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ABSTRACT ⎯ Cluster analysis is an important data exploration technique that aims to identify patterns or characteristics of data, 

which, in practice, are used to support evidence-based policy making, one of which is used in population and regional development. 

However, choosing the wrong clustering method can produce useless analysis results. Therefore, this study proposes a comparative 

study to determine the performance of various clustering algorithms, comparing the performance of hierarchical clustering 

algorithms (single linkage, complete linkage, average linkage, centroid, ward) and non-hierarchical algorithms (k-means) in 

regencies and cities in Kalimantan. The study uses secondary data taken from the official websites of the Central Statistics Agency 

of the five provinces in Kalimantan, where the data to be clustered consists of 56 regencies and cities with eight socio-demographic 

variables. The analysis results show that all hierarchical methods produce robust and consistent clusters compared to non-

hierarchical methods. This decision is based on the silhouette score value 0.701, which is 0.308 better than k-means. This shows that 

hierarchical methods can clearly identify regencies and cities in Kalimantan based on their socio-demographic factors.  

Keywords⎯ Analysis, Hierarchical Clustering, Non-Hierarchical Clustering, Silhouette Score, Socio-Demographic. 

 

 
I. INTRODUCTION 

Clustering is a data analysis technique in multivariate statistics that has various approaches. This technique aims to 

group objects into several groups based on the similarity of their characteristics [1]. In general, this analysis technique 

works by calculating the level of closeness or similarity between objects and grouping them into one or another. This 

technique calculates the level of closeness, which can be grouped into hierarchical and non-hierarchical. The hierarchical 

clustering technique clearly shows the hierarchical relationship between sub-clusters and clusters [2]. Meanwhile, the 

non-hierarchical clustering technique divides the data so that each point in the data is only in one cluster at a certain level 

[3]. Both techniques have advantages and disadvantages in data clustering, so this study compares the two techniques.  

This study compares the performance of four methods for clustering analysis using hierarchical techniques, namely 

single linkage, average linkage, complete linkage, centroid, and Ward's method. These four methods were selected based 

on previous studies on [4], which showed that hierarchical clustering produces clear dendrogram visualizations and does 

not require cluster number initialization. Meanwhile, for the study of non-hierarchical techniques, the proposed method 

is k-means. The method is proposed considering the efficiency of k-means described in [5] and its robustness to noise as 

described in previous research on [6]. 

Based on this background, this study aims to apply six clustering methods to the social demographic data of 

regencies and cities in Kalimantan. The selection of regencies and cities in Kalimantan generally took into account various 

aspects such as the size of the area and the problems that arise in Kalimantan, as was done in previous research on [7], 

which conducted modeling and prediction using basic statistical models and machine learning. The results show that 

various aspects, including socio-demographics, influence poverty in Kalimantan. These aspects will be statistically 

analyzed using clustering to identify groups of regencies and cities in Kalimantan based on their socio-demographic 

conditions.  

In general, this study provides the latest perspective on the comparative performance of the proposed methods, 

namely single linkage, average linkage, complete linkage, centroid, Ward's method, and k-means, for clustering the socio-

demographic problems of regencies and cities in Kalimantan. The results of this study are statistically capable of 

comparing the performance of clustering methods and providing new insights into the groups of regencies and cities in 

Kalimantan based on their social demographic characteristics. 

 

II. LITERATURE REVIEW 
A. Min-Max Normalization 

 Min-Max normalization is a data pre-processing technique that performs a linear transformation of numerical data 

into a specific interval. Based on previous research on [8], this method can improve numerical stability in computations, 

such as cluster analysis, by ensuring that all variables contribute equally to cluster formation. Suppose the original value 

of a data is 𝑥, with a minimum value of min(𝑥) and a maximum value of max(𝑥). In that case, the normalization result of 
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𝑥, symbolized by 𝑥′ in the range [0,1], follows the following equation [9], [10]. 

𝑥′ =
𝑥 − min(𝑥)

max(𝑥) − min(𝑥)
 (1) 

 
B. Euclidean Distance 

 Euclidean distance is a measure of inequality that measures the distance between two observations, which is usually 

represented as a straight line between the two points. If two points with 𝑝 = (𝑝1, 𝑝2, … , 𝑝𝑛) and q 𝑞 = (𝑞1, 𝑞2, … , 𝑞𝑛) are in 

𝑛-dimensional space. Then the Euclidean distance can be calculated based on the following equation [11]. 

