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produce identical validity index values, namely a Silhouette
Coefficient of 0.67, a Davies-Bouldin Index (DBI) of 0.39, and
a Calinski-Harabasz Index (CHI) of 83.02. These values
indicate that the clusters formed have high internal compactness
and clear separation between clusters. In addition, an Adjusted
Rand Index (ARI) value of 1.00 indicates perfect agreement
between Ward’s linkage and K-Means, confirming the stability
of the clustering structure. The analysis identifies three clusters
representing Very Good (4 districts/cities), Good (10
districts/cities), and Fair (10 districts/cities) levels of EBGS
implementation, showing that most regions fall into the Good
and Fair categories. This clustering framework provides a basis
for targeted policy interventions, enabling governments to
priorities  digital governance capacity building and
infrastructure development in lower-performing regions while
benchmarking best practices from high-performing regions.
Overall, the results demonstrate that the EBGS clustering in
South Sulawesi is statistically valid, stable, and representative
of the underlying data structure.

1. INTRODUCTION

Cluster analysis is a statistical method that can be used to group certain
characteristics. In general, cluster analysis is a statistical approach that includes various
multivariate and quantitative methods aimed at grouping objects or observation units based
on the degree of similarity between their characteristics [1]. Therefore, cluster analysis will
certainly be very useful in this era of rapid information technology development, especially
for researchers and practitioners to overcome the complexity of clustering various things in
a more systematic and structured manner.
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In general, there are two main categories in cluster analysis, namely non-hierarchical
methods and hierarchical methods. Hierarchical cluster methods include several approaches
with varying characteristics, generally divided into two main types, namely agglomerative
and divisive. Meanwhile, non-hierarchical cluster methods, such as K-Means, are one of the
most commonly used approaches [2]. Based on research conducted by [3], the hierarchical
clustering method shows superior performance compared to the non-hierarchical clustering
method (K-Means) in grouping rainfall data. This approach is able to form clusters in which
observations within one cluster have a higher degree of similarity than observations in other
clusters. In line with these research findings, this study attempts to compare the performance
of Ward's linkage (hierarchical) and K-Means (non-hierarchical) methods in a different
context, namely in the grouping of the Electronic-Based Government System (EBGS) Index
for districts/cities in South Sulawesi Province.

The Electronic-Based Government System (EBGS) is an innovative policy from the
government to make it easier for the public to obtain optimal public services. However, in
practice, the implementation of EBGS services in local governments often faces various
obstacles that can lead to low implementation success rates. This situation certainly
necessitates an evaluation of the level of EBGS implementation in each region through
statistical measurement and grouping based on the EBGS Index [4]. Therefore, to support
this evaluation, this study will use statistical analysis to compare the performance of Ward's
linkage (hierarchical) and K-Means (non-hierarchical) methods in clustering the EBGS
Index in South Sulawesi Province to assess the validity and stability of the resulting clusters.
The main focus of this study is to assess the validity and stability of the clusters produced
by both methods in order to obtain a more comprehensive understanding of the regional
grouping structure based on the maturity level of EBGS implementation. Therefore, the
objectives of this study are: (1) to form clusters of regencies or municipalities in South
Sulawesi based on the EBGS index; (2) to compare Ward’s linkage and K-Means clustering
methods in terms of cluster validity using Silhouette Index (SI), Davies-Bouldin Index
(DBI), and Calinski-Harabasz Index (CHI); and (3) to assess the stability of both clustering
methods using the Adjusted Rand Index (ARI).

2. LITERATURE REVIEW
2.1 Cluster Analysis

Cluster analysis is a statistical approach that encompasses various multivariate and
quantitative methods aimed at grouping objects or observation units based on the degree of
similarity between their characteristics [1]. There are two main categories in cluster analysis,
namely non-hierarchical methods and hierarchical methods. Hierarchical clustering methods
include several approaches with varying characteristics. In general, these methods are
divided into two main types, namely agglomerative and divisive. In the agglomerative
approach, each object is initially treated as a separate cluster, then the most similar clusters
are gradually combined until the desired number of clusters is reached. Conversely, the
divisive approach starts with one large cluster that includes all objects, then gradually
separates the objects into smaller clusters based on the degree of difference between objects.
Meanwhile, non-hierarchical clustering methods, such as K-Means, are among the most
commonly used approaches. This method works by dividing data into a number of clusters
based on a predetermined k value. The clustering process is carried out iteratively to
minimize the distance between each observation and the cluster center (centroid), resulting
in data groups that have high homogeneity within clusters and heterogeneity between
clusters [2].
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In this study, both approaches were applied using Ward's Linkage as a representation
of the hierarchical method and K-Means as a representation of the non-hierarchical method.
The application of both approaches aims to evaluate and compare the validity and stability
of the clustering results for the EBGS Index of districts/cities in South Sulawesi Province,
so that a more comprehensive mapping of the maturity level of the implementation of
electronic-based government systems in the region can be obtained.

2.2 Ward’s Linkage Method

This method aims to produce clusters with the smallest possible internal variation.
The clustering process is carried out based on an increase in the sum of squared error (SSE)
value, where at each stage of merging, two clusters are selected that cause the smallest
increase in SSE to then be merged into a new cluster [5]. In general, the SSE value can be
calculated mathematically as follows [6].

