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Abstract Social assistance distribution in boarding-school educational settings 

requires a consistent mapping of prospective recipients so that the 
verification process does not rely solely on manual assessment. This 
study aims to cluster the socioeconomic profiles of students as a 
supporting basis for determining aid verification priorities using 
Fuzzy C-Means and to present the results through a Streamlit 
application. The research data consisted of 843 records of female 
secondary-level students from the 2022 cohort, obtained from the 
boarding school data management unit. After data cleaning by 
removing inactive student records, 781 records were processed using 
the attributes of number of siblings, parents’ occupation, and 
parents’ income. Categorical data were transformed into numerical 
codes and clustered using two clusters, a fuzziness parameter of 2, a 
maximum of 100 iterations, and a tolerance value of 0.00001. The 
Fuzzy C-Means process converged at the 28th iteration and produced 
Cluster 1 with 635 students and Cluster 2 with 146 students. The 
Silhouette Coefficient value of 0.4800 indicates a moderate level of 
cluster separation. The Streamlit application displays the initial data, 

preprocessing results, data transformation, and clustering results 
interactively. The findings indicate that Fuzzy C-Means can be used 
as a supporting tool for mapping prospective student aid recipients. 
However, clustering results should not be used as an automatic 
decision; aid recommendations must still involve document 
verification and staff assessment to prevent mistargeting. 
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1. INTRODUCTION 

Social assistance plays an important role in reducing the economic burden of 

groups that are unable to meet their basic needs. However, the distribution of 

assistance still faces the risk of mistargeting when the mapping of prospective 

recipients is conducted manually, uses outdated data, or is not supported by 

measurable criteria. This condition may cause students who genuinely need 

assistance to remain unidentified, while those who are less eligible may receive the 

benefit. Therefore, social assistance administrators require an analytical 

mechanism that can provide a consistent overview of recipient groups as a basis for 

further verification (Herdiana, 2020). In boarding school environments, mapping 

the socioeconomic conditions of students has distinctive characteristics because 

the available data come from family information, student activity status, and 

educational records. Previous research involving student data applied K-Means to 

form four welfare clusters and demonstrated that clustering can help accelerate the 

management of prospective aid recipient data (Sudriyanto et al., 2023). However, 

hard clustering methods assign each record strictly to only one group, even though 

socioeconomic conditions may lie near the boundary between profiles and require 

a more flexible membership approach. 

Fuzzy C-Means is a fuzzy-based clustering method that assigns a degree of 

membership for each data point to all clusters. This approach allows a data point 

to have a relative closeness to more than one cluster before it is assigned to the 

cluster with the highest membership value (Bezdek, 1981). Several studies have 

applied Fuzzy C-Means for aid recipient mapping, customer segmentation, and 

socioeconomic profile analysis because the method can separate group 

characteristics based on cluster centers and membership distributions (Ananda & 

Monalisa, 2023; Huddin et al., 2023; Supriyanti et al., 2024). Nevertheless, 

clustering results cannot be directly used as automatic labels of aid eligibility. Many 

studies stop at cluster formation or only present calculation results through 

notebooks, meaning that interpretation and verification by administrators are not 

supported by an accessible interface. In addition, clustering quality should be 

reported separately from accuracy because clustering is an unsupervised learning 

method. The Silhouette Coefficient can be used to evaluate the compactness of 

members within clusters and the separation between clusters, where higher values 

indicate a clearer cluster structure (Rousseeuw, 1987). 

This gap forms the basis of the present study. Unlike previous research, this 

study applies Fuzzy C-Means to map the profiles of active students based on 

number of siblings, parents’ occupation, and parents’ income, followed by the 

integration of results into a Streamlit web application. The contribution of this 

study lies in combining fuzzy-based mapping, evaluation using the Silhouette 

Coefficient, and an interface that can be used by administrators for document 

review. Streamlit was selected because it enables Python-based analytical code to 

be presented through an interactive interface without requiring full conventional 

web application development (Abu, 2023). 

This study aims to apply Fuzzy C-Means to form groups of prospective student 

aid recipients, measure cluster quality using the Silhouette Coefficient, and provide 

a Streamlit interface for presenting the clustering process and results. The findings 

are expected to support a more systematic initial identification process, while final 
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aid distribution decisions remain subject to staff verification based on documents 

and the actual condition of prospective recipients. 

2. RESEARCH METHODS 

This study employed a quantitative experimental design using a data mining 

approach. The research flow consisted of data collection, data selection, data 

cleaning, attribute transformation, cluster formation using Fuzzy C-Means, 

evaluation using the Silhouette Coefficient, and Streamlit interface implementation. 

All findings were presented in aggregate form to reduce the risk of disclosing 

students’ personal identities.  

 
Figure 1. Research Flow Diagram 

 

2.1. Dataset 

The dataset was obtained from the boarding school data management unit 

and contained records of female secondary-level students from the 2022 

cohort. The initial dataset consisted of 843 records with attributes including 

name, number of siblings, enrollment year, student status, institution, major, 

parents’ occupation, and parents’ income. Student names were not used in 

the analytical process. The data were only used for internal mapping purposes, 

while research results were reported in the form of data totals, cluster centers, 

and clustering summaries. 

Table 1. Dataset Composition 

Stage Number of Records Description 

Initial data 843 
All records obtained from the data 

management unit 

Mulai

Pengumpulan Data

Preprocessing

Implementasi Algoritma Fuzzy 
C-Means

Implementasi model dengan menggunakan Framework Streamlit 
(WebApps)

Hasil/Kesimpulan

Selesai
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Active data after 
cleaning 

781 
Active student records processed in 

the study 

Removed data 62 Inactive or withdrawn student records 

 

2.2. Data Preparation 

The data selection stage retained three attributes considered relevant to 

socioeconomic profiles: number of siblings, parents’ occupation, and parents’ 

income. Data cleaning was performed by removing records of inactive or 

withdrawn students. Next, categorical attributes were transformed into 

numerical codes to enable processing using the Fuzzy C-Means algorithm. 

