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Abstract 

The distribution of educational grants requires systematic analysis to understand funding 

allocation patterns among educational institutions. This study aims to analyze the 

characteristics of school grant recipients in North Sumatra Province using the K-Means 

clustering algorithm. The study uses administrative grant data covering the 2023–2026 period, 

consisting of recipient institution names and addresses and nominal grant amounts. The 

research process includes data preprocessing, numerical feature selection, data transformation, 

K-Means clustering, and cluster evaluation. The grant amounts are transformed using the 

natural logarithm of one plus the nominal value to reduce the influence of extreme values in 

the clustering process. The algorithm is configured to generate three clusters representing 

lower, moderate, and higher grant allocation levels. The clustering results are evaluated using 

the Silhouette Coefficient to provide an initial assessment of cluster cohesion and separation. 

The findings are expected to provide a structured overview of grant allocation characteristics 

and support the descriptive evaluation of educational funding distribution. However, the 

resulting clusters represent differences in nominal grant amounts rather than direct 

measurements of institutional needs or funding priorities. Further research incorporating 

student enrollment, infrastructure conditions, socioeconomic characteristics, and educational 

facility availability is necessary to support a more comprehensive, evidence-based approach 

to grant allocation. 
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Introduction 

The distribution of educational grants plays an important role in supporting the 

development of educational institutions, improving educational facilities, and expanding access 

to quality education. In North Sumatra Province, grant allocation involves educational 

institutions with different characteristics, locations, and funding requirements. Differences in 

institutional conditions and the amount of financial assistance received indicate the need for a 

systematic approach to understanding grant distribution patterns. An appropriate classification 

process can help identify groups of grant recipients with similar allocation characteristics and 

provide a clearer overview of how educational grants are distributed across the region. 

Therefore, data-driven approaches are increasingly relevant for supporting more structured, 

transparent, and evidence-based grant management [1] [2]. 

The increasing availability of grant recipient data provides an opportunity to apply data 

mining techniques to the analysis of educational funding distribution. One of the main 

challenges in managing these data is identifying patterns among recipients based on their grant 

allocation characteristics. Conventional administrative records generally present recipients 

individually, making it difficult to identify similarities and differences across institutions when 

the dataset becomes large. Clustering techniques can address this challenge by grouping data 

objects according to similarities in their selected attributes. Through this approach, grant 

recipient records can be organized into distinct groups that represent different allocation 

characteristics, thereby facilitating the interpretation of funding distribution patterns and 

supporting further evaluation of grant management practices [3] [4] . 

This study uses grant recipient data from North Sumatra Province covering the period 

from 2023 to 2026. The dataset is organized into four annual worksheets, consisting of 1,804 

records for 2023, 1,586 records for 2024, 469 records for 2025, and 373 records for 2026, 

resulting in a total of 4,232 records. Each worksheet contains three main fields: a record 

number, the name and address of the recipient institution, and the nominal amount of the grant 

received. The institutional information includes various educational entities, such as early 

childhood education institutions, madrasahs, schools, Islamic boarding schools, foundations, 

and other educational organizations. The nominal grant values provide quantitative information 

that can be examined to identify differences in funding allocation among recipients. These data 

serve as the basis for analyzing grant distribution characteristics across the four-year 

observation period [5] [6]. 

The K-Means algorithm is employed in this study because it is a widely used unsupervised 

learning technique for grouping data based on similarities in their numerical characteristics. 

The algorithm partitions observations into a predetermined number of clusters by minimizing 

the distance between individual observations and their respective cluster centroids. In the 

context of this research, K-Means can be used to group grant recipient records according to the 

nominal amount of funding received, provided that the data are appropriately prepared and 

validated before clustering. The resulting clusters can subsequently be interpreted to describe 

different grant allocation profiles, such as groups characterized by relatively lower, 

intermediate, or higher funding amounts. However, these groups represent differences in 

allocation characteristics rather than direct measurements of institutional need, educational 

quality, or the fairness of grant distribution [7] [8]  . 

