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Abstract. MSMEs in Madura, Indonesia, play a crucial role in driving local economic growth, yet face 

significant challenges such as limited capital, disparity in market information, and low technology adoption. 

Data disparities among MSMEs, such as disproportionate differences in assets and production capacity, 

indicate uncertainty in data characteristics. The research proposes the use of Fuzzy K-Medoids Type-2, 

which is capable of handling data ambiguity and uncertainty through fuzzy membership representation. The 

study using CRISP-DM approach, starting from business understanding. The data used included 1,275 

MSMEs with five main variables: number of employees, production capacity, turnover, assets, and business 

licenses. The evaluation was conducted by comparing the Silhouette Coefficient (SC) for K-Medoids and 

Partition Coefficient (PC) for Fuzzy K-Medoids Type-2. The results show that the optimal configuration is 

obtained with a value of k = 2 in Fuzzy K-Medoids Type-2, with a PC of 0.9548. The first cluster is 

categorized as small MSMEs with a low average variable, while the second cluster is categorized as medium 

MSMEs with a higher average variable. These findings provide a strong basis for developing a more targeted 

and data-driven MSME development strategy.  

1 Introduction 

Micro, Small, and Medium Enterprises (MSMEs) play a 

strategic role in national economic development. Under 

Law No. 11 of 2020 on Job Creation, which revises Law 

No. 20 of 2008, MSMEs are defined more specifically 

in terms of assets and turnover, providing a clear legal 

foundation for the sector’s development [1]. Beyond 

serving as a backbone of the domestic economy, 

MSMEs contribute to job creation, foster innovation, 

and strengthen a people-centered economy [2]. In an 

increasingly competitive global landscape, the role of 

MSMEs is ever more crucial for enhancing national 

competitiveness. The COVID-19 pandemic, beginning 

in early 2020, had a profound impact on MSMEs. Many 

small businesses experienced drastic revenue declines 

due to mobility restrictions, market closures, and 

weakened consumer purchasing power [3]. In addition, 

limited raw materials, disrupted supply chains, and 

increasingly difficult access to capital have worsened 

the situation. Some MSMEs were forced to temporarily 

close their businesses, and some even went out of 

business permanently. However, MSMEs remain the 

backbone of the national economy amid this crisis [4]. 

In the post-pandemic era, digital transformation and 

innovation are seen as important solutions for MSMEs 

to adapt, increase competitiveness, and support 

economic resilience [5]. 

 
* Corresponding author: ykustiyahningsih@trunojoyo.ac.id  

The MSME sector in Madura, particularly in 

Sampang District, contributes significantly to the local 

economy [6]. Data from Sampang District Industry and 

Trade Office shows that there are more than 3,000 active 

MSMEs in various sectors, such as fisheries, livestock, 

industry, trade, services, and food and beverages [1]. 

However, the challenges faced are quite complex, 

ranging from limited access to capital to difficulties in 

obtaining market information that supports business 

development [7]. Another challenge that arises is the 

high heterogeneity of MSME characteristics, such as the 

number of workers, production capacity, turnover, 

assets, and legal status. This condition makes the manual 

grouping process inefficient. Conventional clustering 

methods such as K-Medoids tend to be rigid because 

they only divide data into distinct groups, without taking 

into account the uncertainty and overlap between 

MSME characteristics. This causes the clustering results 

to be less representative of the actual conditions in the 

field. To overcome these limitations, this study proposes 

the use of Fuzzy K-Medoids Type-2, an algorithm that 

combines the resilience of K-Medoids to outliers with 

the flexibility of Fuzzy Type-2 logic in handling 

uncertainty [8][4][9]. Unlike conventional K-Medoids, 

which only use data points as cluster centers, Fuzzy K-

Medoids Type-2 takes into account the degree of 

second-order fuzzy membership. Thus, this method is 

more adaptive to noise and variations in MSME data, 

resulting in more realistic clustering [10][11]. In 
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addition to algorithm selection, evaluating the number 

of clusters is also important to optimize the clustering 

results. In this study, the Partition Coefficient (PC) 

method was used to determine the optimal number of 

clusters. PC measures the clarity of fuzzy membership 

in each cluster, with values ranging from 0 to 1. Higher 

values indicate more compact and clear clusters 

[12][13]. Previous studies have proven the effectiveness 

of fuzzy methods in improving clustering accuracy. 