1(G) = Z llx; — fG”ﬂZRP (D

Xi€G

where X¥; = n~1 X, x; denotes the centroid (center of gravity) of the group G. When two

clusters G, and G, are merged, the resulting increase in total variance is expressed as
follows:

6(Gui Gv) = I(Gu U Gv) - I(Gu) - I(Gv) (2)

The value 6(G,, G,,) is called Ward's linkage, which represents the change in the sum of
squared errors after two clusters are merged. The smaller the value of §, the smaller the loss
of homogeneity that occurs as a result of the merger. In another form, Ward's linkage can
also be expressed as:

|Gy |1Gy |
G, | + 1G]

which shows that the merging of two clusters is based on the squared distance between the
centers of the two clusters, taking into account the number of members in each cluster. The
process in the Hierarchical Agglomerative Clustering (HAC) algorithm with the Ward's
linkage method begins by considering each observation as a single cluster. Next, the two
clusters with the smallest & values are gradually merged until all data are combined into one
large cluster. Thus, the Ward method produces clusters that are more compact,
homogeneous, and have minimum dispersion within the cluster. The following is the
Standard Hierarchical Agglomerative Clustering (HAC) algorithm [6]:

0(Gy, G,) = || x; —fG”uzgp (3)

1. [Initialization: Specify the initial partition
Pl = {{xl}r {x2}r e {xn}} (4)

2. [Iterative Merging: For each iteration t = 1to n — 1: Calculate all linkage values
between clusters in partition P,; Merge the two clusters with the smallest linkage values
to obtain the next partition P, 4.

3. Termination: The procedure is repeated until all observations are merged into a single
cluster, producing a sequence of partitions:

(PP, ..., P) (5)

This sequence represents all stages of cluster formation, from the initial partition (each
object stands alone) to the final partition (all objects become one cluster).
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Distance measurement is a key component in HAC. In this study, Manhattan distance
is used as the dissimilarity measure, defined as [7]:

n
dmann(@ D) = ) [y = % ©)
k=1

where x;, and y,, re the values of each variable (or k-th dimension coordinate) in the two
objects being compared.

2.3 K-Means Clustering

The K-Means method groups data into k separate clusters based on specific criteria
using an iterative process that aims to maximize uniformity within clusters and differences
between clusters [8]. The non-hierarchical K-Means method clusters all observations by
utilizing specific starting points to determine cluster membership more precisely. This
approach complements the advantages of hierarchical methods with the ability to refine
clustering results through an iterative process that allows for changes in cluster membership
until optimal convergence is achieved [3].

The K-Means model groups each observation into one of k cluster centers, where
each center represents the average characteristics of that cluster. This process can be
influenced by measurement errors in feature variables. Mathematically, this model can be
expressed in matrix form as follows [9]:

X = UkMk + Ek (7)

where U;, My, and E; represent the membership matrix, prototype matrix (cluster center),
and error matrix, respectively. Mathematically, the K-Means clustering algorithm is
presented as follows [10]:

1. Initialization: Randomly select a number of initial centers (centroids), namely

Hi Moy eeey B
2. Assignment (Cluster Determination): Each data point x will be placed in the cluster with

the nearest centroid, using the formula:
5O ={x:|lx = O < x — ;O v 1 <) < k 8)

3. Update Centroid: Recalculate the center (mean) of each cluster based on the points that
have entered the cluster:

1
(t+1) — E )
u; |Si (®) | x] (9)

4. Check Convergence: Check whether the cluster centers have not changed or the number
of iterations has reached the maximum limit. If:

Mi(t+1) = ‘ui(t) ,Vl (10)
then the algorithm stops. If not, return to Step 2 and repeat the process.

One of the main challenges in K-Means is determining the optimal number of
clusters (k). Choosing the right k is very important because too few clusters can obscure data
patterns, while too many clusters can result in overfitting and complex interpretations. For
this reason, there are several methods that are often used to determine the optimal k,
including:
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1.  Silhoutte

In line with research conducted by [11], maximizing the Silhouette coefficient value
as a measure of cluster validity is used to estimate the variability of the clustering results
obtained. One of the main limitations of Silhouette is its computational cost. For center-
based clustering algorithms such as K-Means and K-Medoids, a simple approach to
calculating Silhouette can be done by using the distance to each cluster center or medoid
[12].

2. Elbow

The Elbow method provides a simple approach to determining the most appropriate
number of clusters in a data set. In this method, the initial number of clusters (n) is selected
randomly. Then, the clustering algorithm in this study, K-Means, is run to divide the data
into n clusters. Next, the Within-Cluster Sum of Squares (WSS) is calculated for each
number of clusters used. The number of clusters n, that produces the lowest WSS is

considered the optimal number of clusters [13].

3.  Gap Statistics

In the Gap Statistics (GS) approach, a random data distribution is first created as a
zero reference, which is used as a comparative value to measure cluster compactness. The
optimal number of clusters is determined at the point where the cluster compactness value
has the largest difference compared to the reference curve. This point is then considered to
be the most appropriate number of clusters [13].

After the optimal number of clusters has been obtained, the next step is to evaluate
the validity and stability of the clusters in order to assess the extent to which the resulting
clusters are representative and consistent with the data variation.

2.4 Cluster Validity and Stability

Evaluating cluster validity and stability is an important step in clustering analysis to
ensure that the grouping results obtained are not only statistically optimal, but also
structurally meaningful. Cluster validity is used to assess the extent to which the clusters
formed truly reflect the natural separation between data, while cluster stability focuses on
the consistency of clustering results when there are minor changes in the data or algorithm
parameters. In this study, the Silhouette Coefficient, Davies-Bouldin Index (DBI), and
Calinski-Harabasz Index (CHI) will be used to measure cluster validity, while the Adjusted
Rand Index (ARI) will be used to measure cluster stability. These evaluation metrics were
chosen because they provide a comprehensive overview of the quality of the data grouping
results.

The Silhouette Index (SI) is used to assess the extent to which each data point is in
the correct cluster and its proximitdy to other clusters. A higher SI value indicates that the
data point is more consistent with the cluster it belongs to. The Davies-Bouldin Index (DBI)
serves to measure the degree of separation between clusters, where a smaller DBI value
indicates better cluster separation and a clearer structure. Meanwhile, the Calinski-Harabasz
Index (CHI) is used to assess the degree of clarity and compactness of clusters. A high CHI
value indicates that the clusters formed have strong differences between each other and a
good level of uniformity within them. In this study, SI, DBI, and CHI values were calculated
for each algorithm and variation in the number of clusters (k). In addition, the Adjusted
Rand Index (ARI) was used to measure the degree of similarity between two different
clustering results. ARI values range from -1 to 1, where 0 indicates random agreement and
1 indicates perfect agreement [14]. In this study, a high Calinski-Harabasz Index (CHI) value
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is interpreted as evidence that the EBGS clusters among regencies/municipalities are clearly
separated in terms of digital governance maturity, with strong homogeneity of EBGS
performance within each cluster. Furthermore, an Adjusted Rand Index (ARI) value of 1.00
is particularly important as it indicates perfect agreement between Ward’s linkage and K-
Means clustering results, confirming that the identified clustering structure is highly stable
and not dependent on the clustering algorithm used.