Based on this background, this study aims to analyze the characteristics of educational 

grant recipients in North Sumatra Province using the K-Means clustering algorithm and grant 

allocation data from 2023 to 2026. The analysis is intended to identify groups of recipients with 

similar funding characteristics and provide a structured overview of grant distribution patterns 

across the observed period. The contribution of this study lies in applying a data mining 

approach to administrative grant records to transform individual recipient data into more 

interpretable clusters. The findings are expected to provide descriptive information that can 

support further evaluation of educational grant allocation and inform the development of more 
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comprehensive data-driven decision-support processes. Nevertheless, the interpretation of 

clustering results must consider the available attributes, data quality, and differences in grant 

allocation across years. Additional indicators, such as institutional infrastructure, student 

enrollment, socioeconomic conditions, and unmet educational needs, would be required to 

establish a more comprehensive assessment of funding priorities[9] . 

 

Literature Review 

2.1 Educational Grant Allocation 

Educational grant allocation plays an important role in supporting the development of 

educational institutions, improving learning facilities, and strengthening the quality of 

educational services. The distribution of financial assistance involves institutions with different 

characteristics, geographical locations, and funding requirements. Therefore, analyzing grant 

allocation data is necessary to understand funding distribution patterns and identify similarities 

among recipients. Administrative records containing institutional names, addresses, and grant 

amounts provide valuable information for examining the characteristics of funding distribution 

across different periods. In this study, educational grant data from North Sumatra Province 

covering the period from 2023 to 2026 are used to examine differences in the nominal amounts 

received by grant recipient institutions. This analysis provides a basis for identifying groups of 

recipients with similar grant allocation characteristics [10] [11]. 

2.2 Data Mining and Clustering 

Data mining is a process of extracting meaningful patterns and useful information from 

datasets using computational and statistical techniques. It is widely applied in various fields to 

transform raw data into structured information that supports analysis and decision-making. One 

of the important techniques in data mining is clustering, an unsupervised learning method that 

groups observations according to similarities in their attributes without requiring predefined 

class labels. Clustering enables researchers to explore data structures, identify groups with 

comparable characteristics, and understand variations within a dataset. In educational grant 

management, clustering can be used to group recipient institutions according to the nominal 

amount of funding received. The resulting groups can help describe grant distribution patterns 

and provide an overview of differences in funding allocation. However, clustering based only 

on grant amounts does not directly establish the level of institutional need or the adequacy of 

the funding received [12] [13] . 

2.3 K-Means Clustering Algorithm 

K-Means is an unsupervised learning algorithm that partitions a dataset into a 

predetermined number of clusters based on similarities among observations. The algorithm 

assigns each observation to the cluster with the nearest centroid, commonly calculated using 

Euclidean distance. The centroid represents the mean value of the observations within a cluster 

and is updated iteratively until the assignments stabilize or a stopping criterion is reached. The 

primary objective of K-Means is to minimize the within-cluster sum of squared distances 

between observations and their corresponding centroids. Due to its relatively simple 

implementation, computational efficiency, and ease of interpretation, K-Means is frequently 

used for numerical data analysis. In this study, K-Means is applied to the nominal grant amounts 

received by educational institutions in North Sumatra Province during 2023–2026. The 

resulting clusters can be interpreted as groups with relatively low, moderate, or high grant 

allocations, depending on the observed distribution and the selected number of clusters. These 

results are expected to provide a structured description of grant allocation characteristics and 

support further evaluation of educational funding distribution. [14]. 
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Research Methodology 

This study employs a quantitative approach using data mining techniques to analyze the 

characteristics of educational grant recipients in North Sumatra Province. The research focuses 

on applying the K-Means clustering algorithm to identify groups of recipients based on the 

nominal amounts of grants received during the 2023–2026 period. The dataset consists of 

administrative records containing recipient identification information, institutional names and 

addresses, and grant allocation amounts. The research process is organized into several 

systematic stages, beginning with data collection and continuing through data preprocessing, 

feature selection, data transformation, K-Means clustering, and evaluation and interpretation of 

the resulting clusters. This structured approach is intended to ensure that the analysis is 

conducted consistently and that the resulting groups can be interpreted in relation to the 

characteristics of grant allocation. 