𝑑(𝑝, 𝑞) = √(𝑝1 − 𝑞1)2 + (𝑝2 − 𝑞2)2 + ⋯ + (𝑝𝑛 − 𝑞𝑛)2 (2) 

 
C. Single Linkage 

 Single linkage is an agglomerative hierarchical clustering method in which the distance between two clusters is 

defined as the minimum distance between one point and another in a cluster [12]. This technique is often called the 

nearest neighbor technique, which can capture complex cluster shapes. If point 𝑝 = (𝑝1, 𝑝2, … , 𝑝𝑛) is in cluster 𝐶𝑖 and point 

𝑞 = (𝑞1, 𝑞2, … , 𝑞𝑛) is in cluster 𝐶𝑗, with the distance between them symbolized by 𝐷(𝐶𝑖 , 𝐶𝑗), then this minimum distance 

can generally be calculated using the following equation [13]. 

𝐷(𝐶𝑖 , 𝐶𝑗) = min{𝑑(𝑝, 𝑞)|𝑝 ∈ 𝐶𝑖 , 𝑞 ∈ 𝐶𝑗} (3) 

 
D. Complete Linkage 

 Complete linkage is a hierarchical clustering method that defines the distance between two clusters as the maximum 

distance between two points in each cluster, a technique commonly referred to as the furthest neighbor, where, in general, 

all clusters are characterized by the least similar cluster members [4]. If point 𝑝 = (𝑝1, 𝑝2, … , 𝑝𝑛) is in cluster 𝐶𝑖 and point 

𝑞 = (𝑞1, 𝑞2, … , 𝑞𝑛) is in cluster 𝐶𝑗, with the distance between them symbolized by 𝐷(𝐶𝑖 , 𝐶𝑗), then this maximum distance 

can generally be calculated using the following equation [14]. 

𝐷(𝐶𝑖 , 𝐶𝑗) = max{𝑑(𝑝, 𝑞)|𝑝 ∈ 𝐶𝑖 , 𝑞 ∈ 𝐶𝑗} (4) 

 
E. Average Linkage 

 Average linkage is the midpoint between the single linkage and complete linkage methods, where the distance 

between two clusters is calculated based on the average distance between all pairs of points in two different clusters. 

Based on previous research on GH, it is mentioned that average linkage can produce well-separated clusters and a more 

balanced hierarchy. If point 𝑝 = (𝑝1, 𝑝2, … , 𝑝𝑛) is in cluster 𝐶𝑖 and point 𝑞 = (𝑞1, 𝑞2, … , 𝑞𝑛) is in cluster 𝐶𝑗 with a distance 

symbolized by 𝐷(𝐶𝑖 , 𝐶𝑗), then this average distance can generally be calculated using the following equation [15]. 

𝐷(𝐶𝑖 , 𝐶𝑗) =
1

|𝐶𝑖||𝐶𝑗|
∑ ∑ 𝑑(𝑝, 𝑞)

𝑞∈𝐶𝑗𝑝∈𝐶𝑖

 (5) 

 
F. Centroid  

 Centroid is a hierarchical clustering method that defines the distance between two clusters as the distance between 

their centroids or average vectors. If point 𝑝 = (𝑝1, 𝑝2, … , 𝑝𝑛) is in cluster 𝐶𝑖 where the centroid is 𝜇𝑖 =
1

|𝐶𝑖|
∑ 𝑝𝑝∈𝐶𝑖

, the 

centroid distance can generally be calculated using the following equation [16]. 

𝐷(𝐶𝑖 , 𝐶𝑗) = 𝑑(𝜇𝑖 , 𝜇𝑗) (6) 

 
G. Ward’s Method 

 Ward's method is an agglomerative technique that aims to minimize the total variance within clusters by minimizing 

the sum of squared differences (ESS) in all clusters. Based on previous research at [17], this method is one of the most 

reliable hierarchical methods because it optimizes the best criteria with cluster homogeneity. If point 𝑝 = (𝑝1, 𝑝2, … , 𝑝𝑛) 

is in cluster 𝐶𝑖, then the value of 𝐸𝑆𝑆(𝐶) = ∑ ‖𝑝 − 𝜇𝐶‖2
𝑝∈𝐶 , where ‖𝑝 − 𝜇𝐶‖2 is the Euclidean distance squared between 

point 𝑝 and centroid 𝜇𝐶. Thus, mathematically, the distance between two clusters increases the total within-cluster sum 

of squares, which can be calculated using the following equation [12]. 

