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Abstract: This research aims to determine the best final clustering results and
clustering statistics for regencies/cities in Central Sulawesi based on
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The methods used in this research are the mixed data Ensemble K-Modes and
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1. Introduction

Cluster analysis is a multivariate technique primarily aimed at grouping objects based on their
statistical attributes. It classifies objects so that each object is most similar to others within
the same cluster (Mara & Intisari, 2013). Objects within the same cluster share similar
characteristics, distinguishing them from objects in other clusters (Yulianto & Hidayatullah,
2014). There are two main approaches in cluster analysis: hierarchical and non-hierarchical
methods. The hierarchical approach identifies group structures through agglomerative
(merging) or divisive (splitting) methods, whereas non-hierarchical approaches, like C-Means,
are more suitable when the number of clusters is predetermined (Purnamasari, 2011).
However, C-Means is less ideal if objects fall between two or more partitions, leading to the
development of Fuzzy C-Means (FCM), a fuzzy approach allowing objects to belong to more
than one cluster with a certain degree of membership (Anggara Cahya Putra & Dwi Hartomo,
2021).

For categorical data, the K-Modes method an adaptation of C-Means provides efficient
clustering by updating attribute modes as cluster centers (Suguna & Arul Selvi, 2012).
However, this method has limitations with mixed data types, including numerical and
categorical data. In some cases, data transformation techniques can standardize variable
scales, though these transformations often risk losing essential information from the original
data.

Another approach to clustering mixed data is Ensemble Clustering methods, such as
Ensemble K-Modes, which combine the clustering results of numerical and categorical data.
The Similarity Weight and Filter Method (SWFM) is a mixed data clustering method that uses
hierarchical partitioning for numerical data and K-Modes for categorical data (Science dkk.,
2023). The strengths of SWFM include efficient multidimensional use, lower time complexity,
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and effective distance measurement, even when cluster boundaries are irregular (Reddy &
Kavitha, 2012). In the context of underdeveloped region indicators, which comprise both
numerical and categorical data, the Ensemble K-Modes and SWFM approach can be used to
cluster regencies and cities in Central Sulawesi according to the criteria for underdeveloped
regions as defined by Presidential Regulation No. 63 of 2020.

2. Literature Review
2.1. Fuzzy C-Means

Fuzzy C-Means (FCM) is a data clustering technique where the presence of each data point
in a cluster is determined by a degree of membership (H. L. Sati & Suranti, 2016). Fuzzy C-
Means allows data to be a member of any class or cluster formed, with a membership degree
between 0 and 1 (Kusuma & Sangadji, 2016).

The basic concept of Fuzzy C-Means is to find cluster centers that will represent the average
position of each cluster. Each data point has a degree of membership for each cluster. By
adjusting the cluster center values and the membership degree for each data point, the cluster
centers will be positioned correctly (Muhardi, 2019). One method for determining
membership values is through a function-based approach (Arifah dkk., 2017). Commonly
used functions include :
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Figure 1. Representation of an Increasing Linear Curve

The formula for finding the membership function is as follows (Arifah dkk., 2017) :
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Representation of an Descreasing Linear Curve
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Figure 2. Representation of a Decreasing Linear Curve

The formula for finding the membership function is as follows (Arifah dkk., 2017) :
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Figure 3. Representation of a Triangular Curvae

The formula for finding the membership function is as follows (Tiro & Rasyid, 2018) :
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0 or other values of x

One method for determining the ideal number of clusters in numerical data clustering is the
Pseudo-F statistic, which compares the between-cluster and within-cluster variability to
determine the optimal number of clusters (Orpin & Kostylev, 2006). The highest value of
the Pseudo F-statistic indicates that the number of clusters used to partition the data is
optimal (Solikin dkk., 2021). Below is the formula to calculate the Pseudo P-statistic value

(Solikin dkk., 2021):
)
pseudo F — statistics = -4 4)
n-k
Where
RZ = (SST—-SSw) (5)
SST
—\2
SST = Xty Loy Zieey (xij — X)) ©)
SSW = 31y 2o Doy (Xijk — Kx)? @)

After calculating the optimal number of clusters for each membership function, the optimum

membership function is determined based on the Internal Cluster Dispersion (ICD) Rate.

(SST—SSW)

ICDrate=1 (8)
SST

2.2. Similarity Weight and Filter Method

Clustering in the Similarity Weight and Filter Method (SWEFM) is similar to the ensemble
concept but differs in the final cluster formation stage. In ensemble clustering, the final
clustering uses an algorithm for categorical data. SWEFM, on the other hand, applies an
algorithm based on Similarity Weight and Filter Method. The SWFM stage involves a
similarity measure that includes weighting factors based on the number of clusters formed,
as formulated by Reddy & Kavitha

. Sij . .

sim(X;, X;) = Zisni,jsnim'l *j )
The Similarity Weight-based filter method algorithm can be used to cluster mixed data. The
first step is to divide the data into sub-data for categorical and numerical data. Each sub-data
is clustered based on its data type to produce appropriate clusters. The clustering results for

numerical and categorical data are then combined to obtain the final clustering using the filter
method (Reddy & Kavitha, 2012).

