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Abstract

Small and Medium Industries (SMIs) play an important role in supporting regional economic
growth, creating employment opportunities, and strengthening local economic development.
However, differences in investment value, workforce size, and production performance create
challenges in identifying and mapping the potential of each industrial unit. Therefore, a
systematic analytical approach is required to group industries based on their characteristics
and provide useful information for regional development planning. This study aims to apply
the K-Means Clustering algorithm to map and analyze the potential of Small and Medium
Industries based on production, investment, and labor characteristics. The research uses
secondary data from the SMI database in Tanjungbalai City, North Sumatra, Indonesia,
covering the 2021-2026 period. The initial dataset consists of 709 industrial records, with 708
complete records selected for the clustering process. Three numerical attributes are used as
the main clustering variables, namely workforce size, investment value, and production value.
The research stages include data collection, preprocessing, feature selection, data
transformation, standardization, K-Means implementation, and cluster evaluation. The
clustering results produce three groups: 502 records (70.90%) classified as low potential, 195
records (27.54%) as medium potential, and 11 records (1.55%) as high potential. Model
evaluation generates a Davies-Bouldin Index (DBI) of 0.814 and a Silhouette Coefficient of
0.436. These findings indicate that K-Means Clustering can identify differences in industrial
characteristics and provide structured information regarding the distribution of SMI potential.
The results are expected to support government institutions in determining development
priorities, improving investment capacity, strengthening workforce utilization, and
formulating more targeted industrial development strategies based on data-driven decision-
making.
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Introduction

Industri Kecil dan Menengah (IKM) merupakan salah satu sektor penting dalam
mendukung pertumbuhan ekonomi daerah, menciptakan lapangan pekerjaan, serta
meningkatkan kesejahteraan masyarakat. Keberadaan IKM memiliki peran strategis dalam
mengembangkan potensi ekonomi lokal melalui berbagai jenis kegiatan produksi, seperti
industri pangan, sandang, logam, kerajinan, dan mebel. Perkembangan sektor IKM tidak hanya
dipengaruhi oleh jumlah unit usaha, tetapi juga oleh kemampuan produksi, nilai investasi, serta
jumlah tenaga kerja yang terlibat dalam kegiatan operasionalnya. Oleh karena itu, diperlukan
pengelolaan data IKM yang baik agar potensi dan karakteristik setiap industri dapat diketahui
secara lebih terstruktur sebagai dasar dalam menentukan arah pengembangan industri [1] [2].

Dalam praktiknya, pengelolaan data Industri Kecil dan Menengah masih menghadapi
tantangan dalam mengidentifikasi tingkat potensi dan karakteristik masing-masing unit usaha.
Data industri yang mencakup jenis produksi, cabang industri, jumlah tenaga kerja, nilai
investasi, kapasitas produksi, dan nilai produksi memiliki karakteristik yang beragam sehingga
sulit dianalisis hanya melalui pengamatan secara konvensional. Perbedaan nilai investasi,
kapasitas produksi, serta jumlah tenaga kerja menyebabkan setiap IKM memiliki tingkat
kemampuan dan potensi usaha yang berbeda. Apabila data tersebut hanya digunakan sebagai
informasi administratif, maka informasi yang dihasilkan belum sepenuhnya mampu
memberikan gambaran mengenai kelompok industri yang memiliki potensi tinggi, sedang,
maupun rendah. Kondisi ini menunjukkan perlunya pendekatan analisis berbasis data untuk
memperoleh informasi yang lebih terukur dan sistematis[3] [4] .

Pemanfaatan teknologi Data Mining dan Machine Learning dapat menjadi salah satu
pendekatan untuk mengatasi permasalahan tersebut. Salah satu metode yang dapat digunakan
adalah algoritma K-Means Clustering, yaitu metode pengelompokan data berdasarkan tingkat
kemiripan karakteristik antarobjek ke dalam sejumlah kelompok atau cluster. Algoritma K-
Means bekerja dengan menentukan sejumlah centroid sebagai pusat kelompok, kemudian
menghitung jarak setiap data terhadap centroid untuk menentukan keanggotaan cluster. Dalam
penelitian ini, algoritma K-Means dimanfaatkan untuk mengelompokkan IKM berdasarkan
karakteristik produksi, nilai investasi, dan jumlah tenaga kerja. Melalui proses clustering, data
industri yang memiliki karakteristik serupa dapat dikelompokkan sehingga menghasilkan
informasi mengenai pola dan tingkat potensi masing-masing kelompok industri [5] [6] .