3. METHODOLOGY

This section will explain in detail the stages and approaches used in the research,
starting from the data sources, research variables, data collection methods, to the analysis
procedures applied. The explanation of each stage is arranged systematically in order to
describe the overall research flow and ensure that the analysis process can be replicated

properly.
3.1 Types and Sources of Data

The data used in this study is secondary data on the results of the evaluation of the
local government's EBGS in South Sulawesi, obtained from the Decree of the Minister of
Administrative and Bureaucratic Reform of the Republic of Indonesia concerning the
Results of the Evaluation of the Electronic-Based Government System (EBGS) in Central
Agencies and Local Governments in 2024.

3.2 Research Variables

The variable used in this study is the Electronic-Based Government System Index
(EBGS) at the district/city level in South Sulawesi Province. The EBGS index value is used
as the basis for the cluster analysis process to group districts/cities based on the level of
EBGS implementation in the South Sulawesi region.

3.3 Analysis Procedure

The following are the stages of cluster analysis conducted using two approaches,
namely Ward's Linkage hierarchical method and K-Means non-hierarchical method.

1. Descriptive Statistics
This stage aims to provide an overview of the characteristics of the EBGS Index values
for districts/cities in South Sulawesi Province. Descriptive statistics are used to examine
the distribution, central tendency (mean and median), dispersion (quartiles and range),
and shape of the data distribution (skewness and kurtosis). This analysis provides an
initial assessment of the level and variability of digital governance maturity across
regions.

2. Data Visualization

The EBGS Index data were visualized using boxplots and thematic maps. The boxplot
was employed to assess the distributional characteristics, median, interquartile range,
and potential outliers. Based on the descriptive statistics, the distribution was slightly
right-skewed (skewness = 0.56) but remained approximately symmetric, as indicated
by the close values of the mean and median. The boxplot also allows identification of
extreme observations that may influence statistical measures, particularly the mean. In
addition, thematic maps were used to visualize the spatial distribution of EBGS Index
values across districts/cities. This visualization provides preliminary insights into
regional patterns and potential spatial clustering prior to formal clustering analysis.
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3. Cluster Analysis

Cluster analysis was performed using two approaches, namely Ward's Linkage
hierarchical method and K-Means non-hierarchical method. Ward's Linkage method
was used to determine the optimal number of clusters through dendrogram and distance
between objects, while K-Means method was used to reinforce the grouping results
based on the cluster centroids that had been formed. In this study, both Ward’s linkage
and K-Means clustering algorithms employ the Manhattan distance metric to measure
dissimilarities among observations. The use of Manhattan distance is intended to
provide robustness to outliers and to capture linear separations in the EBGS
multidimensional space. By applying the same distance metric to both hierarchical and
non-hierarchical methods, this study ensures that differences in clustering results are
attributable to the clustering algorithms rather than the distance measure.

4. Determination of the Optimal Number of Clusters

The optimal number of clusters was evaluated using three internal validation
techniques: the Elbow method, Silhouette Index (SI), and Gap Statistic. The Elbow and
Silhouette methods indicated that three clusters (k = 3) provided a meaningful partition
of the data. Although the Gap Statistic suggested k = 1, reflecting overall homogeneity
among regencies/cities in terms of the EBGS index, this study prioritised interpretability
and practical usefulness for policy analysis. Therefore, k = 3 was selected as a
conscious and transparent modelling choice to ensure meaningful differentiation among
groups.

5. Cluster Evaluation (Validity and Stability)
This stage aims to assess the quality of the clustering results. Cluster validity is
measured using three indices, namely the Silhouette Coefficient, Davies-Bouldin Index,
and Calinski-Harabasz Index to assess the compactness and separation between clusters.
Meanwhile, cluster stability is tested using the Adjusted Rand Index (ARI) to measure
the consistency of results between the two clustering methods.

4. RESULTS AND DISCUSSION

This section presents the results of the analysis and discussion, including data
description, visualization, cluster formation, and evaluation of the validity and stability of
the clustering results for the EBGS Index of districts/cities in South Sulawesi Province.

4.1 Descriptive Statistics

Descriptive statistics are used as an initial step to describe or provide an overview of
the data used. The data used in this study is the evaluation data of the Electronic-Based
Government System (EBGS) of Regencies/Cities in South Sulawesi in 2024. The results of
descriptive statistics are presented in Table 1:

Table 1. Statistics Descriptive
Min Ql Median  Mean Q3 Max  Skewness Kurtosis

231 2.72 3.02 3.02 3.19 4.02 0.56 2.99

The descriptive statistics in Table 1 show that the EBGS index for regencies/cities in South
Sulawesi in 2024 ranges from 2.31 to 4.02. The average and median values are the same,
namely 3.02, indicating that EBGS achievements are generally in the good category with a
fairly stable level of equity. Most regions have values in the range of 2.72 to 3.19 (IQR),
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which shows that the distribution of scores is relatively concentrated around the median
value. This condition indicates that EBGS implementation in most regions tends to be
uniform, with no significant differences between regions.

The data distribution is slightly right-skewed (skewness = 0.56), but overall the
distribution remains close to symmetric, as indicated by the identical mean and median
values. The kurtosis value of 2.99 suggests a distribution close to normal, indicating no
extreme tail behaviour. Thus, although in general EBGS achievements have been consistent
in the good category, there are disparities between regencies/cities that are important to note,
especially for regions with below-average achievements so that they can catch up in the
implementation of e-government. In addition to looking at data characteristics using
descriptive statistics, we will further examine data characteristics using data visualization in
the form of thematic maps and boxplots.