The research methodology is designed to transform administrative grant records into 

meaningful information about funding distribution patterns. Before clustering is performed, the 

dataset is examined to identify missing values, duplicate records, inconsistent formats, and 

potential anomalies in the grant amounts. The relevant numerical attributes are then prepared 

for analysis, while institutional names and addresses are retained as supporting information for 

identifying recipients and interpreting the results. The K-Means algorithm is subsequently 

applied to group observations according to similarities in grant allocation amounts. Finally, the 

clustering results are evaluated and interpreted to describe the characteristics of each group. 

Since the primary quantitative attribute is the nominal grant amount, the findings represent grant 

allocation patterns rather than direct measurements of institutional need or funding priority. 

 

 
Figure 1. Research Methodology 

1. Data Collection 

The first stage involves collecting educational grant recipient data from North Sumatra 

Province for the 2023–2026 period. The dataset contains administrative information, 

including recipient record numbers, institutional names and addresses, and nominal grant 
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amounts. The data are organized into annual worksheets, enabling the researcher to examine 

funding allocation characteristics across different years. These records provide the primary 

data source for the clustering process. At this stage, the structure and completeness of the 

available attributes are also examined to determine their suitability for subsequent analysis. 

2. Data Preprocessing 

Data preprocessing is conducted to improve data quality before applying the clustering 

algorithm. This stage includes checking missing values, identifying duplicate records, 

standardizing numerical formats, and examining inconsistent entries in the grant amount 

field. Potentially unusual values are also investigated to determine whether they represent 

valid grant allocations or data entry errors. Institutional names and addresses are reviewed 

to maintain consistent recipient identification. These procedures are important because 

inaccurate or inconsistent data may affect the calculation of cluster centroids and the 

assignment of observations to clusters.  

3. Feature Selection 

Feature selection determines the attributes used as input variables for the clustering process. 

In this study, the nominal grant amount is selected as the primary numerical feature because 

it directly represents the funding allocation received by each institution. Recipient names 

and addresses are retained as identification attributes to facilitate the interpretation of 

clustering results but are not directly included as numerical inputs in the K-Means algorithm. 

This separation ensures that the clustering process is based on meaningful quantitative 

information rather than arbitrary numerical representations of institutional identities. 

4. Data Transformation 

Data transformation prepares the selected numerical attributes for analysis. The grant 

amount field is converted into a consistent numerical format to ensure compatibility with the 

K-Means algorithm. Descriptive statistics and the distribution of grant amounts are 

examined to identify differences in scale and potential extreme values. If necessary, an 

appropriate transformation or scaling technique can be considered, provided that its effect 

on the interpretation of grant amounts is clearly evaluated. Because the analysis primarily 

uses one numerical feature, the transformation process focuses on maintaining data 

consistency and ensuring that the resulting clusters remain interpretable in terms of funding 

allocation. 

5. K-Means Clustering 

At this stage, the K-Means algorithm is applied to group grant recipient records according 

to similarities in their nominal grant amounts. The algorithm begins by determining the 

number of clusters and initializing their centroids. Each observation is assigned to the nearest 

centroid based on Euclidean distance, after which the centroids are recalculated using the 

mean values of the observations assigned to each group. These steps are repeated until the 

cluster assignments stabilize or the stopping criterion is satisfied. The resulting groups may 

represent relatively low, moderate, and high grant allocation levels, depending on the 

observed data distribution and the selected number of clusters. The number of clusters should 

be determined through an appropriate evaluation procedure rather than assumed in advance. 

6. Cluster Evaluation and Interpretation 

The final stage evaluates the clustering results and interprets the characteristics of each 

group. Evaluation can be performed using the Elbow Method to examine the relationship 

between the number of clusters and the within-cluster sum of squares, together with the 

Silhouette Coefficient to assess cluster cohesion and separation. The number of observations, 

mean grant amount, median grant amount, and range of funding values can then be 

summarized for each cluster. These results provide a descriptive overview of how grant 

recipients are distributed across different allocation levels. The findings can support further 

examination of grant distribution patterns in North Sumatra Province, although identifying 
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schools with the greatest funding needs would require additional indicators, such as student 

enrollment, infrastructure conditions, and socioeconomic characteristics. 