Penelitian ini menggunakan dataset Industri Kecil dan Menengah periode 2021-2026
yang diperoleh dari data direktori perusahaan IKM pada seluruh kecamatan di Kota
Tanjungbalai. Berdasarkan dataset yang digunakan, terdapat 709 data industri dengan sejumlah
atribut, antara lain jenis produksi, cabang industri, tenaga kerja, nilai investasi, kapasitas
produksi, nilai produksi, dan tahun data. VVariabel-variabel tersebut menjadi dasar dalam proses
analisis dan pengelompokan potensi IKM. Tahapan penelitian meliputi pengumpulan data,
preprocessing, seleksi atribut, normalisasi data, penentuan jumlah cluster, penerapan algoritma
K-Means, serta interpretasi hasil pengelompokan. Hasil clustering selanjutnya dianalisis untuk
mengetahui karakteristik setiap kelompok berdasarkan indikator yang digunakan, sehingga
dapat memberikan gambaran mengenai distribusi potensi industri secara lebih objektif [7] [8].

Berdasarkan permasalahan tersebut, penelitian ini bertujuan menerapkan algoritma K-
Means Clustering untuk melakukan pemetaan dan analisis potensi Industri Kecil dan Menengah
berdasarkan karakteristik produksi, investasi, dan tenaga kerja. Hasil penelitian diharapkan
dapat menghasilkan pengelompokan IKM ke dalam beberapa kategori potensi berdasarkan
karakteristik masing-masing unit usaha. Selain memberikan informasi mengenai pola
pengelompokan industri, penelitian ini juga diharapkan dapat menjadi salah satu sumber
informasi pendukung bagi pemerintah daerah dalam memahami kondisi sektor IKM dan
menentukan prioritas pembinaan serta pengembangan industri. Dengan demikian, penerapan
K-Means Clustering diharapkan mampu memberikan kontribusi dalam pemanfaatan teknologi
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Machine Learning untuk mendukung analisis data industri dan pengambilan keputusan berbasis
data[9].

Literature Review

1. Small and Medium Industries (SMIs)
Small and Medium Industries (SMIs) are important sectors in supporting regional economic
development through production activities, employment opportunities, and the utilization of
local economic resources. The development of SMIs can be assessed through several
indicators, including the number of workers, investment value, production capacity, and
production value. These indicators provide information about the operational characteristics
and economic potential of each industrial unit. Differences in investment, workforce size,
and production capacity indicate that each industry has different levels of business
development and productivity. Therefore, analyzing these indicators is important to identify
the characteristics and potential of SMIs systematically. In this study, SMI data are analyzed
to identify groups of industries with similar production, investment, and workforce
characteristics [10] [11].

2. K-Means Clustering Algorithm
Data Mining is a process of extracting useful information and identifying patterns from large
datasets through statistical, computational, and machine learning techniques. One of the
important techniques in Data Mining is clustering, which aims to group data objects based
on similarities in their characteristics without requiring predefined class labels. Clustering
can be applied to various fields, including business analysis, industrial development,
economic mapping, and decision support systems. In the context of SMIs, clustering enables
industrial units to be grouped according to similarities in investment value, production
capacity, production value, and workforce size. Previous research by Marcelina et al. (2023)
demonstrated that K-Means Clustering could classify small and medium enterprises into
three groups based on financial performance, product sales, and marketing strategies. The
resulting clusters provided information to support more targeted SME development
strategies [12] [13] .
3. Application of K-Means for Sales Data Clustering

K-Means Clustering is an unsupervised machine learning algorithm used to divide a dataset
into a predetermined number of clusters based on the distance between data points and
cluster centroids. The algorithm works iteratively by determining initial centroids,
calculating the distance of each data point to the centroids, assigning data points to the
nearest cluster, and updating the centroid values until the clustering process converges. One
commonly used distance measurement is Euclidean Distance, which calculates the geometric
distance between data points and cluster centers. K-Means is widely used because of its
relatively simple implementation, computational efficiency, and ability to identify patterns
in numerical datasets. Previous research by Sudrajat et al. (2022) applied K-Means to group
SMEs in South Sumatra and demonstrated its ability to classify business data into different
clusters. In addition, research by Silitonga et al. (2025) applied K-Means to map small and
micro industries across districts and cities in North Sumatra based on business units,
workforce, and capital loans, producing three potential categories: low, medium, and high
[14].