4.2 Data Visualization

After conducting descriptive statistical analysis to obtain an initial overview of the
data characteristics, the next step is to present the data in the form of visualizations. Data
visualization serves to clarify patterns, trends, and differences that may not be immediately
apparent from the statistical figures. In this study, the visualizations are presented through
thematic maps and boxplots.

a.  Thematic Map

Thematic maps are used to illustrate the distribution of EBGS achievements based
on regencies/cities in South Sulawesi.
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Fig 1. Thematic Map of EBGS South Sulawesi

Based on Fig 1 Thematic Map of EBGS Achievement in Regencies/Cities in South Sulawesi
in 2024, it can be seen that most of the regions are in the good category, as indicated by the
dominance of green to blue colors on the map. This confirms that the implementation of e-
government is relatively evenly distributed across most regions. However, there are several
regencies/cities that are shown in darker colors closer to dark blue, indicating higher
achievements reaching the very good category.

Conversely, there are also one or two areas with bright yellow colors, which indicate
that EBGS achievements are relatively lower than other regions and are still in the adequate
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category. This spatial pattern shows disparities between regions, where regions with higher
achievements can be used as references or models for other regions, while regions with
lower achievements need more attention in efforts to improve electronic-based governance
at the regional level. Thus, the thematic map not only shows the spatial pattern of EBGS
achievement, but also provides an initial picture of the possibility of extreme values, which
will then be clarified through Boxplot analysis in the following section.

b.  Boxplot

Boxplots are used to show the distribution of data, median values, and potential
outliers from the analyzed EBGS scores.

40 *

35
@
@
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25

0.2 -0.1 0.0 0.1 0.2
Fig 2. Boxplot EBGS

The boxplot in Fig 2 represents the distribution of the EBGS Index, which is generally
concentrated in the range of 2.5 to 3.7, with the median close to 3.0. The relatively
symmetrical position of the median within the interquartile range indicates that the data
distribution is relatively balanced, with a slight right-skewness, consistent with the
descriptive statistics. However, one data point with a value close to 4.0 was identified and
classified as an outlier. The presence of this outlier reflects an observation with an EBGS
Index that is substantially higher than the general pattern of the other data.
Methodologically, the existence of outliers has important implications because it has the
potential to affect descriptive parameters, particularly the mean value, which can shift due
to the presence of these extreme values. Therefore, further identification and study of
outliers is necessary to ensure that the interpretation of the analysis results remains accurate,
representative, and does not cause analytical bias.

When comparing the thematic map in Fig 1 and the boxplot in Fig 2, there is
consistency in the distribution pattern of EBGS achievements in South Sulawesi. The
majority of regions have relatively uniform achievements, falling within the medium range
of 2.5-3.5, as illustrated by the dominant colors on the map. Meanwhile, areas with higher
scores, which appear as outliers in the boxplot, stand out in the thematic map with more
contrasting colors. This reinforces the interpretation that most areas are at a balanced level
of achievement, with one area deviating positively and warranting special attention in further
analysis. Therefore, a statistical method is needed to strengthen the statistical interpretation
of the EBGS achievement level in South Sulawesi. The statistical method to be used is
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cluster analysis, which aims to group regencies/cities in South Sulawesi based on the
Electronic-Based Government System (EBGS) service achievement index.

4.3 Cluster Analysis

In this study, cluster analysis was used to group districts/cities in South Sulawesi
based on the level of achievement of the Electronic-Based Government System (EBGS).
This analysis aims to identify patterns of similarity between regions so that areas with similar
levels of achievement will be grouped together. Through this approach, a more
comprehensive picture of the variation in EBGS achievement in each region can be obtained,
enabling the formulation of more targeted improvement strategies according to the
characteristics of each group. To obtain optimal clustering results, two cluster analysis
methods were used, namely Ward's method and K-Means clustering.

a. Ward’s Method

Ward's method is an agglomerative clustering technique based on the classical sum
of squares principle. This approach aims to produce clusters with a high degree of internal
uniformity by minimizing dispersion or variance within groups at each stage of the gradual
(binary) merging process [15]. As is known, Ward's method is an agglomerative clustering
technique based on the distance between the observations being analyzed. Based on the
results in 4.2 (b), it is concluded that one data point with a value close to 4.0 was identified
and classified as an outlier. Therefore, the appropriate distance to use when there are outliers
is the Manhattan distance. This is in line with research conducted by [16], which concluded
that outliers can be detected based on the MDBA (Manhattan Distance Based Algorithm)
algorithm or can be said to be robust against outliers. The following presents the output from
the Manhattan distance calculation:

Table 2. Manhattan Distance

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24
1 0 0 0 1 0 0 0 1 0 0 1 1. 0. 0. 1 0. 0. 0. 0. 0. 1 0. 0.
85 46 08 44 01 54 07 38 52 02 04 48 49 15 6 63 66 84 89 33 87 38
2 0 0 0 0 0 0 0 0 1 0 0. 0. 0. 0. 0. 0. 0. 0. 0. 0.
85 39 23 41 84 31 22 23 33 17 19 37 36 15 7 25 22 19 01 04 48 02 47
3 0 0 0 0 0 0 0 0 0 0 0. 0. 0. 0. 0. 0. 0. 0. 0. 0. 0. 0.
46 39 62 02 45 08 61 84 06 56 58 02 03 54 31 14 17 2 38 43 87 41 08
4 1 0. 0 0 0 1 0 0 1 0 0. 0. 0. 0. 0. 0. 0. 0. 0. 0. 0. 0. 0.
08 23 62 64 07 54 01 46 56 06 04 6 59 08 93 48 45 42 24 19 25 21 7
5 0 0 0 0 0 0 0 0 0 0 0. 0. 0. 0. 0. 0. 0. 0. 0. 0. 0. 0.
44 41 02 64 43 1 63 82 08 58 6 04 05 56 29 16 19 22 4 45 89 43 06
6 0 0 0 1 0 0 0 1 0 0 1 1 0. 0. 0. 0. 0. 0. 0. 0. 1 0. 0.
01 84 45 07 43 53 06 39 51 01 03 47 48 99 14 59 62 65 83 88 32 86 37