 

Results 

This study analyzed 4,228 individual grant recipient records from the annual worksheets 

covering 2023–2026. The records contain institutional names and addresses and nominal grant 

amounts, which serve as the principal quantitative attribute in the clustering process. Annual 

summary rows that did not identify individual recipients were excluded so that the analysis 

reflects recipient-level observations rather than duplicated totals. 

The results are presented through annual descriptive statistics, cluster profiles, and visual 

summaries. Annual recipient counts and total grant values provide complementary perspectives 

on the available records and the nominal distribution of funding. The number of records in a 

year should be interpreted in light of data coverage, while mean and median grant amounts help 

describe the distribution and the potential influence of unusually large allocations. 

The K-Means algorithm was applied to the natural-log-transformed grant amount, ln(1 + 

grant amount), and configured to produce three clusters. The clusters were ordered by their 

median nominal grant values and described as lower, moderate, and higher allocation profiles. 

The silhouette coefficient for this one-feature clustering was 0.609. The resulting groups 

describe funding allocation characteristics only and do not directly measure institutional need, 

educational quality, or eligibility for future grants. 

 

4.1 Annual Recipient Records and Grant Allocation 

The annual record counts show the volume of recipient-level data available for each year. 

Total grant values summarize the nominal funding recorded in the individual entries, while 

mean and median grant amounts describe the distribution from different perspectives. A 

difference between the mean and median may indicate that a small number of large allocations 

influence the average. These figures provide a descriptive overview; year-to-year differences 

should not be interpreted as changes in educational need unless data completeness and annual 

recording criteria are comparable. 

 

Table 1 summarizes annual record counts and the nominal grant allocation statistics. 

Year 
Recipient 

records 
Total grant Mean grant Median grant 

2023 1,803 Rp 283.037.000.000 Rp 156.981.143 Rp 100.000.000 

2024 1,585 Rp 268.828.070.000 Rp 169.607.615 Rp 100.000.000 

2025 468 Rp 115.492.000.000 Rp 246.777.778 Rp 105.000.000 

2026 372 Rp 64.035.000.000 Rp 172.137.097 Rp 150.000.000 

 

4.2 K-Means Cluster Characteristics 

The three groups distinguish lower, moderate, and higher allocation profiles based on their 

median grant values. The number and share of records show the prevalence of each profile in 

the dataset. Median values are useful alongside means because unusually large grants can raise 

the average. The cluster labels are descriptive and should not be treated as rankings of 

institutional need, since the clustering input is the nominal grant amount rather than direct 

indicators of educational conditions. 

 

Table 2 presents the three K-Means clusters, ordered by increasing median grant 

amount. 
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Cluster 
Allocation 

profile 
Records Share Median grant Mean grant 

Cluster 1 
Lower 

allocation 
1,120 26.5% Rp 50.000.000 Rp 55.110.911 

Cluster 2 
Moderate 

allocation 
1,829 43.3% Rp 100.000.000 Rp 116.376.982 

Cluster 3 
Higher 

allocation 
1,279 30.3% Rp 250.000.000 Rp 357.165.246 

 

 

4.3 Cluster Distribution by Year 

This table makes it possible to compare the prevalence of each allocation profile within 

each annual worksheet. Absolute cluster counts should be considered alongside each year's total 

records, because years with fewer observations will naturally tend to have fewer entries in each 

cluster. The table supports descriptive comparison of allocation patterns, but it does not 

establish why these patterns occurred or whether one group should receive future grants first. 

 

Table 3 provides a year-by-year breakdown of the records assigned to each cluster. 