These transformations represent operational coding of the source categories 

and should not be interpreted as absolute economic measurements. 

 
Figure 2. Student Data Cleaning Process 

 

Table 2. Attributes Used for Clustering 

Attribute Initial Type Transformation Role 

Number of 
siblings 

Discrete 
numeric 

Code 0–5 for 1–6 siblings Clustering 
feature 

Parents’ 

occupation 

Categorical Occupational category code Clustering 

feature 

Parents’ 
income 

Ordinal 
categorical 

Code 0–12 from lowest to 
highest income category 

Clustering 
feature 

 

2.3. Fuzzy C-Means Clustering 

Fuzzy C-Means groups data by updating the membership matrix and cluster 

centers iteratively. The objective function is minimized until the change in the 

membership matrix is below the specified tolerance value. This study used two 

clusters to map two primary profiles: a profile with relatively lower economic 

indicators and a profile with relatively higher economic indicators. 
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Table 3. Fuzzy C-Means Parameters 

Parameter Value 

Number of clusters 2 

Fuzziness parameter 2 

Maximum iterations 100 

Convergence tolerance 0.00001 

 

2.4. Evaluation and Streamlit Deployment 

Cluster quality was evaluated using the Silhouette Coefficient. This metric 

ranges from -1 to 1, where a higher positive value indicates that cluster 

members are closer to their own cluster than to other clusters. In addition to 

evaluation, the results were integrated into a Streamlit application that 

displays the initial data, cleaned data, attribute transformation, Fuzzy C-

Means parameters, and clustering summaries. The interface serves as a 

monitoring tool and does not replace social verification by administrators. 

3. RESULTS 

3.1. Data Preparation Results 

Of the 843 initial records, 62 records with inactive or withdrawn status were 

removed, resulting in 781 records used for the clustering process. 

Transformation was applied to ensure that all attributes could be processed 

numerically. The income codes were arranged from the lowest income category 

to the highest income category. Therefore, the income centroid values should 

be interpreted as relative tendencies within the coding scheme rather than 

actual income values. 

3.2. Clustering Results 

The Fuzzy C-Means algorithm converged at the 28th iteration, which was 

below the maximum limit of 100 iterations. The final process produced two 

clusters with unequal sizes. 

Table 4. Final Clustering Results 

Cluster 
Number of 

Students 

Sibling 

Centroid 

Occupation 

Centroid 

Income 

Centroid 

Relative 

Profile 

Cluster 

1 
635 2.386 3.295 2.097 

Relatively 

lower income 

code 

Cluster 

2 
146 2.654 4.729 8.480 

Relatively 

higher income 

code 

 

The income centroid value of Cluster 1 was lower than that of Cluster 2 within 

the transformation scheme used in this study. Therefore, Cluster 1 can be 

used as an initial group for reviewing potential aid needs, while Cluster 2 

represents a profile with relatively higher income codes. Final aid priority 

should not be determined solely based on clustering results because the 

parents’ occupation attribute is categorical, and its numerical representation 

may influence Euclidean distance calculations. Administrative verification, 

family condition assessment, and approval from relevant administrators 

remain necessary before aid distribution. 
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Figure 3. Fuzzy C-Means Clustering Visualization 

 

3.3. Cluster Quality Evaluation 

The evaluation produced a Silhouette Coefficient of 0.48001974885927373. 

This value indicates a moderate level of cluster separation. In other words, 

members within each cluster have sufficient internal similarity, but the 

boundary between clusters is not completely strong. Therefore, the Fuzzy C-

Means results are appropriate as supporting information for initial mapping 

rather than as the sole basis for determining aid eligibility. 

3.4. Streamlit Implementation 

The model was implemented in a Streamlit application to make the analytical 

process easier for administrators to review. The interface displays the initial 

dataset, cleaned data, transformed data, number of clusters, fuzziness 

parameter, maximum iterations, and error tolerance. When the clustering 

process button is activated, the application displays clustering summaries 

interactively. The web-based presentation accelerates access to analytical 

results. However, operational use of the system should implement access 

control, minimize the display of personal identities, and record decision-

making processes to ensure that students’ socioeconomic data remain 

protected. 



Networked Knowledge and Research in Informatic 

7 | First Author 

 
Figure 4. Streamlit Application Interface 

 

 
Figure 5. Clustering Results Displayed in the Streamlit Application 

 

4. CONCLUSIONS 

Fuzzy C-Means was successfully applied to map 781 active student records 

based on the number of siblings, parents’ occupation, and parents’ income. Using 

two clusters, a fuzziness parameter of 2, and a tolerance value of 0.00001, the 

clustering process converged at the 28th iteration. Cluster 1 consisted of 635 

students with an income-code centroid of 2.097, while Cluster 2 consisted of 146 

students with an income-code centroid of 8.480. The Silhouette Coefficient value of 

0.4800 indicates a moderate level of cluster separation. 
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The Streamlit implementation made the data review and clustering process 

easier to access for administrators. In practice, clustering results can be used to 

prepare an initial list for verification rather than as an automatic decision regarding 

aid eligibility. The main limitation of this study is the use of numerical coding for 

parents’ occupation, which is categorical in nature; therefore, distances between 

occupation categories may not fully represent differences in socioeconomic 

conditions. 

 

Future research is recommended to use coding schemes validated by domain 

experts or one-hot encoding, add verifiable attributes such as number of 

dependents and housing conditions, compare results with other clustering 

methods, and conduct bias audits and field verification before applying the results 

to aid decisions. 
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