Madbouly et al. utilized Apache Spark-based Fuzzy K-

Medoids to process large geospatial data and 

successfully reduced clustering error by 51.6% 

compared to K-Medoids and K-Means, while increasing 

accuracy by 3.5% [14][15][16]. Another study by 

Harsemadi et al. applied Fuzzy C-Means (FCM) with 

Fuzzy Partition Coefficient (FPC) for customer 

segmentation at the STIKOM Bali Business Incubator. 

The results yielded seven clusters with the highest FPC 

value of 0.793, emphasizing the importance of FPC in 

determining cluster quality [15][17].  

This study aims to: (1) evaluate the effectiveness of 

the Fuzzy K-Medoids Type-2 method in improving the 

accuracy of MSME clustering in Madura District by 

comparing it with the K -Medoids method, (2) 

determine the optimal number of clusters using a 

comparison of the Silhouette Coefficient and Partition 

Coefficient (PC), and (3) analyze and interpret cluster 

labels based on the optimal number of clusters obtained. 

With these results, it is hoped that this study can 

contribute academically to the development of 

clustering methods, while also providing practical 

benefits for local governments and business actors in 

designing data-based MSME development strategies. 

2 Research methods 

The research methodology is the research steps that 

describe the initial steps to the end of the research. The 

research steps can be seen in Fig. 1. 

 

 

Fig. 1. Research stages. 

Fig. 1. shows the research stages that follow the 

CRISP-DM flow, including Business Understanding, 

Data Understanding, Data Preparation, Modeling, and 

Evaluation. This process includes data normalization, 

encoding application, and analysis using the K-Medoids 

and Fuzzy K-Medoids Type-2 algorithms. Cluster 

quality evaluation is performed using the Silhouette 

Coefficient and Partition Coefficient, then implemented 

in the form of data visualization to facilitate analysis. 

Data Understanding: Data was collected from the 

Madura Cooperative, Industry, and Trade Office in 2023 

with a total of 1,275 MSMEs.. Data Preparation: This 

stage is carried out to ensure that the data is ready for 

use in analysis. The two main steps are:  Encoding: 

The categorical Permit variable (present/absent) was 

converted into a numerical variable using Label 

Encoding (present = 1, absent = 0). Data Normalization: 

Performed using the Min-Max Scaling method to 

standardize the variable scale in the range of 0–1, so that 

each variable has a balanced contribution in the 

clustering process. With a combination of encoding and 

normalization, the dataset becomes more structured and 

allows the algorithm to work optimally. Modeling: The 

algorithms used in the data clustering stage are K-

Medoids and Fuzzy K-Medoids Type-2. The clustering 

process with K-Medoids is evaluated using the 

Silhouette Coefficient, while Fuzzy K-Medoids Type-2 

is used to handle data uncertainty with evaluation using 

the Partition Coefficient.  

The K-Medoids and Fuzzy K-Medoids Type-2 

clustering stages include[14][4]:  

1. Determine the number of clusters (k), for example k 

= 2 

2. Calculate the initial distance of each data point to the 

medoid using Euclidean Distance: 

 

𝑑(𝑥, 𝑦) = |𝑥 − 𝑦| = √∑(𝑥𝑖 −

𝑛

𝑖=1

𝑦𝑖)2 (1) 

 

Where: 

d = distance between x and y 

x = cluster center data 

y = data on the attribute 

i  = each data point 

n = number of data points 

x_i= data at the center of cluster i 

y_i = data at each data point i 

3. Form the initial cluster by grouping the data to the 

nearest medoid.  

4. K-Medoids: Update the medoids by selecting the 

data with the smallest total distance, then repeat the 

calculation until convergence. Evaluation is 

performed using the Silhouette Coefficient. 

5. Fuzzy K-Medoids Type-2: After the initial clusters 

are formed, calculate the fuzzy membership degree 

with the following steps: 

• Calculate Type-1 fuzzy membership, which 

indicates the degree of membership of data in each 

cluster: 

 

𝜇𝑖𝑗
𝑡𝑦𝑝𝑒−1

=  
1

∑ (
𝑑𝑖𝑗

𝑑𝑖𝑘
)

2
𝑚−1

𝑐
𝑘=1

 
(2) 

 

Explanation as follows: 
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𝜇𝑖𝑗
𝑡𝑦𝑝𝑒−1

 : Type-1 fuzzy membership degree of data i 

to cluster j. 