Research Methodology
This study applies a quantitative research approach using data mining techniques to
analyze and map the potential of Small and Medium Industries (SMIs) based on production,
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investment, and workforce characteristics. The research uses secondary data obtained from the
Small and Medium Industries database for the 2021-2026 period in Tanjungbalai City, North
Sumatra, Indonesia. The dataset contains industrial information, including business categories,
production types, workforce size, investment value, production capacity, and production value.
The data are processed systematically to identify similarities and differences among industrial
units through the K-Means Clustering algorithm.

The research stages consist of data collection, data preprocessing, feature selection and
normalization, determination of the number of clusters, implementation of the K-Means
Clustering algorithm, and cluster evaluation and interpretation. Each stage is designed to ensure
that the resulting clusters accurately represent the characteristics of the observed industrial data.
The clustering results are expected to classify SMIs into different potential categories,
providing useful information for understanding industrial conditions and supporting data-driven
decision-making for regional industrial development.

The research process consists of six systematic stages, starting from data collection and
ending with the evaluation and interpretation of clustering results. Each stage is carried out
sequentially to ensure that the data processing process produces relevant and reliable
information regarding the potential of Small and Medium Industries.

K-Means

Clustering iy

Feature Determination
Selection and of Number of

Normalization Clusters

Data
Preprocessing

Evaluation and
Interpretation

Data Collection .
Implementatio

n

Figure 1. Research Methodology

1. Data Collection
The first stage involves collecting secondary data on Small and Medium Industries (SMIs)
in Tanjungbalai City for the 2021-2026 period. The data contain information about business
names, production types, industrial sectors, workforce size, investment value, production
capacity, and production value. These data are obtained from the industrial database and
serve as the primary source for the research analysis. The collected data are subsequently
used to identify the characteristics and potential of each industrial unit.

2. Data Preprocessing
The second stage involves preparing the collected data to ensure that they are suitable for
the clustering process. This process includes checking incomplete records, identifying
duplicate data, examining inconsistent data formats, and handling invalid numerical values.
Data preprocessing is necessary because the quality and consistency of the dataset can
influence the accuracy of the clustering results. Through this stage, the dataset is prepared
in a structured format for further analysis.

3. Feature Selection and Normalization
The third stage focuses on selecting the variables that are relevant to identifying the potential
of Small and Medium Industries. The selected variables consist of investment value,
workforce size, production capacity, and production value. These variables are considered
important because they represent the financial, operational, and production characteristics of
each industrial unit. After feature selection, data normalization is performed to ensure that
all variables have comparable measurement scales, preventing variables with larger
numerical values from dominating the clustering process.

4. Determination of Number of Clusters
The fourth stage involves determining the appropriate number of clusters for grouping the
industrial data. The Elbow Method is used to examine different cluster configurations and
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identify the optimal number of groups based on the changes in clustering error. This process
helps determine the most suitable cluster structure for representing the characteristics of the
industrial dataset. The study considers three potential categories, namely high, medium, and
low, with the final classification determined by the clustering results.

5. K-Means Clustering Implementation
The fifth stage involves implementing the K-Means Clustering algorithm to group industrial
units according to similarities in their selected characteristics. The algorithm begins by
determining initial cluster centers, assigning each data point to the nearest cluster, and
updating the cluster centers based on the assigned data. This process is repeated until the
cluster assignments become stable. The resulting groups represent industrial units with
similar characteristics in terms of investment, workforce, production capacity, and
production value.

6. Cluster Evaluation and Interpretation
The final stage involves evaluating and interpreting the clustering results to determine the
quality and characteristics of each group. The Davies-Bouldin Index (DBI) is used to
evaluate clustering performance, where a lower value indicates better cluster separation and
compactness. Furthermore, each cluster is analyzed based on its centroid characteristics to
identify the differences in investment, workforce, production capacity, and production value.
The final results are used to classify industrial potential into high, medium, and low
categories and provide information for supporting regional industrial development
strategies.

Results

The analysis uses the Small and Medium Industries (SMIs) directory for Tanjungbalai City
covering the 2021-2026 data period. The source workbook contains 709 records and provides
information on enterprise identity, location, production type, industrial branch, workforce,
investment, production capacity, production unit, production value, and data year. For the
clustering analysis, 708 records with complete values for workforce, investment, and
production value were retained. These three numerical indicators were selected to represent
labor input, financial resources, and production output.