𝐷(𝐶𝑖 , 𝐶𝑗) = 𝐸𝑆𝑆(𝐶𝑖 ∪ 𝐶𝑗) − [𝐸𝑆𝑆(𝐶𝑖) + 𝐸𝑆𝑆(𝐶𝑗)] (7) 

 
H. K-Means Clustering 

 K-means is a non-hierarchical clustering algorithm method that aims to partition 𝑛 observations of data into 𝑘 clusters, 

where each observation that falls within the cluster with the nearest centroid acts as a prototype, thereby minimizing the 

within-cluster sum of squares (WCSS) [18]. This method has advantages in computational efficiency and ease of 

implementation. However, it has limitations in its sensitivity to determining the number of clusters 𝑘 and sensitivity to 

the placement of initial random centroids. Suppose point 𝑝 = (𝑝1, 𝑝2, … , 𝑝𝑛) is in cluster 𝐶𝑖, where 𝜇𝐶 is the centroid of 

cluster 𝐶𝑖 and ‖𝑝 − 𝜇𝐶‖2 is the Euclidean distance squared between point 𝑝 and centroid 𝜇𝐶. Mathematically, the distance 

between two clusters can be calculated using the following equation to minimize the within-cluster sum of squares [3].  

𝑊𝐶𝑆𝑆 = ∑ ∑ ‖𝑝 − 𝜇𝐶‖2

𝑝∈𝐶𝑖

𝑘

𝑖=1
 (8) 
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I. Silhouette Score 

 Silhouette score is a clustering evaluation matrix that measures how well each object fits into its cluster [19]. This 

matrix combines the concepts of cohesion, which is the closeness of objects to other objects in the same cluster, and 

separation, which is how far objects are from other clusters. Silhouette score (𝑆𝑖) ∈ [−1,1], where if the silhouette score 

value is closer to 1 (𝑆𝑖 ≈ 1), then the clustering accuracy is good or the cohesion is high and the separation is high. If 

(𝑠𝑖 ≈ 0), then the cohesion and separation are balanced. If (𝑆𝑖 ≈ −1), the point of 𝑖 may be placed in the wrong cluster. If 

cohesion 𝑎(𝑝) =
1

|𝐶𝑖|−1
∑ 𝑑(𝑝, 𝑞)𝑝∈𝐶𝑖,𝑝≠𝑞  and separation 𝑏(𝑝) = min

𝑘≠𝑐
(

1

𝐶𝑘
∑ 𝑑(𝑝, 𝑞)𝑞∈𝐶𝑖

). Then, mathematically, the silhouette 

score equation can be calculated based on the following equation [20]. 

𝑆𝑖 =
𝑏(𝑝) − 𝑎(𝑝)

max{𝑏(𝑝), 𝑎(𝑝)}
 (9) 

 

III. METHODOLOGY 
The data used in this study is secondary data taken from the official websites of the Central Statistics Agency of Central 

Kalimantan, East Kalimantan, South Kalimantan, West Kalimantan, and North Kalimantan provinces. In general, the 

variables used in this study are the eight variables presented in Table 1. 
Table 1 Data Description 

Variable Symbol Explanation 

Poverty Rate 𝑋1 % 

Total Population 𝑋2 In Thousands 

Population Growth Rate 𝑋3 % 

Percentage of Population 𝑋4 % 

Population Density 𝑋5 /km2 

Length of Time Spent in School 𝑋6 In Years 

Per Capita Expenditure on Food 𝑋7 % 

Total Working Population 𝑋8 In Thousands 

 

This study has data analysis steps that begin with data collection, followed by data exploration. Missing data in the 

total working population variable was handled as in the previous study on HJK. Then, clustering was performed and the 

silhouette score was calculated. Finally, the results were evaluated and interpreted. 