𝑑𝑖𝑗  : Euclidean distance between data i and medoid j 

𝑚 : Fuzziness parameter (usually m=2). 

𝑐 : Number of clusters. 

• Add uncertainty (δ) to Type-2 fuzzy membership. 

From μ_ij, calculate the lower and upper bounds: 
 

𝜇𝑖𝑗
𝑙𝑜𝑤𝑒𝑟 = 𝑚𝑎𝑥(0, 𝜇𝑖𝑗

𝑡𝑦𝑝𝑒−1
− 𝛿) 

𝜇𝑖𝑗
𝑢𝑝𝑝𝑒𝑟

= min(1, 𝜇𝑖𝑗
𝑡𝑦𝑝𝑒−1

+ 𝛿) 
(3) 

 

Explanation as follows: 

 δ : Uncertainty adjustment parameter (e.g., 0.05 for 

±5%). 

μij
lower : Lower Membership Function.  

μij
upper

 : Upper membership Function.   

• Calculate the final membership value by combining 

the lower, middle, and upper limits (e.g., using the 

average method). 

• Update the medoid by selecting the data with the 

smallest total distance based on Type-2 fuzzy 

membership. 

6. Repeat the calculation until the total distance 

between iterations is very small or stable, indicating 

that the algorithm has converged. 

7. Cluster Evaluation: Cluster evaluation in this study 

uses two methods according to the algorithm 

applied. For K-Medoids, the Silhouette Coefficient 

(SC) is used, which assesses cluster quality based 

on the proximity of objects within clusters 

(cohesion) and the separation between clusters 

(separation). The SC value is calculated using 

equation [11][15]: 

 

𝑠(𝑖) =  
𝑏(𝑖) − 𝑎(𝑖)

𝑚𝑎𝑥 (𝑎(𝑖), 𝑏(𝑖))
 (4) 

 

Explanation: 

𝑠(𝑖): Silhouette value for data i, ranging from -1 to 

1. 

𝑎(𝑖): average distance of data i to all data in the same 

cluster. 

𝑏(𝑖): average distance of data i to the nearest cluster. 

The PC formula is defined as follows: 

 

𝑃𝐶 =
1

𝑛
∑ ∑ (

𝜇𝑖𝑗
𝑙𝑜𝑤𝑒𝑟 + 𝜇𝑖𝑗

𝑢𝑝𝑝𝑒𝑟

2
)

2𝑘

𝑗=1

𝑛

𝑖=1

 (5) 

 

Explanation as follows: 

𝑚 : Partition Coefficient. 

𝑛 : Number of Data. 

𝑘 : Number of Clusters. 

 

𝜇𝑖𝑗
𝑙𝑜𝑤𝑒𝑟 ,  𝜇𝑖𝑗

𝑢𝑝𝑝𝑒𝑟
 : Lower and upper limits of fuzzy 

Type-2 membership of data i to cluster j.  

𝜇𝑖𝑗
𝑚𝑖𝑑𝑑𝑙𝑒  : Middle Membership Function  calculated 

as 
𝜇𝑖𝑗

𝑙𝑜𝑤𝑒𝑟+𝜇𝑖𝑗
𝑢𝑝𝑝𝑒𝑟

2
. 

3 Results and discussion 

3.1 MSME dataset 

The dataset used in this study consists of 1,275 officially 

registered MSME entries. This dataset is used as the 

basis for data processing and analysis. A description of 

the batik MSME data variables can be seen in Table 1. 

Table 1. Madura MSME Dataset 2023. 

Business 

Name 

Numbe

r of 

Emplo

yees 

Produc

tion 

Capaci

ty 

Turno

ver 
Assets 

Licens

e 

Abdur 

Rohman  

2 570 12000

000 

50000

00 

Exists 

Fish 

Farming 

Ahmad 

3 100 50000

00 

10000

00 

Exists 

LOBSTE

R Farming 

Farhan 

Abdillah 

4 750 40000

000 

15000

000 

Exists 

Fish 

Farming 

Pak 

Sawwir 

3 555 50000

000 

15000

000 

Exists 

… … … … … … 

PKL 

Juma'ati 

2 100 20000

00 

50000

00 

Exists 

Snacks 

Nurmala 

1 300 30000

00 

50000

00 

Exists 

3.2 Data preparation 

The data preparation stage is carried out to ensure that 

the data used in the analysis is of good quality, 

structured, and ready to be processed by the algorithm. 