7 0 0 0 0 0 0 0 0 0 0 0. 0. 0. 0. 0. 0. 0. 0. 0. 0. 0. 0.
54 31 08 54 1 53 53 92 02 48 5 06 05 46 39 06 09 12 3 35 79 33 16
3 1 0 0 0 0 1 0 0 1 0 0. 0. 0. 0. 0. 0. 0. 0. 0. 0. 0. 0. 0.
07 22 61 01 63 06 53 45 55 05 03 59 58 07 92 47 44 41 23 18 26 2 69
9 0 1 0 1 0 0 0 1 0 0 1 1 0. 0. 1 0. 0. 1 1 1 1 1 1 0.
38 23 84 46 82 39 92 45 90 4 42 86 87 38 53 98 01 04 22 27 71 25 76

1 0 0 0 0 0 0 0 0 0 0 0. 0. 0. 0. 0. 0. 0. 0. 0. 0. 0.
0 52 33 06 56 08 51 02 55 90 5 52 04 03 48 37 08 11 14 32 37 81 35 14
1 1 0 0 0 1 0 0 1 0 0 0. 0. 0. 0. 0. 0. 0. 0. 0. 0.
1 02 17 56 06 58 01 48 05 4 5 02 54 53 02 87 42 39 36 18 13 31 15 64
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1|1 0. 0. 0 1 0. 0 1 0. 0 o 0 0 0 0 0 0 0 0 0 0
204 19 58 04 6 03 5 03 42 52 02 S6 55 04 89 44 41 38 2 15 29 17 66
1o o 0. 0. 0 0. 0. 0 0. 0. 0. 0 o 000 0. 0 0 0
3|48 37 02 6 04 47 06 59 8 04 54 56 01 52 33 12 15 18 36 41 8 39 10
1o o 0. 0. 0 0. 0. 0 0. 0. 0. 0 0 0o 0 0 0. 0 0 0
4|49 3 03 59 05 48 05 58 8 03 53 55 0l s1 3 11 14 17 35 4 84 38 Il
(S 0. 0. 0 0. 0. 0 L. o 0 0 0 O o 0 0. 0 0 . 0 0
5 15 54 08 56 99 46 07 38 48 02 04 52 5l 85 4 37 3 16 11 33 13 62
1 0 0. 0. 0 0. 0 0. 0. 0. 0 0. 0 0 o 0 0. 0 0 0 1 0. 0
6| 15 7 31 93 29 14 39 92 53 37 8 8 33 34 8 45 48 51 69 74 18 T2 23
1o o 0 0. 0. 0 0. 0. 0. o0 0. o o 0 0 0 0 0 0 0
71 6 25 14 48 16 59 06 47 98 08 42 44 12 11 4 45 03 06 24 29 73 27 22
1o o 0 0. 0. 0 1 0. o 0. 0 0 o 00 0 0 0 0
8|63 22 17 45 19 62 09 44 0l 11 39 4 15 14 37 48 03 03 21 26 7 24 25
1]o0 0. 0. 0 0 0 1 0. o 0. 0 o0 0 0 0. 0. 0 0
9| 66 19 2 42 22 65 12 4 04 14 36 38 18 17 34 51 06 03 18 23 67 21 28
210 o0 0. 0. 0 0. 0. 0 1 0 0. 0. 0 0. 0 0 o 0 0 0 0
0| 8 o0 38 24 4 8 3 23 22 32 18 2 36 35 16 69 24 21 18 05 49 03 46
210 o0 0 0 0. 0 1 0. 0. 0. o 0. 0 0 o0 0 o 0 0. 0
18 04 43 19 45 88 35 18 27 37 13 15 4 4 11 74 29 26 23 05 4 02 sl
2|1 0 0. 0. 0 1 0. 0 1 0. 0. 0 0 0 0 1 0. 0. 0 0 0 o 0 0
2|33 4 8 25 8 32 79 26 71 8 31 29 8 8 33 18 73 7 67 49 44 46 95
210 o0 0. 0. 0 0. 0. 0 1 0 0. 0. 0 0. 0 0 0 0 o0 O 0o O
3|8 02 4 21 43 8 33 2 25 35 15 17 39 38 13 72 27 24 21 03 02 46 49
210 o0 0. 0. 0 0 0 0 0. o 0. 0 0 0 0 0 0 0 O 0
4|38 47 08 7 06 37 16 6 76 14 64 66 10 11 62 23 22 25 28 46 51 95 49

Table 2 is a Manhattan distance matrix that illustrates the level of difference or
relative proximity between each pair of regencies/cities in South Sulawesi based on the
Electronic-Based Government System (EBGS) achievement index. Each value in the matrix
shows the total absolute difference between regions across all variables analyzed. The
smaller the distance value between two regions, the more similar their characteristics or
EBGS achievement levels are. Conversely, a larger distance value indicates that the two
regions have significant differences in the implementation or achievement of EBGS
indicators. After calculating the distance matrix, a clustering analysis will be performed
using the Ward method with k selected as k = 3. The results of the analysis using the Ward
method are presented in Table 3.