Xp, X)) = X0, 7L, wipd (X, X)) (10)
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2.3. Underdeveloped Areas

An underdeveloped area refers to a district whose region and community are less developed
compared to other areas at the national level (R. Sari, 2014). As outlined in Presidential
Regulation (Perpres) Number 63 of 2020 regarding the determination of underdeveloped
areas for 2020-2024, article 1, paragraph (1), “An underdeveloped area refers to a district
whose region and community are less developed compared to other areas on a national scale,”
and article 2, paragraph (1), “An area is designated as underdeveloped based on criteria such
as: the economy of the community, human resources, infrastructure, local financial capacity,
accessibility, and regional characteristics.”

3. Research Method and Materials

The type of research to be used is quantitative research. This study will collect the necessary
data, which will later employ the ensemble K-Modes and Similarity Weight and Filter Method
(SWEM) clustering methods to identify the clustering of areas and the statistical results of the
clustering of districts/cities in Central Sulawesi.

In this study, mixed data is used, consisting of both numerical and categorical scales. There
are 13 variables employed, which are based on the criteria for underdeveloped areas. These
variables include the percentage of the poor population, the Human Development Index
(HDI), life expectancy at birth, the percentage of open unemployment, the percentage of
villages with shops, the ratio of villages with the widest asphalt roads, the percentage of
villages with hospitals, population density ratio, the percentage of villages not affected by
disasters, the percentage of households with access to proper sanitation services, the presence
of industrial areas, local fiscal capacity, and drinking water sources. These variables will be
analyzed to identify the clustering of districts and cities in Central Sulawesi based on the
underdeveloped area criteria.

3.1. Research Steps
The data analysis techniques in this study are as follows:

(1). Describing statistics for districts/cities based on underdeveloped atea indicators.
(2). Clustering districts/cities based on underdeveloped area indicators using the Ensemble

K-Modes mixed data method:

(a). Separation of numerical and categorical data.

(b). Reduction of numerical variables using factor analysis, selecting the highest variables
from each factor formed. These selected variables will be used in the numerical data
clustering analysis.

(¢). Clustering of numerical data using Fuzzy C-Means, where the initial membership
degrees are determined by calculating the distance between the objects and the
average of each variable. The optimum number of clusters is determined by looking
at the largest Pseudo-F value and ICD rate, which will produce an output with
categorical scale.

(d). Clustering of categorical data using the K-Modes method, with the optimum
number of clusters determined by the accuracy of the categorical data

(3). Clustering districts/cities based on underdeveloped area indicators using the Similarity

Weight and Filter Method (SWEFM):

(a). Preparation of data from the merging results.

(b). Clustering using Similarity Weight and its filter algorithm.

(c). Distance matrices generated by the filter algorithm are clustered using the
hierarchical method, specifically single linkage.

(d). Determining the optimum number of clusters by evaluating its accuracy.

(4). Comparing the best clustering results from the Ensemble K-Modes method and the

Similarity Weight and Filter Method (SWEFM) using the highest accuracy.

(5). Conclusion and recommendations
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Figure 4. Data Analysis Techniques

4. Results and Discussion
4.1. Factor Analysis

In factor analysis, it is necessary to meet the assumptions of correlation adequacy and variable
dependency. The assumption of correlation adequacy can be tested with the Kaiser Meyer
Olkin (KMO) measure to determine whether the variables are sufficiently correlated for
factor analysis. The KMO value should be greater than 0.50 for the analysis to proceed
(Verdian, 2019).. In this study, the KMO value is 0.717, which is greater than 0.50, indicating
that all variables in this study can be analyzed further.

Next, the assumption of variable dependency is tested. Variable dependency is examined
using Bartlett's Test to determine whether the variables are correlated with each other. If the
Bartlett’s Test result is less than the 5% significance level (x = 0.05), the variables are
considered to be correlated.

Table 1. Bartlett’s Test

Chi-Square 148.3935
P-Value 0.0001
decision Correlated

From Table 1, Bartlett's Test shows that the P-Value (0.000) < « (0.05), indicating that the
variables are correlated and can proceed to factor analysis.

Once all assumptions are met, factor analysis is conducted to identify factors that represent
all the variables in the study. Factors with eigenvalues = 1 are considered to adequately
explain the variables and are included in forming the variables (Paruntu dkk., 2021).. The
number of factors formed can be seen from the eigenvalue table.