Year 
Cluster 1 

Lower 

Cluster 2 

Moderate 

Cluster 3 

Higher 
Total 

2023 534 797 472 1,803 

2024 364 706 515 1,585 

2025 154 178 136 468 

2026 68 148 156 372 

 

4.4 Visual Analysis 

Figure 2 makes annual data coverage easy to compare. The height of each bar represents 

the number of individual recipient entries available in that year. Lower counts in later years 

should be understood as a feature of the supplied records, not automatically as evidence of 

declining demand or reduced support. 

 

 
Figure 2. Number of grant recipient records by year. 
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Figure 3. Total nominal grant allocation by year. 

 

Figure 3 compares the total recorded grant amount for each year, expressed in billions of 

Indonesian rupiah. This view complements recipient counts: a year with fewer records may still 

have a large total if the amounts recorded for recipients are higher. Both the volume of records 

and the grant values are therefore important when describing annual allocation. 

 

 
Figure 4. Distribution of recipient records across K-Means clusters. 

 

Figure 4 shows the size and percentage of the lower, moderate, and higher allocation clusters. 

The labels above the bars help readers compare the frequency of each profile without needing 

to calculate percentages from the table. The chart describes grant-size patterns only and should 

not be interpreted as a direct measure of need or priority. 

. 
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Discussion 

The results demonstrate that the K-Means algorithm can be used to organize educational 

grant recipient records into three distinct allocation clusters based on the nominal amounts of 

grants received during the 2023–2026 period. The resulting clusters represent lower, moderate, 

and higher grant allocation profiles, providing a structured overview of the distribution of 

financial assistance among recipient institutions. This grouping helps transform administrative 

records into interpretable information that can facilitate the examination of funding distribution 

patterns. Furthermore, the combination of annual descriptive statistics and cluster profiles 

provides complementary perspectives on the available data, allowing differences in recipient 

counts and grant amounts to be examined more systematically. However, the interpretation of 

these patterns must consider variations in annual record coverage and the possibility that a small 

number of large allocations may influence the overall distribution. Consequently, the cluster 

results should be understood as descriptive representations of grant allocation characteristics 

rather than definitive evidence of funding adequacy or institutional priority. 

The findings also highlight the potential and limitations of applying unsupervised 

learning to educational grant management. K-Means provides a practical approach for 

identifying groups with similar numerical characteristics without requiring predefined recipient 

categories. Nevertheless, because the clustering process in this study primarily uses nominal 

grant amounts, the resulting groups cannot independently determine which institutions have the 

greatest educational needs or should receive future funding first. A comprehensive needs-based 

assessment would require additional variables, including student enrollment, classroom and 

infrastructure conditions, availability of educational facilities, socioeconomic characteristics, 

and existing institutional resources. Moreover, the differences in record counts across the four 

annual worksheets should be considered when interpreting changes in allocation patterns over 

time. Future research could incorporate these additional indicators, compare alternative 

clustering configurations, and evaluate cluster stability to develop a more comprehensive 

decision-support framework for educational grant allocation in North Sumatra Province. 

 

Conclusion  

This study applied the K-Means clustering algorithm to analyze the characteristics of 

educational grant recipients in North Sumatra Province using administrative data from 2023 to 

2026. The analysis grouped recipient records into three clusters representing lower, moderate, 

and higher grant allocation levels based on the nominal amounts received. The results provide 

a structured overview of grant distribution patterns and demonstrate the potential of K-Means 

to organize administrative funding data into more interpretable groups. The combination of 

annual descriptive statistics and cluster analysis also facilitates the examination of differences 

in recipient records and grant allocation characteristics across the observed period. 

The findings indicate that K-Means can serve as an exploratory analytical tool to support 

the evaluation of educational grant distribution. However, the resulting clusters describe 

funding allocation characteristics and do not directly measure institutional needs or determine 

which schools should receive priority in future funding programs. Further research should 

incorporate additional indicators, such as student enrollment, infrastructure conditions, 

socioeconomic characteristics, and the availability of educational facilities, to develop a more 

comprehensive needs-based assessment. The integration of these indicators with clustering 

techniques could provide stronger analytical support for transparent, evidence-based, and more 

equitable educational grant allocation in North Sumatra Province. 
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