Table 3. Ward's Method Cluster Results

Number Districts/Cities Index EBGS Cluster
1 Bantaeng 3.64 1
2 Barru 2.79 3
3 Bone 3.18 2
4 Bulukumba 2.56 3
5 Enrekang 3.20 2
6 Gowa 3.63 1
7 Jeneponto 3.10 2
8 Kepulauan Selayar 2.57 3
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2.60
3.16
3.15
2.64
3.49
3.04
3.01
2.98
2.80
2.75
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2.77
3.26
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The results of clustering using Ward's method produced three main clusters that describe the
level of similarity between districts/cities in South Sulawesi Province based on the
Electronic-Based Government System (EBGS) Index value. Ward's method works on the
principle of minimizing the sum of squares within clusters, so that each cluster formed has
a high level of internal homogeneity and clear heterogeneity between clusters. The results
of this clustering can also be seen in the following dendrogram:

20

1.5

1.0

0.5

0.0

5 10

15 20 25

Fig 3. Dendrogram with Ward's Clustering Method

The results in Table 3 and Fig 3 identify the following characteristics: Cluster 1
(Green) consists of Bantaeng, Gowa, Makassar, and Pinrang Regencies, with relatively high
EBGS index values (ranging from 3.49 to 4.02) which are classified as Very Good. The
regions in this group represent areas with the most optimal EBGS implementation in South
Sulawesi, indicating mature, integrated, and efficient digital governance in the
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implementation of electronic-based public services. Cluster 2 (Blue) consists of
regencies/cities such as Bone, Enrekang, Jeneponto, Palopo, East Luwu, Maros, Sidenreng
Rappang, Sinjai, Soppeng, and North Luwu, with EBGS index scores ranging from 3.01 to
3.26, which is classified as Good. This group shows that the process of government
digitization has been quite strong, although strengthening is still needed in terms of system
integration, improving data interoperability, and optimizing the use of information
technology in public services. Cluster 3 (Orange) includes districts/cities such as Barru,
Bulukumba, Selayar Islands, Parepare, Luwu, Pangkajene and Islands, Takalar, Tana Toraja,
North Toraja, and Wajo, with EBGS index scores ranging from 2.31 to 2.80, classified as
Fair. This cluster represents regions with relatively limited adoption of EBGS, indicating
the need for improvements in digital infrastructure, human resource capacity, and system
integration.

Overall, this grouping pattern shows a gradation in the level of digital maturity of
government in the South Sulawesi region. Regions with more complex government and
public service activities, such as Makassar and Gowa, tend to have higher EBGS indices,
while regions with limited geographical characteristics and resources show lower values.
This also shows that the level of achievement in implementing the Electronic-Based
Government System (EBGS) in the South Sulawesi region varies considerably between
regencies/cities. The formation of three main clusters reflects differences in the level of
digital maturity between regions, in terms of infrastructure, human resources, and electronic
service management policies. These results reinforce that Ward's method is effective in
identifying the uniformity of EBGS achievement levels between regions and can be the basis
for formulating more targeted, evidence-based EBGS performance improvement policies
and strategies that are in line with the specific conditions and needs of each region.

As a follow-up step, to ensure consistency of results and obtain a more
comprehensive comparison, cluster analysis was also performed using a non-hierarchical
method, namely K-Means Clustering. This method was chosen because it has the ability to
optimize group formation based on the centroid by minimizing the distance between data in
each cluster. Unlike Ward's hierarchical and agglomerative method, K-Means works
through an iterative process of updating cluster centers, so that the grouping results can be
more flexible to data variations and provide additional perspectives in seeing the patterns of
EBGS index achievement between regions.

b. K-Means

The K-Means algorithm is used as an iterative clustering algorithm. This algorithm
uses distance as a measurement standard, forms k clusters in a data set, calculates the
average distance value, and then determines the initial centroid [10]. In this study, to group
the districts/cities in South Sulawesi based on the Electronic-Based Government System
(EBGS) service achievement index using the K-Means method, the initial step is to
determine the number of clusters (k) to be formed. The optimal k value will be determined
using three methods, namely the Elbow method, Silhouette method, and Gap Statistics
method. The following are the results for each method:

¢ FElbow Method

When the number of clusters k is not predetermined by the application, we must
choose that value; and this can be quite complicated. An elbow plot is a graph that displays
the approximation error (SSE) on the y-axis against various values of k on the x-axis. The
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motivation behind the elbow criterion is based on the concept of diminishing returns, namely
that as the value of k increases, the value of SSE will decrease after a certain point (Stop
using the elbow criterion for k-means and how to choose the number of clusters instead)
[17]. The following presents the results of the Elbow Plot to determine the optimal k in the
clustering process:
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Fig 4. Elbow Plot

Fig 4 shows the Elbow Plot used to determine the optimal number of clusters (k) in the K-
Means algorithm. The x-axis shows the number of clusters (k) tried, ranging from 1 to 10.
The y-axis shows the Total Within Sum of Squares (SSE) value, which is the total variation
in each cluster measured from the distance of the data points to their centroid. Based on Fig
4, it can be seen that the SSE value decreases sharply from k = 1 to k = 3, then the decrease
slows down after k = 3. The SSE values are shown in Table 4 below:

Table 4. Total Within Sum of Squares (SSE)
k 1 2 3 4 5 6 7 8 9 10

SSE  3.78 1.37 0.42 0.30 0.16 0.11 0.18 0.10 0.03 0.02

Table 4 provides information that after k = 3, the decline in SSE values begins to slow down
from 0.42, 0.30, 0.16, and so on. The sharp decline in SSE values at the beginning indicates
that the addition of clusters at that stage significantly improves the quality of data separation.
However, after a certain point (around k = 3), the decrease in SSE becomes insignificant, as
seen in Fig 4, where the graph forms an “elbow” at k = 3. Therefore, it can be concluded
that using the Elbow method, the optimal number of clusters (k) selected is k = 3. Next, we
will discuss the determination of the optimal number of clusters using the Silhouette method.

e Silhouette Method

Most performance evaluation methods require training data (training set), but the
Silhouette Index does not need it to assess clustering results. This makes the Silhouette Index
more suitable for use in clustering tasks or analyses [18]. In a study conducted by [19], a
Silhouette Coefficient-based Weighted K-Means algorithm was proposed that automatically
adjusts feature weights during the clustering process. In this algorithm, the process of
searching for optimal clusters is converted into an optimization problem that aims to
maximize the Silhouette Coefficient value of the resulting clusters. The weight of each
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feature is updated iteratively during the K-Means process. The following presents the
Silhouette Coefficient Plot results to determine the optimal k in the clustering process:
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Fig S. Silhouette Coefficient Plot

