated as follows: 

 
where Ci is the centroid of the i-th cluster, M is the number of 
data points in the cluster, and xj is the value of the j-th 
observation. 
 

The distance between each data point and the centroid is 
calculated using the Euclidean distance, which is formulated as: 

 
Each data point is then allocated to a cluster with the 

minimum distance from the centroid, resulting in the most 
homogeneous data grouping within the cluster and the least 
heterogeneous between clusters. The main objective of the K-
Means algorithm is to minimize the total distance within the 
cluster (within-cluster sum of squares), which is formulated as 
follows: 

 
The cluster analysis stages in this study include data 

exploration, data preprocessing, determining the optimal 
number of clusters, building a cluster model, cluster 
visualization, and evaluating the clustering results [11]. In the 
preprocessing stage, data was normalized using the 
StandardScaler method to ensure all variables had comparable 
scales and did not dominate the clustering process. 

The optimal number of clusters was determined using the 
Elbow method and the silhouette coefficient as internal 
validation techniques. The silhouette value is used to assess the 
level of cohesion within the cluster and the separation between 
clusters, ensuring that the selected number of clusters optimally 
represents the data structure. 

After the clusters were formed, the characteristics of each 
cluster were analyzed by comparing the average values of 
operational and financial performance indicators [12]. The 
cluster interpretation results were used to map the position of 
Batik SMEs into several segments with different levels of 
organizational performance. This mapping serves as the basis 
for developing managerial and policy implications, particularly 
in designing strategies for sustainably improving the 
performance and competitiveness of Batik SMEs. 

To improve clarity and avoid redundancy, the 
methodological explanation has been streamlined by 
summarizing standard K-Means procedures and normalization 
steps while emphasizing aspects directly relevant to the 
research context. General algorithmic descriptions are 
presented concisely, allowing the focus to remain on the 
segmentation framework and its empirical application to Batik 
SMEs. 

 

3. Results and Discussion 

3.1 Exploratory Data Frame  

The Exploratory Data Analysis (EDA) stage was 
conducted to gain an initial understanding of the structure, 
distribution, and variation of Batik SME organizational 
performance data before clustering using the K-Means method 
[13]. This exploratory analysis aimed to identify general 
patterns, value trends, levels of heterogeneity, and potential 
extreme values for each operational and financial performance 
indicator. 

Based on the descriptive statistics, all variables used in 
this study had the same number of observations, namely 56 
Batik SMEs, indicating no missing data. The minimum and 
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maximum values for all indicators ranged from 1 to 6, 
consistent with the measurement scale used. This indicates that 
the data is consistent and worthy of further analysis. 

The mean value of the Operational Performance (OPF) 
indicator indicates that most Batik SMEs have relatively 
moderate to high levels of operational performance, 
particularly in productivity, customer satisfaction, product 
quality, and on-time delivery. Meanwhile, the Financial 
Performance (FP) indicator also showed a relatively high 
average value, particularly in aspects of profit monitoring, 
revenue growth, and investment evaluation [14]. This condition 
reflects the variation in financial performance levels among 
Batik SMEs. 

The standard deviation for each indicator indicates 
sufficient data variability, indicating differences in 
organizational performance characteristics among Batik SMEs. 
This variation forms an important basis for cluster analysis, as 
the K-Means method works optimally when the data has a 
sufficient level of heterogeneity [15]. Furthermore, the quartile 
values (Q1, median, and Q3) indicate a relatively even 
distribution of data, without excessive dominance of extreme 
values. 

Through this EDA stage, it can be concluded that the 
dataset meets the basic assumptions for applying distance-
based clustering methods, specifically K-Means [16]. All 
variables are numeric, have a uniform value range, and exhibit 
sufficient variation to form meaningful clusters. Therefore, 
EDA serves as an empirical foundation for the next stages: data 
preprocessing, determining the optimal number of clusters, and 
developing a K-Means model for segmenting Batik SMEs 
based on organizational performance. 