Table 2. Eigenvalue

Component Initial Eigenvalues
Total % of Variance Cumulative %
1 6.528 65.275 65.275
2 1.250 12.503 77.778
3 0.878 8.784 86.563
4 0.733 7.330 93.893
5 0.296 2.965 96.857

73

@ G) @ This open access atticle is distributed under a Creative Commons Attribution (CC-BY-NC) 4.0
L ﬁ license.



Rais, et.al., ARRUS Journal of Engineering and Technology, Vol.05, Issue. 01 (2025)
https://doi.org/10.35877/jetech4014

ISSN [Print]: 2776-7914

6 0.189 1.887 98.744
7 0.105 1.045 99.790
8 0.018 0.176 99.965
9 0.002 0.021 99.986
10 0.001 0.014 100

Based on Table 2, there are two components with eigenvalues greater than 1, indicating that
two factors are formed. These two components account for a cumulative total variance of
77.78% for the variables. After identifying the components, the next step is to review the
component matrix to identify the members of each component. This study uses variables
with the highest loadings on the formed factors (Paruntu dkk., 2021).

Table 3. Component Matrix

Component |
1 2
X, -0.760 0.62
X, 0.960* 0.156
X3 0.620 0.630
X, 0.828 0.268
Xs 0.951 -0.013
X 0.504 -0.808*
X; 0.940 0.002
Xg 0.919 -0.037
X -0.614 0.303
X1 0.833 -0.093

Table 3 shows the component matrix, where the members of each component are
determined based on the highest component loadings. Component 1 consists of the
Percentage of Poor Population (X;), Human Development Index (X3), Open
Unemployment Rate (X,), Percentage of Villages with Shops (Xs), Percentage of Villages
with Hospitals (X;), Population Density Ratio (Xg), Percentage of Villages Without Disasters
(X9), and Percentage of Households with Access to Proper Sanitation (X;q). Component 2
consists of Life Expectancy at Birth (X3) and the Ratio of Villages with the Widest Asphalt
Roads (Xg).

From the component matrix, one variable with the highest component loading in each
component is selected for clustering numerical variables. The variable with the highest
loading in Component 1 is the Human Development Index (X3), and in Component 2, it is
the Ratio of Villages with the Widest Asphalt Roads (Xg).

4.2. Fuzzy C-Means

The next step is to cluster the regencies/cities using the Fuzzy C-Means method with two
tests. The first test uses 10 numerical variables, and the second test uses the selected variables
from the factor analysis. The goal is to determine the best clustering from these two analyses

Table 4. Pseudo F Statistics
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Number of Membership Function
Clusters Linear Up Linear Down Triangular Curve
. 2 14.0749837391 14.0749837404* 14.0749837382
VIZZSZ)T 3 11.0747819876 11.0747817106 11.0747819733
Analysis 4 8.4680872991 8.4680811502 9.2471975226
5 9.7297312964 8.9597395313 9.0000967773
2 6.3815012664 6.3815014013 6.3814997394
Factor 3 16.9421108148 16.9421108715 16.9421108317
Analysis 4 16.8080928048 16.8080915181 16.8080927573
5 18.0533858792 18.0558219043 18.5689784334*

Table 4 shows the Pseudo F Statistics values, which are used to determine the optimal
number of clusters; the higher the Pseudo F value, the more optimal the clusters. For the
FCM method without factor analysis, the optimal cluster count is 2, whereas with factor
analysis, the optimal cluster count is 5.

Table 5. ICD Rate Fuzzy C-Means

Number of Clusters ICD Rate
Without Factor Analysis 2 0.4386842
Factor Analysis 5 0.0972338

Table 5 shows the ICD Rate values, which provide information on the clustering method's
performance in group analysis; a smaller ICD Rate indicates a better method, as it reflects
smaller within-group differences. The analysis shows that the ICD Rate for the Fuzzy C-
Means (FCM) method with factor analysis is lower than without factor analysis. Therefore,
FCM clustering with factor analysis is chosen to reduce variables, apply the triangular
membership function, and form five clusters.

Table 6. Group Members 5 Clusters Fuzzy C-Means

Cluster Member
1 Kab. Donggala, Kab. Tojo Una-Una
2 Kab. Banggai Kepulauan, Kab. Toli-Toli, Kab. Buol, Kab. Parigi Moutong, Kab. Banggai Laut
3 Kota Palu
4 Kab. Morowali, Kab. Sigi, Kab. Morowali Utara
5 Kab. Banggai, Kab. Poso

4.3. K-Modes

The K-Modes method will be used to cluster categorical variables, with observation objects
placed in the appropriate groups. This study will explore the number of clusters at 2, 3, 4,
and 5 to determine the optimal number of clusters, using accuracy values to compare the
effectiveness of each grouping.