Fig 5 shows the Silhouette Coefficient Plot, which is used to determine the optimal number
of clusters (k) in the K-Means algorithm based on the average Silhouette coefficient value.
The x-axis shows the number of clusters (k) tested, from 1 to 10. The y-axis shows the
average Silhouette Coefficient value, which measures how well each object is placed in its
cluster. The value ranges from -1 to 1, where a value close to 1 indicates that the data fits
very well with its own cluster and is far from other clusters, a value close to 0 indicates that
the data is on the border between two clusters, and a negative value indicates the possibility
that the data is placed in the wrong cluster. The average Silhouette Coefficient values are
presented in Table 5 below:

Table 5. Average Silhouette Width
k 1 2 3 4 5 6 7 8 9 10

Average Silhouette 0.00 0.58 0.67 0.63 0.54 0.50 057 0.59 0.57 054

Fig 5 and Table 5 provide information that the highest Silhouette value occurs at k = 3, with
an average of around 0.67. This indicates that the formation of three clusters (k = 3) provides
the best and most stable cluster separation compared to other cluster numbers. After k > 3,
the Silhouette value begins to decline and fluctuate, indicating that adding more clusters
does not improve the separation quality, but rather tends to worsen it. Therefore, it can be
concluded that with the Silhouette method, the optimal number of clusters (k) selected is k
= 3, because at that point the highest average Silhouette value is obtained, which indicates
the best and most representative cluster structure for the data pattern. Next, the determination
of the optimal number of clusters using the Gap Statistic method will be discussed again.

e  Gap Statistics Method

The Gap Statistic method is used to determine the optimal number of clusters by
comparing the level of variation within clusters at various cluster numbers (k) with the
expected value if the data had no cluster structure (based on the reference distribution). This
approach helps identify the point at which increasing the number of clusters no longer
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provides a significant improvement in data separation [20]. The following presents the
results of the Gap Statistic Plot to determine the optimal k in the clustering process:
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Fig 6. Gap Statistic Plot

Fig 6 shows the Gap Statistic Plot, which is used to determine the optimal number of clusters
(k) in the K-Means algorithm. The x-axis shows the number of clusters (k) tested, ranging
from 1 to 10. The y-axis shows the Gap Statistic value (G (k)), which is obtained from the
difference between the logarithm of the variation within clusters (within-cluster variation)
in the original data and its expected value from the reference data (null reference
distribution). The larger the Gap Statistic value, the better the cluster structure formed,
because it indicates that the cluster formation is clearer than random data without structure.
The Gap Statistic values are presented in Table 6 below:

Table 6. Gap Statistics

k 1 2 3 4 5 6 7 8 9 10
log (Wy) 097 035 -021 -041 -0.77 -1.05 -147 -1.68 -198 -2.19
E [log (Wy)] 1.18 036 -0.12 -047 -0.78 -1.05 -1.28 -1.50 -1.71 -1.94

Gap Statistic (G (k)) 0.20 0.01 0.09 -0.06 -0.01 -0.01 0.19 0.18 026 0.25
Note: log (W) is the logarithm of Within-Cluster Dispersion, E [log (W,)] is the expectation of log (W;).

Fig 6 and Table 6 provide information that the highest gap value is at k = 1 (0.20). After
that, the gap value fluctuates around zero and some are even negative. This indicates that
the cluster structure in the data is not very strong, the data tends to be homogeneous, and the
Gap Statistic method identifies k = 1 as the optimal number of clusters.

Based on the results of determining the optimal number of clusters using three
methods, varying results were obtained. The Elbow and Silhouette Coefficient methods
consistently showed that the optimal number of clusters was k = 3, which was indicated by
a clear elbow point on the Elbow graph and the highest Silhouette coefficient value at k =
3. Meanwhile, the Gap Statistic method showed optimal results at k = 1, which theoretically
indicated that the cluster structure in the data was relatively weak or that the data was
homogeneous. However, considering the purpose of the analysis and the clearer pattern of
variation between observations in the Elbow and Silhouette results, this study determined
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that the optimal number of clusters to be selected is k = 3. This selection is considered the
most representative in describing the differences in characteristics between data groups.
Next, the clustering process was carried out with K-Means using k = 3. The clustering results
are presented in Fig 7 below:

1 0 1

Fig 7. K-Means Clustering Plot

Based on the results of the K-Means Clustering analysis shown in Fig 7, the districts/cities
in South Sulawesi Province were divided into three clusters with 4, 10, and 10 regions,
respectively. These results indicate that most of the regencies/cities in South Sulawesi are in
the Good category: Cluster 2 (Blue) and Fair category: Cluster 3 (Orange), while only a
small portion of the regions are classified as Very Good: Cluster 1 (Green). The complete
results are presented in Table 7:

Table 7. K-Means Clustering

Clust Number of Average Within-Cluster Sum of Squares Cateco
er Districts/Cities EBGS (WSS) gory
Very
. 1
1 4 3.70 0.15 Good
2 10 3.12 0.07 Good
3 10 2.64 0.20 Fair

Table 7 provides information that the average EBGS index value shows a clear difference
between clusters. Cluster 1 has the highest average of 3.70, so it is categorized as an area
with a very good level of EBGS service achievement. Cluster 2, with an average of 3.12, is
categorized as good, while Cluster 3, with an average of 2.64, is categorized as fair. The
Within-Cluster Sum of Squares (WSS) value also provides an overview of the level of
homogeneity between regions within each cluster. Cluster 2 has the smallest WSS value
(0.07), indicating that the characteristics of the regions in this group are relatively uniform.
In contrast, Cluster 3 has the highest WSS value (0.20), indicating greater variation between
regions in that group. Meanwhile, overall, the proportion of Between-Cluster Variation to
total variation is 88.8%, indicating that this clustering model is able to separate regions well
into different groups.
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Overall, the K-Means clustering results indicate that three clusters are sufficient to
describe the EBGS achievement patterns in South Sulawesi. Cluster 1 represents regions
with very high EBGS performance, Cluster 2 indicates moderate performance, and Cluster
3 reflects relatively lower EBGS maturity levels. The clustering structure confirms a clear
stratification of digital governance maturity across districts/cities.