The results are organized into three tables and three figures. Table 1 presents the dataset
profile and descriptive statistics of the numerical attributes. Table 2 provides the complete
distribution of records by data year and normalized industrial branch. Table 3 summarizes the
K-Means clusters and their numerical characteristics. The figures visualize the annual data
distribution, industrial branch composition, and final cluster proportions.

1. Dataset Overview and Descriptive Statistics

Table 1 summarizes the scope of the source dataset, the completeness of the selected
attributes, and the descriptive statistics of the numerical indicators available in the IKM
directory.

Table 1. Dataset profile and descriptive statistics of numerical attributes.

Indicator Result / descriptive statistics
DATASET PROFILE
Total records in source dataset 709
Data period 2021-2026
Distinct enterprise names recorded 617
Records with complete clustering attributes 708
Records excluded due to missing workforce 1
value
Selected clustering attributes Workforce, investment, production value
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Number of clusters in final model 3
VALID N | MINIMUM | MEDIAN | MEAN
NUMERICAL ATTRIBUTE | MAXIMUM

Workforce (persons)

708(1.00 | 1.00 [ 1.75 | 72.00

Investment (IDR)

709 (100,000 | 2,415,000 | 18,306,571 |

1,000,000,000
Production capacity (recorded units) 709 11'02 |3%6088 l)(2)0,478.36 |
Production value (IDR) 709 | 550,0004|63gé07026%080|0197,124,275 |

The source dataset contains 709 records and 617 distinct enterprise-name entries. Since
some enterprise names may appear in more than one data year, the number of distinct names is
not treated as an exact count of active enterprises. The workforce attribute contains one missing
value, while investment, production capacity, production value, and data year are available for
all records. Therefore, 708 complete records were used in the clustering process. The
descriptive statistics also show substantial differences between minimum, median, mean, and
maximum values, particularly for investment and production value, indicating a strongly right-
skewed distribution.

2. Distribution of IKM Records

Table 2 presents the full distribution of records across the six data years and the industrial
branches recorded in the source file. Variants in spelling and capitalization were consolidated
for descriptive reporting only.

Table 2. Distribution of IKM records by year and industrial branch

Category Number of records Percentage
Distribution By Data Year
2021 50 7.05%
2022 50 7.05%
2023 129 18.19%
2024 326 45.98%
2025 137 19.32%
2026 17 2.40%
Total by year 709 100.00%
Distribution By Industrial Branch
Food 335 47.25%
Clothing 269 37.94%
Metal 60 8.46%
Crafts 28 3.95%
Furniture 13 1.83%
Not recorded 4 0.56%
Total by branch 709 100.00%

The annual distribution shows that 2024 has the largest number of records, with 326
records (45.98%), followed by 2025 with 137 records and 2023 with 129 records. The industrial
branch distribution is dominated by Food with 335 records, followed by Clothing with 269
records and Metal with 60 records. Minor spelling variants such as capitalization and
typographical differences were consolidated into the corresponding branch categories;
unrecognized or blank entries remain reported separately as recorded/unclassified. These
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distributions describe the composition of the provided directory and should not be interpreted
as a complete census of all IKM activity.

CLUSTER MAP OF SMALL AND MEDIUM INDUSTRIES
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High potential | 11 records
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Figure 1. PCA-based scatter plot of IKM records grouped by K-Means clusters.

Figure 1 presents the distribution of IKM records in a two-dimensional space produced
by Principal Component Analysis (PCA) from the three standardized clustering attributes. Each
point represents one IKM record, while different colors indicate the low-, medium-, and high-
potential clusters generated by K-Means. The X-shaped markers represent the cluster centroids
projected into the same PCA space. The first two principal components retain 88.65% of the
total variance, providing a useful two-dimensional representation of the clustering structure.

INVESTMENT AND PRODUCTION VALUE BY POTENTIAL CLUSTER

Low potential (502)
Medium potential (195)
High potential (11)

10%° =
10° =
10° o
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Production value (IDR, logarithmic scale)
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Bubble size represents the number of workers; each point represents one IKM record

Figure 2. Scatter plot of investment value and production value by K-Means cluster
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Figure 2 maps each IKM record according to its investment value and production value. The
horizontal and vertical axes use logarithmic scales to make observations with substantially
different monetary values visible in the same plot. Colors distinguish the three K-Means
potential groups, while X-shaped markers indicate the median investment and median
production value within each group. The visualization shows how the clusters differ in their
financial input and production output profiles.