 

 
Figure 1 Data Frame Stage 

 

3.2 Data Pre-processing: Normalization 

The data preprocessing stage in this study focused on data 
normalization to ensure that all organizational performance 
indicators were on a comparable scale before conducting 
cluster analysis using the K-Means method. Normalization is a 
crucial step because the K-Means algorithm is a distance-based 
method, so variables with a wider range of values have the 
potential to dominate the clustering process if not standardized 
first. 

The normalization technique used in this study is Z-score 
standardization, implemented using the StandardScaler 
function from the scikit-learn library in the Python 
programming language [17]. This method transforms each 
variable into a standardized value with a mean of zero and a 
standard deviation of one. This process allows for fair 
comparisons between the Operational Performance (OPF) and 
Financial Performance (FP) indicators used in the study. 

Technically, the normalization process is performed by 
applying StandardScaler to all variables in the data frame. The 
normalized data is then stored back in a structured data frame 
to facilitate further analysis, including cluster modeling and 
evaluation of clustering results [18]. This implementation 
ensures that the dataset is ready to be used consistently 
throughout all stages of the analysis. 

 
Table 2.  
Standard Scaler Syntax 
StandardScaler Algorithm (sklearn library in python) 
from sklearn.preprocessing import StandardScaler 
scale=StandardScaler() 
std_atr=scale.fit_transform(df) 
std_atr=pd.DataFrame(std_atr, columns=df.columns) 
print(std_atr) 
 

The results of data normalization are visualized using 
boxplots to compare the data distribution before and after 
standardization. The visualization shows that the normalized 
variables have a relatively symmetrical distribution with a 
consistent spread around the zero value. This indicates that the 
normalization process has been effective and has successfully 
reduced the influence of scale differences between variables. 

Although several potential outliers were identified in 
Figure 2, particularly in OPF2, FP1, and FP2, these values 
remained within the valid Likert scale range (1–6) and 
represented genuine variability in respondents’ perceptions 
rather than data entry errors. Therefore, no observations were 
removed to preserve the integrity and representativeness of the 
sample. To mitigate the potential influence of extreme values 
on centroid positioning in the K-Means algorithm, Z-score 
standardization was applied. This transformation reduces scale 
disparities and minimizes the dominance of relatively extreme 
observations in the distance calculation process, thereby 
ensuring more stable and reliable clustering results. 

 

 
 

Figure 2 Box Plot Before Normalized 
 
 

 
 

Figure 3 Box Plot After Normalization 
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By applying Z-score normalization, numerical stability in 
the clustering process can be improved, resulting in more 
accurate clustering results and more reliable interpretation. 
Therefore, this preprocessing stage ensures that the dataset has 
been systematically prepared and meets the requirements for 
distance-based cluster analysis, specifically the K-Means 
algorithm, for segmenting Batik SMEs based on organizational 
performance. 

 

3.3 Model Tuning  

The model tuning stage was conducted to determine the 
optimal number of clusters that best represent the data structure 
of Batik SMEs based on organizational performance, including 
operational and financial performance [19]. Determining the 
appropriate number of clusters is a crucial step in K-Means 
analysis, as an inappropriate number of clusters can reduce 
segmentation clarity and degrade the interpretation of 
clustering results. 

In this study, the Elbow method was used by analyzing the 
Within-Cluster Sum of Squares (WCSS) values for various 
numbers of clusters. The Elbow diagram shows the relationship 
between the number of clusters and the level of compactness of 
the data within the cluster. The analysis results show that the 
WCSS value decreases significantly up to a certain number of 
clusters, then tends to level off with subsequent cluster 
additions. The point at which the curve changes, known as the 
elbow point, indicates the number of clusters that most 
efficiently represents the data without excessively increasing 
model complexity. 

To strengthen the results of the Elbow method, additional 
evaluations were conducted using the silhouette coefficient as 
a quantitative measure of cluster quality [20]. The silhouette 
coefficient measures the degree of cohesion within a cluster and 
separation between clusters, with higher values indicating a 
clearer and more well-separated cluster structure. Based on the 
test results, the highest silhouette value was obtained in the two-
cluster configuration (k = 2), indicating that grouping Batik 
SMEs into two segments provides the most optimal separation. 