From a policy perspective, regions in Cluster 3 should be prioritised for targeted
interventions, including strengthening digital infrastructure, enhancing human resource
capacity, and improving system interoperability. Cluster 2 regions may benefit from
consolidation and optimisation strategies to improve service integration and digital
performance, while Cluster 1 regions can serve as benchmark models for best practices in
EBGS implementation and digital governance maturity.

4.4 Cluster Evaluation

At this stage, the clustering results obtained from the K-Means and Ward's Linkage
methods are evaluated by assessing the validity and stability of the clusters formed. The
evaluation is carried out to determine the extent to which the two methods are able to
produce statistically valid groupings that are stable against method variations. The validity
of the clusters is assessed using three main measures, namely the Silhouette Coefficient,
Davies-Bouldin Index, and Calinski-Harabasz Index, which complementarily assess the
quality of separation and compactness between clusters. Meanwhile, cluster stability is
analyzed by comparing the suitability of the grouping results between the two methods using
the Adjusted Rand Index (ARI). These three validity measures and one stability measure are
used to provide a comprehensive overview of the quality and consistency of the clustering
results. A summary of the comparison of the index values for the K-Means and Ward's
Linkage methods is presented in Table 8 below:

Table 8. Validity and Stability of Cluster Results

Validity Measure Stability Measure
Silhouette Davies-Bouldin Index  Calinski-Harabasz Index =~ Adjusted Rand Index
Coefficient (DBI) (CHI) (ARI)
0.67 0.39 83.02 1.00

For transparency and reproducibility, the internal validity indices are
reported for both Ward’s linkage and K-Means clustering, although both methods yielded
identical numerical values, as shown in Table 8. The internal validity indices were computed
separately for Ward’s linkage and K-Means clustering, and both methods yielded identical
values for the Silhouette Coefficient, Davies-Bouldin Index, and Calinski-Harabasz Index,
indicating consistent within-cluster compactness and between-cluster separation across
clustering approaches. This evaluation aims to ensure that the clustering results truly
represent natural patterns in the EBGS Index data between districts/cities in South Sulawesi,
and have a high level of consistency with variations in the analysis method. Based on the
calculations in Table 8, the K-Means method produced a Silhouette value of 0.67, a DBI
value of 0.39, and a CHI value of 83.02. The relatively high Silhouette value indicates that
the objects in the cluster have strong internal similarities and are clearly separated from other
clusters. The low DBI value reinforces the evidence that the clusters have minimal overlap,
while the high CHI value indicates a good balance between internal compactness and
separation between clusters. In this study, a high CHI value indicates that differences in
EBGS maturity levels between clusters are substantial, while districts/cities within the same
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cluster exhibit relatively homogeneous EBGS performance. Interestingly, the Ward's
Linkage method produced validity index values identical to the K-Means method for all
three measures. This similarity not only shows that both methods form the same cluster
structure, but also confirms that the data grouping pattern is very stable and robust against
differences in algorithmic approaches. In other words, both hierarchical (Ward's Linkage)
and non-hierarchical (K-Means) approaches reveal a consistent and statistically robust
natural structure of the data. The stability of the clusters was then evaluated using the
Adjusted Rand Index (ARI) to measure the similarity between the results of the two
methods. The ARI value of 1.00 indicates a very high level of similarity between the
clustering results of the two methods, confirming the robustness and stability of the
identified cluster structure. Overall, the similarity of all validity index values and the perfect
ARI value indicate that the clustering results obtained are highly reliable, valid, and stable,
with a robust grouping structure against variations in the analysis method. This confirms
that the grouping of districts/cities based on the EBGS Index in South Sulawesi has
succeeded in revealing clear, consistent, and representative patterns of the actual conditions
in the field.

The identical clustering solutions produced by Ward’s linkage and K-Means indicate
that the EBGS index exhibits a well-defined and low-ambiguity cluster structure in a
univariate feature space. Given that the analysis is based on a single composite EBGS index,
the partitioning problem becomes relatively constrained, leading both hierarchical and
partition-based algorithms to converge to the same optimal grouping. Furthermore,
hierarchical clustering results are commonly used as a reference framework for centroid
initialization or validation in partitioning algorithms, which may contribute to the
convergence of K-Means to the same cluster configuration identified by Ward’s method.

5.  CONCLUSION

This study shows that Ward's Linkage and K-Means methods produce identical
cluster patterns for the EBGS Index of districts/cities in South Sulawesi, indicating that the
EBGS data structure has high statistical coherence and consistent stability of results despite
differences in analytical approaches. Statistically, this reflects that the grouping patterns
between regions are strong and insensitive to method variations, thus providing confidence
in the reliability of the grouping model formed.

These findings also indicate that the level of development of electronic-based
government systems in the region shows a statistically uniform distribution pattern, with a
tendency toward homogeneity in the level of digital maturity between districts/cities. For
local governments, these results can be used as a basis for formulating policies and strategies
to strengthen data-based digital governance, especially in directing EBGS development and
performance improvement programs in regions included in clusters with relatively low
achievements.

However, this study has several limitations, including the use of a limited number of
variables and not considering external factors that may affect EBGS achievements, such as
human resources, digital infrastructure, or regional socioeconomic conditions.

Therefore, further research is recommended to use more statistically complex
clustering approaches such as fuzzy clustering or model-based clustering, as well as adding
supporting variables to obtain a more comprehensive understanding of the dynamics of
EBGS development at the regional level.
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