This process involves two main steps, namely data 

encoding and normalization. Encoding : At this stage, 

the Permit Letter variable, which is categorical and has 

two values, “Exists” and “Doesn’t Exists” is encoded. 

To make it easier for the algorithm to process the data, 

these categorical values are converted into numerical 

values using the Label Encoding technique. 

Normalization :In this study, the normalization process 

was applied to several numerical columns, namely 

Number of Workers, Production Capacity, Turnover, 

Assets, Permit_Exists, and Permit_DoesNotExist. 

Normalization was performed using the Min-Max 

Scaling method, which converts the values in each 

column to a range between 0 and 1. The results of 

normalization can be seen in the following figure: 

3.3 Modeling 

The algorithms used in the data clustering stage are K-

Medoids and Type-2 Fuzzy K-Medoids. In general, the 

K-Medoids process is carried out by determining the 

number of clusters 𝑘, calculating the distance of the data 

to the medoid using Euclidean Distance, grouping the 

data into clusters with the closest distance, then updating 

the medoid iteratively until the algorithm reaches 

convergence (stability). The evaluation of K-Medoids 
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clustering results is done with the Silhouette Coefficient 

to assess the quality of cluster separation. Fuzzy K-

Medoids Type-2 was developed from the K-Medoids 

algorithm by adding a degree of fuzzy membership. 

Each data point does not only belong to one cluster 

explicitly, but has a membership range (lower, middle, 

upper membership) that takes uncertainty into account. 

These membership values are aggregated and used in 

medoid updates at each iteration. The results are 

evaluated using the Partition Coefficient (PC) to 

measure the clarity of fuzzy membership and determine 

the optimal number of clusters. K-Medoids Euclidean 

Distance calculation results 

Table 2. K-Medoids euclidean distance calculation. 

Data Ke- C1 C2 Proximity Cluster 

1 0 0,4322 0 1 

2 0,2845 0,6232 0 2 

 

• Results of the Euclidean Distance Fuzzy K-Medoids 

Type-2 calculation 

Table 3. Euclidean distance Fuzzy K-Medoids Type-2 

calculation. 

Data Ke- C1 C2 Proximity Cluster 

1 0 0,4322 0 1 

2 0,2845 0,6232 0 1 

 

This table shows the initial clustering results based 

on Euclidean distance. Data points 1 and 2 have the 

shortest distance to cluster center C1, so they are both 

assigned to Cluster 1. This table serves as the basis for 

initial cluster formation before fuzzy calculations are 

performed. 

 

• Lower, Middle, and Upper membership values 

Table 4. Lower, middle dan upper. 

Data Lower Middle Upper 

Fish Farming 0,3458 0,4322 0,5186 

Abdurohman Livestock 0,4986 0,6232 0,7478 

 

This table illustrates Type-2 fuzzy membership that 

takes uncertainty into account with parameter 𝛼. The 

lower, middle, and upper values indicate the range of 

data membership degrees to the cluster. The higher the 

value, the greater the likelihood that the data belongs to 

the cluster. 

• The results of the recalculation iterations by K-

Medoids and Fuzzy K-Medoid Type-2 have the 

same values: 

Table 5. Iteration process. 

No Iterasi Result 

1 Iterasi Ke-1 16,8662 

2 Iterasi Ke-2 17,1815 

3 Iterasi Ke-3 17,0671 

 

This table shows the results of the total distance 

calculation (cost function) at each iteration. The values 

change at each iteration, and at the third iteration, the 

best result of 17.0671 was obtained. This indicates that 

the algorithm has reached a stable point (convergence), 

so the clustering process is complete. 

3.4 Data evaluation 

In the evaluation stage, an assessment was made of the 

clustering results that had been formed using the K-

Medoids and Fuzzy K-Medoids Type-2 methods. The 

aim was to determine the extent to which the grouping 

performed was optimal and representative of the 

patterns found in the data. 

• Silhouette coefficient 

Table 6. Silhouette coefficient results. 

Method Parameter 

Silhouette Coefficient 0,8075 

 

Table 6. show a Silhouette Coefficient of 0.8075 for 

the final clustering configuration. This value indicates 

strong intra-cluster cohesion and clear inter-cluster 

separation, supporting the suitability of the selected 

model for the subsequent analysis. Accordingly, this 

configuration was retained as the final solution used in 

the study. 