 

 
Figure 4 Elbow Diagram 

 
The silhouette coefficient results are consistent with the 

findings in the Elbow diagram, where the decline in WCSS 
begins to stabilize after two clusters. The combination of these 
two methods indicates that increasing the number of clusters 
beyond two does not significantly improve cluster quality. 
Therefore, a two-cluster configuration was chosen as the 

optimal solution because it balances model simplicity and 
clustering accuracy. 

Based on the model tuning results, the Batik SMEs in this 
study can be classified into two main organizational 
performance profiles, reflecting differences in operational and 
financial performance characteristics. Determining the optimal 
number of clusters serves as the basis for the next stage of 
analysis, namely cluster interpretation and a discussion of 
managerial and policy implications based on the results of the 
organizational performance segmentation. 

 

 
Figure 5 Silhouette Coefficient 

 
Tabel 3.   
Silhouette Coefficient 

n_clusters Silhouette Coefficient 
2 0.6198966663282094 
3 0.5663406529659459 
4 0.5632278338799337 
5 0.5598390608253085 
6 0.5382267637103054 
7 0.5299332476915452 
8 0.5349640153893515 
9 0.5368141944576965 

10 0.5301458987676693 
11 0.5424119626728424 
12 0.5576369079589554 
13 0.5773703513375172 
14 0.5824049343868066 

 

3.4 Model Building  

Based on the model tuning results, which indicated that 
the optimal number of clusters was two, the next stage was to 
build a final K-Means model using the normalized data. The 
model was built by applying the K-Means algorithm to a 
standardized dataset to ensure that each organizational 
performance indicator contributes equally to the clustering 
process. 

The K-Means algorithm works by allocating each Batik 
SME to the cluster with the closest Euclidean distance to the 
centroid, then iteratively updating the centroid position until 
convergence is achieved. This process produces clusters with a 
high degree of internal homogeneity and clear separation 
between clusters, allowing for meaningful interpretation of the 
resulting segmentation. 

The K-Means model results in two main clusters 
representing the different organizational performance profiles 
of Batik SMEs. The following table presents the standardized 
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centroid values (Z-scores) for each Operational Performance 
(OPF) and Financial Performance (FP) indicator in each 
cluster. 

 
Tabel 4.  
Centroid Value Each Variable 

Variable Cluster 0 Cluster 1 
OPF1 -1.25019018 0.37796447 
OPF2 -1.62508142 0.49130368 
OPF3 -1.63536685 0.49441323 
OPF4 -1.53991773 0.46555652 
OPF5 -1.44175048 0.43587805 
FP1 -0.96932303 0.29305115 
FP2 -0.95227447 0.28789693 
FP3 -1.32470523 0.40049228 
FP4 -1.09055051 0.32970132 
FP5 -0.80622458 0.24374231 

 
Based on these centroid values, Cluster 0 is characterized 

by negative values across all indicators, indicating that Batik 
SMEs in this cluster have relatively low operational and 
financial performance compared to the population average. 
Conversely, Cluster 1 exhibits positive centroid values across 
all indicators, indicating higher organizational performance, 
both operationally and financially. 

The results of this model building confirm the 
heterogeneity of organizational performance among Batik 
SMEs, making segmentation based on organizational 
performance relevant and informative. The two clusters formed 
provide a clear segmentation framework for understanding the 
differences in Batik SME profiles and serve as a basis for 
developing more targeted managerial and policy implications, 
particularly in efforts to improve the performance and 
competitiveness of Batik SMEs. 

 

3.5 Model Visualization  

The model visualization stage was conducted to provide a 
clear and intuitive visual representation of the clustering results 
and to improve the interpretability of the cluster structure 
generated by the K-Means model [21]. Visualization plays a 
crucial role in depicting the distribution patterns of Batik SMEs 
and the degree of separation between clusters, thus supporting 
a comprehensive evaluation of the effectiveness of the 
clustering model. 

In this study, visualization was used to complement 
previously conducted quantitative validation, such as the Elbow 
method and the silhouette coefficient. Through a visual 
approach, the grouping of Batik SMEs based on similarities in 
operational and financial performance can be observed more 
empirically, thereby strengthening confidence in the 
segmentation results. Visualization also helps identify 
dominant behavioral patterns between clusters that cannot 
always be fully captured through numerical indicators alone. 