3. K-Means Clustering Results

The K-Means model was applied to the three selected numerical attributes: workforce,
investment value, and production value. Because these variables have different scales and
highly skewed distributions, a logarithmic transformation followed by standardization was
applied before model training. Candidate cluster numbers from K = 2 to K = 6 were compared
using the Davies-Bouldin Index (DBI).

Table 3. K-Means clustering evaluation and cluster characteristics.

Cluster / Records / Share / Mean Mean investment /
model DBI Silhouette workforce mean production
MODEL
EVALUATIO
N
K=2 0.930 0.475
K=3 0.814 0.436 Selected
K=4 1.026 0.295
K=5 0.956 0.319
K=6 0.873 0.334
CLUSTER
PROFILE
. IDR 2,257,789 / IDR
Low potential 502 70.90% 1.23 25 889 426
Medium IDR 32,568,970 / IDR
potential 195 27.54% 183 485,319,586
. : IDR 497,272,727 | IDR
High potential 11 1.55% 23.82 2.917,027.273
Total 708 100.00% — —

Among the tested configurations, K = 3 achieved the lowest DBI value (0.814), compared
with K =2, 4,5, and 6. The three-cluster solution was therefore used for the final grouping. The
corresponding Silhouette Coefficient was 0.436. The low-potential cluster contains 502 records
(70.90%), with an average workforce of 1.23, average investment of IDR 2,257,789, and
average production value of IDR 25,889,426. The medium-potential cluster contains 195
records (27.54%), while the high-potential cluster contains 11 records (1.55%). The high-
potential group has the highest average values across the selected attributes, but its small size
means that individual records should be reviewed before using the result to prioritize assistance
or development programs.
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STANDARDIZED CHARACTERISTICS OF EACH IKM CLUSTER

- 1.5

Low potential - -0.24 -0.49 -0.46 - 1.0

Medium potential - 0.0

Mean standardized value
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High potential - --1.0
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Positive values indicate above-average levels; negative values indicate below-average levels within the analyzed dataset.

Figure 3. Bubble scatter plot of workforce and production value across K-Means
clusters.

Figure 3 illustrates the relationship between workforce size and production value for each
IKM record. The color of each point represents its K-Means potential category, while bubble
size reflects the relative investment value. The horizontal axis uses a symmetric logarithmic
scale to accommodate records with very small or zero workforce values, and the vertical axis
uses a logarithmic scale to display the wide range of production values. This visualization
makes it possible to compare labor input and production output while retaining investment
information through bubble size.

Discussion
The results demonstrate that the K-Means Clustering algorithm can identify and group

Small and Medium Industries (SMIs) based on workforce size, investment value, and
production value. The analysis of 708 records produced three clusters: low potential consisting
of 502 records (70.90%), medium potential consisting of 195 records (27.54%), and high
potential consisting of 11 records (1.55%). These findings indicate that most industrial records
have relatively low investment and production characteristics, while only a small proportion
demonstrate higher workforce involvement and production capacity. The clustering results
provide an overview of the differences in industrial characteristics and can help identify groups
of businesses with similar development potential.

The model evaluation produced a Davies-Bouldin Index (DBI) of 0.814 and a Silhouette
Coefficient of 0.436, indicating that the clustering model identifies distinguishable groups,
although some similarities between clusters remain. The PCA visualization explains 88.65% of
the total data variance through its first two principal components, supporting the visual
interpretation of the clustering structure. These findings can support regional industrial
development planning by providing information for prioritizing assistance, improving
investment capacity, strengthening workforce development, and increasing production
performance. Therefore, K-Means Clustering can serve as an analytical approach to support
data-driven decision-making in the development of Small and Medium Industries..
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Conclusion

This study demonstrates that the K-Means Clustering algorithm can be applied to map
and analyze the potential of Small and Medium Industries (SMIs) based on workforce size,
investment value, and production value. Using 708 complete records, the clustering process
generated three groups consisting of 502 low-potential records (70.90%), 195 medium-potential
records (27.54%), and 11 high-potential records (1.55%). These results reveal differences in
industrial characteristics, particularly in terms of investment, workforce involvement, and
production performance. The model achieved a Davies-Bouldin Index (DBI) of 0.814,
indicating the quality of the resulting cluster structure.

The findings provide useful information for understanding the distribution of SMI
potential and supporting data-driven industrial development planning. The clustering results
can assist policymakers in identifying industrial groups that require different development
priorities, including investment support, workforce improvement, production optimization, and
business expansion. Future research is expected to incorporate additional variables, such as
market access, business revenue, and production efficiency, to improve the comprehensiveness
of industrial potential analysis.
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