• Partition coefficient 

Table 7. Partition coefficient result. 

Method Parameter 

Partition Coefficient 0,9250 

 

Table 7. also shows the results of evaluating the 

fuzzy clustering method using the partition coefficient 

(PC). The partition coefficient is used to measure the 

definitiveness of data division into clusters in the fuzzy 

method. The PC value ranges from 0 to 1. From the 

results obtained in the table. 

3.5 Analysis of results 

An analysis was conducted on the test results with 

various cluster number scenarios, starting from k = 2 to 

k = 10. The purpose of this trial was to evaluate the 

effect of changes in the number of clusters on the 

performance of two different evaluation methods, 

namely the Silhouette Coefficient (SC) in the K-

Medoids algorithm and the Partition Coefficient (PC) in 

the Fuzzy K-Medoids Type-2 algorithm. This 

comparison is expected to provide an overview of the 

efficiency and stability of cluster formation based on 

each evaluation method. 

 

 

Fig. 2. Silhouette coefficient. 

                  
, 01057 (2025)EPJ Web of Conferences https://doi.org/10.1051/epjconf/202534401057344

AIPTEC 2025

4



Fig. 2. shows a visualization of the graph, which 

displays changes in the Silhouette score for each k value, 

allowing the identification of the optimal number of 

clusters that produce the highest score. This optimal k 

value is used in the final clustering process. 

 

 

Fig. 3. Partition coefficient. 

Fig. 3. shows a visualization that helps provide a 

more intuitive picture of the fuzzy membership 

distribution of the data for each cluster. These 

evaluation results support the analysis of the quality of 

fuzzy clustering performed using the Type-2 Fuzzy K-

Medoids method. 

Table 8. Test results for each cluster. 

Number of 

Clusters 

Silhouette 

Coefficient 

Partition 

Coefficient 

K = 2 0.8764 0.9548 

K = 3 0.5478 0.8848 

K = 4 0.5435 0.7357 

K = 5 0.4390 0.6883 

K = 6 0.5038 0.6510 

K = 7 0.5018 0.6143 

K = 8 0.5006 0.5555 

K = 9 0.5059 0.4465 

K = 10 0.5242 0.4464 

 

Table 8. shows the test results for each number of 

clusters, with the Silhouette Coefficient and Partition 

Coefficient values obtained from each trial. From the 

table, it can be seen that the highest values for the 

Silhouette Coefficient of 0.8764 and the Partition 

Coefficient of 0.9548 were obtained when the number 

of clusters was k = 2. This indicates that the formation 

of two clusters is the most optimal configuration for the 

data used in this study, as it provides the clearest and 

most compact cluster separation compared to other 

clusters. 

The analysis results show that: 

1. Cluster 1 is dominated by MSMEs with an average 

number of workers of 1.38 people, an average 

production capacity of 290.18 units, and an average 

turnover of IDR 9,565,248.87. The average assets of 

MSMEs in this cluster are IDR 11,423,031.67, with 

all businesses in this cluster having obtained 

business licenses. Based on these indicators, Cluster 

1 can be categorized as Small MSMEs. 

2. Cluster 2 includes MSMEs with an average number 

of workers of 1.7 people, an average production 

capacity of 313.09 units, and an average turnover of 

IDR 14,555,000.00. The average assets in this 

cluster reached IDR 19,095,588.24, but all MSMEs 

in this cluster did not have a license. Based on these 

characteristics, Cluster 2 can be categorized as 

Medium MSMEs. 

These results provide a clear picture of the 

characteristics of each cluster, which can be used as a 

basis for designing more targeted MSME guidance and 

development strategies in Madura District. 

4 Conclusion 

The results of the study show that the Fuzzy K-Medoids 

Type-2 method is superior to conventional K-Medoids 

in grouping MSMEs in Madura District, with a Partition 

Coefficient (PC) value of 0.9548 and a Silhouette 

Coefficient (SC) value of 0.8764 at the optimal number 

of clusters k = 2. The two clusters formed describe Small 

MSMEs with low turnover but with permits, and 

Medium MSMEs with higher production capacity but 

without permits. These findings confirm the 

effectiveness of Fuzzy K-Medoids Type-2 in handling 

heterogeneous MSME data and provide an important 

basis for more targeted development strategies. 
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