The cluster visualization results are presented as a two-
dimensional mapping (2D scatterplot), depicting the relative 
position of each Batik SME based on normalized organizational 
performance variables. This visualization shows a clear 
separation between the two clusters, indicating that the K-
Means model is capable of distinguishing Batik SMEs into two 
groups with significantly different organizational performance 
characteristics. The relatively tight grouping of data points 

within each cluster also reflects a good level of internal 
cohesion. 

 

 
Figure 6 2D Mapping of Batik SMEs 

 
In addition to visual mapping, cluster interpretation was 

strengthened through centroid analysis for each operational and 
financial performance indicator. The centroid-based analysis 
confirmed the existence of two well-defined clusters, each 
representing distinct patterns of organizational behavior among 
batik SMEs. The contrasting centroid values between the 
clusters indicate substantial heterogeneity in organizational 
performance within the batik SME sector. 

The performance differences between clusters can be 
interpreted through organizational performance theory and the 
resource-based view (RBV), which emphasize the role of 
internal capabilities in shaping competitive outcomes. The 
findings suggest that operational indicators such as customer 
satisfaction and product quality tend to be more problematic for 
low-performing SMEs because they require structured 
processes, quality control systems, and consistent managerial 
oversight [22], [23]. In contrast, financial indicators are 
relatively less problematic, as most SMEs maintain basic profit 
and revenue monitoring practices for business survival. This 
pattern indicates that operational capability gaps, rather than 
purely financial constraints, are a key differentiator between 
low- and high-performing Batik SMEs. 
 
Tabel 5.  
Cluster Definition 

Cluster Average Centroid 
Value Cluster Name 

Cluster 0 -1.2635 Low Organizational Performance 
SMEs 

Cluster 1 0.3820 High Organizational Performance 
SMEs 

 
Beyond the numerical distinction, the two clusters differ 

substantially in managerial and operational characteristics. 
Cluster 0 is characterized by low customer satisfaction (OPF2) 
and weak product quality compliance (OPF3), indicating 
limited quality control systems and less structured customer 
relationship management. SMEs in this cluster tend to operate 
with informal managerial practices and minimal performance 
monitoring. In contrast, Cluster 1 demonstrates stronger 
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operational discipline and financial awareness, particularly 
reflected in more systematic investment evaluation (FP5). 
These SMEs typically implement clearer quality standards, 
monitor customer feedback more consistently, and apply more 
structured financial decision-making processes. Therefore, the 
cluster labels represent not only performance levels but also 
distinct managerial capability profiles. 
 
Tabel 6.  
Cluster Result 

Cluster Objects 
0 0, 1, 11, 23, 26, 27, 29, 30, 36, 43, 49, 50, 52 

1 
2, 3, 4, 5, 6, 7, 8, 9, 10, 12, 13, 14, 15, 16, 17, 18, 19, 20, 21, 22, 

24, 25, 28, 31, 32, 33, 34, 35, 37, 38, 39, 40, 41, 42, 44, 45, 46, 47, 
48, 51, 53, 54, 55 

 
In general, clusters with positive centroid values for most 

indicators reflect batik SMEs with higher organizational 
performance, both operationally and financially. Conversely, 
clusters with negative centroid values depict batik SMEs with 
relatively lower organizational performance, which still face 
various limitations in achieving productivity, service quality, 
and financial growth. This difference is consistently visualized 
in the two-dimensional mapping, which shows a fairly clear gap 
between the clusters. 