Table 7. K-Modes Accuracy Value

Number of Clusters Accuracy Value
2 0.8462
3 0.5962
4 0.2885
5 0.3462

From Table 7, the highest accuracy value for the K-Modes method is achieved with 2 clusters,
which divides the regencies/cities in Central Sulawesi into two groups: one group consisting
of 7 regions and the other consisting of 6 regions.
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Table 8. Group Members 2 Cluster K-Modes

Cluster Member
1 Kab. Banggai Kepulauan, Kab. Poso, Kab. Donggala, Kab. Buol, Kab. Tojo Una-Una, Kab.
Sigi, Kab. Banggai Laut
2 Kab. Banggai, Kab. Morowali, Kab. Toli-Toli, Kab. Parigi Moutong, Kab. Morowali Utara,
Kota Palu

4.4. Ensemble K-Modes

The optimal clustering results for numerical variables show that the best number of clusters
is 5, while for categorical variables, the optimal number is 2. After clustering each variable
type separately, the next step is to perform a combined clustering to obtain the final optimal
grouping for the mixed data. The combined clustering is done by merging the clustering
results of the numerical variable (X;) and the categorical variable (X;) to form a new variable.
The K-Modes method is applied to obtain the final clustering results based on categorical
data clustering principles.

Table 9. Ensemble K-Modes Accuracy Value

Number of Clusters Accuracy Value
2 0.7949
3 0.8462
4 0.2308
5 0.6410

According to Table 9, the highest accuracy value for the Ensemble K-Modes method is
achieved with 3 clusters, yielding an accuracy of 0.8462 (84.62%). This study selects 3 as the
optimal number of clusters, dividing the regencies/cities in Central Sulawesi into two groups:
one with 7 regions and the other with 3 regions.

Table 10. Group Members 2 Cluster Ensemble K-Modes

Cluster Member
1 Kab. Banggai Kepulauan, Kab. Poso, Kab. Donggala, Kab. Buol, Kab. Tojo Una-Una, Kab.
Sigi, Kab. Banggai Laut
2 Kab. Banggai, Kab. Morowali, Kab. Morowali Utara
3 Kab. Toli-Toli, Kab. Parigi Moutong, Kota Palu

4.5. Similarity Weight and Filter Method (SWFM)

In the SWFM method, mixed data clustering is conducted in two stages. The first stage
involves clustering each scale using the Fuzzy C-Means method for numerical variables and
the K-Modes method for categorical variables. The results of this clustering are treated as a
new categorical variable, which is then analyzed using the SWFM method.

Table 11. SWFM Accuracy Value

Number of Clusters Accuracy Value
2 0.5385
3 0.5769
4 0.7308
5 0.8077

According to Table 11, the accuracy values for the SWFM method across different cluster
counts indicate that the selected number of clusters is 5, with an accuracy of 0.8077 (80.77%).
This clustering divides the regencies /cities in Central Sulawesi into 5 groups, consisting of 8
regions, 1 region, 2 regions, 1 region, and 1 region, respectively
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Table 12. Group Members 5 Cluster SWFM

Cluster Member
1 Kab. Banggai Kepulauan, Kab. Poso, Kab. Donggala, Kab. Toli-Toli, Kab. Buol, Kab. Parigi
Moutong, Kab. Tojo Una-Una, Kab. Banggai Laut
2 Kab. Banggai
3 Kab. Morowali, Kab. Morowali Utara
4 Kab. Sigi
5 Kab. Palu

4.6. Best Mixed-Data Cllustering

The best clustering result is obtained by comparing the optimal values from mixed data
clustering using the Ensemble K-Modes and SWEFM methods. This comparison is based on
the accuracy values of the clustering results; the higher the accuracy, the better the clustering

quality.

Table 13. Comparison of Mixed Data Clustering Accuracy Values

Method Number of Clusters Accuracy Values
Ensemble K-Modes 3 0.8462
SWEM 5 0.8077

From Table 13, the comparison of mixed data clustering accuracy values shows that the
highest accuracy is achieved with the Ensemble K-Modes method using 3 clusters, reaching
0.8462. Therefore, it can be concluded that the best mixed data clustering method for
classifying the regencies/cities in Central Sulawesi based on underdeveloped atrea indicators
is the Ensemble K-Modes method

5. Conclusion

The best mixed data clustering method shows that the Ensemble K-Modes method provides
better results than SWEM, with the highest accuracy at 0.8462. Therefore, the clustering of
regencies/cities in Central Sulawesi based on underdeveloped area indicators results in 3
groups. Statistics indicate that Cluster 1, covering 53.84% of the regencies/cities, is in the
lowest condition and is categorized as underdeveloped.

The suggestion given by the author based on the results of this study is that the government
must prioritize improving the economy and quality of human resources in each region in
order to remove these regions from underdeveloped status. For further researchers, further
exploration can be carried out on additional variables that have the potential to influence the
underdeveloped status of the region.
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