 
Tabel 7.  
Least Performing Indicator 

Cluster Name Centroid Velue Code Description 

Early-Stage 
Sustainability Batik 

SMEs 

-1.62508142 OPF2 
Customer satisfaction 

with products and 
services 

-1.63536685 OPF3 
Product quality 
compliance with 

standards 

Sustainability-Ready 
Batik SMEs 

0.24374231 FP5 Investment value versus 
benefits 

0.28789693 FP2 Revenue growth as a 
success indicator 

 
Based on the least performing indicators identified in each 

cluster, several targeted strategic recommendations can be 
proposed. For Cluster 0 (Low Organizational Performance 
SMEs), improvement efforts should prioritize enhancing 
product quality standards and customer satisfaction through 
structured quality control systems, standard operating 
procedures (SOPs), and customer service training programs. 
Government support may include technical assistance, 
certification facilitation, and quality management workshops to 
strengthen production consistency and service reliability. For 
Cluster 1 (High Organizational Performance SMEs), strategic 
focus should shift toward optimizing financial performance, 
particularly in investment evaluation and revenue growth 
monitoring. SMEs in this cluster are encouraged to adopt more 
structured financial planning tools and digital accounting 
systems, while policymakers may provide access to financial 
literacy programs and investment advisory services. These 
differentiated strategies ensure that performance improvement 
initiatives are aligned with the specific weaknesses of each 
cluster. 

By integrating visual and numerical approaches, this 
visualization model stage strengthens the robustness of the 
clustering results. Visualization not only serves as a supporting 

analytical tool but also as an effective communication tool to 
explain the segmentation results to non-technical stakeholders. 
Therefore, the visualization model provides intuitive evidence 
that the performance-based segmentation of Batik SMEs using 
K-Means clustering produces a stable, well-separated, and 
managerially meaningful cluster structure. 

Although the sample size of 56 Batik SMEs may be 
considered relatively modest for clustering analysis with ten 
indicators, this study adopts an exploratory segmentation 
approach within a specific regional context. K-Means 
clustering does not require large samples in the same way as 
inferential statistical models; however, cluster robustness and 
generalizability should be interpreted cautiously. To enhance 
analytical stability, data were standardized, and the optimal 
number of clusters was validated using both the Elbow method 
and the silhouette coefficient. The consistency between 
centroid patterns and visualization results further supports the 
internal coherence of the clusters. Nevertheless, the findings 
should be viewed as context-specific, and future research with 
larger and more diverse samples is recommended to validate 
and generalize the identified segmentation structure. 

4. Conclusion 

This study aims to segment batik SMEs based on 
organizational performance using the K-Means clustering 
approach. Based on primary data analysis from 56 batik SMEs 
measured through operational and financial performance 
indicators, the results indicate that the data exhibits sufficient 
variation and is suitable for analysis using distance-based 
clustering. The normalization process using StandardScaler 
successfully equalized the scale of all variables, thereby 
increasing the reliability of the clustering results. Model tuning 
results using the Elbow method and the silhouette coefficient 
indicate that a two-cluster configuration (k = 2) is the optimal 
number of clusters. The K-Means model produces two groups 
of batik SMEs with clearly distinct organizational performance 
characteristics: Low Organizational Performance SMEs and 
High Organizational Performance SMEs. Cluster visualization 
and centroid analysis confirm strong cluster separation and 
heterogeneity in organizational performance among batik 
SMEs. These findings demonstrate that organizational 
performance-based segmentation using K-Means clustering is 
an effective approach to support managerial and policy 
decision-making, particularly in designing more targeted 
strategies to improve the performance and competitiveness of 
batik SMEs. 

From a managerial perspective, the segmentation results 
provide practical guidance for designing targeted intervention 
strategies. SMEs classified in the low-performance cluster 
should prioritize strengthening operational capabilities, 
particularly in quality management, customer satisfaction 
monitoring, and structured performance evaluation. 
Meanwhile, high-performance SMEs can focus on strategic 
expansion, innovation, and market development. For 
policymakers and SME support institutions, this segmentation 
framework can serve as a basis for differentiated assistance 
programs, training initiatives, and performance-based policy 
design to enhance the competitiveness and sustainability of 
batik SMEs. 
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Future research should consider expanding the sample 
size and geographic coverage to improve the robustness and 
generalizability of the findings. Further studies may also 
compare different clustering algorithms or integrate additional 
variables, such as innovation capability, digital adoption, or 
organizational culture, to develop a more comprehensive 
segmentation model. Longitudinal analysis could also provide 
deeper insights into performance dynamics and cluster 
transitions over time. 
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