 
Figure 1 Analysis Flow Chart 
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IV. RESULTS AND DISCUSSIONS 
The analysis results began with data collection in Table 1 from 56 regencies and cities in Kalimantan, where the 

descriptive statistics of the eight variables are presented in Table 2. The descriptive statistics conducted by this study aim 

to understand the distribution, data center, and spread of each variable used to provide richer information. The 

descriptive statistics results for the population density variable (𝑿𝟓) show an extreme data distribution, which allows the 

data to have outliers, as indicated by the high standard deviation and variance values. 
Table 2 Descriptive Statistics of The Data 

Measure 𝑿𝟏 𝑿𝟐 𝑿𝟑 𝑿𝟒 𝑿𝟓 𝑿𝟔 𝑿𝟕 𝑿𝟖 

Mean 1.71 320.56 8.54 8.93 382.41 8.66 52.51 150734.84 

Median 1.36 269.67 5.96 6.36 37.00 8.39 53.32 130071.50 

Standard Deviation 2.32 204.32 6.01 6.45 1200.45 1.17 4.78 89660.36 

Variance 5.38 41746.58 36.16 41.58 1441070.86 1.37 22.86 8038979826.43 

Range 18.10 836.50 25.34 33.44 6817.00 5.17 20.55 388498.00 

Minimum 0.39 28.80 2.23 0.81 2.00 6.54 41.43 14640.00 

Maximum 18.49 865.30 27.57 34.25 6819.00 11.71 61.98 403138.00 

 

The first analysis was conducted using a hierarchical clustering approach, where the data submitted was standardized 

or scaled to provide a balanced contribution to the analysis process using the min-max method, see equation [1]. Next, 

the standardized data of the eight variables submitted, namely poverty rate, total population, population growth rate, 

population percentage, population density, length of schooling, per capita expenditure on food, and total working 

population, were analyzed using the single, average, complete linkage, and Ward's methods as clustering features. The 

cluster formation process is carried out by calculating distances, where this study uses Euclidean distances, see equation 

[2]. The results of these distance calculations form a square and symmetric matrix (𝒏 × 𝒏). The resulting clusters are 

obtained by calculating the smallest distance matrix for the single linkage method. In contrast, the closest distance 

between the first two objects is calculated based on the equation in equation [3]. This agglomerative process is repeated 

until the number of clusters is obtained, which in this study is 𝒌 = 𝟐. 

The second method is calculated using the average value, or average linkage. This method pairs the closest clusters 

based on the average calculation of the Euclidean distance matrix of two objects. Then, agglomerative clustering is 

repeated until 𝒌 = 𝟐 clusters are obtained. The third method calculates the farthest distance matrix to determine the two 

closest objects, then agglomerative clustering is repeated until 𝒌 = 𝟐 clusters are obtained. The fourth is the centroid 

method, which calculates the distance between two clusters as the Euclidean distance between their mean vectors 

(centroids), merging the pair of clusters that results in the smallest increase in the total within-cluster variance at each 

step of the hierarchical agglomerative clustering process. The last method in the hierarchical clustering approach is 

Ward's method, which focuses on minimizing the variance within each cluster. The algorithm is repeated by calculating 

the total sum of squares, which will increase with each possible combination of two clusters. If combining two clusters 

increases the sum of squares, the smallest value of this total increase in the sum of squares is selected for combination 

(principle of minimal increase of variance). The clustering results of the four hierarchical clustering methods in regencies 

and cities in Kalimantan with eight socio-demographic variables are shown in the dendrogram in Figure 2. Figure 2. 

Dendrogram of clustering results 

 
(a) 
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(b) 

 
(c) 

 
(d) 

 
(e) 

Figure 1 Dendrogram of Clustering Results. (a) Single Linkage, (b) Average Linkage, (c) Complete Linkage, (d) Centroid, and (e) Ward’d Methods 

 

The clustering results shown in the dendrogram using the hierarchical clustering approach reveal a clear separation 

into two clusters. The first cluster consists of regencies and cities in Kalimantan with homogeneous eight socio-

demographic variables. In contrast, the second cluster shows a different pattern, where the regencies and cities in 

Kalimantan in this cluster have specific socio-demographic characteristics.  

This is reinforced by the dendrogram in Figure 2 above, showing good consistency across all different hierarchical 

clustering methods used. This means that the data has a strong inherent structure, so comparisons of clustering methods 

in the hierarchical clustering approach do not have a significant effect. The dendrogram results also indicate that of all 

the methods used in the hierarchical clustering approach for 56 regencies and cities in Kalimantan, there are 13 regencies 

and cities with specific socio-demographic conditions, namely East Kotawaringin, Kapuas, Sambas, Landak, Ketapang, 

Sintang, Kapuas Hulu, Kayong Utara (North Kayong), Kubu Raya, Pontianak, Singkawang, Berau, and Penajam Paser 

Utara (North Penajam Paser). 
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The second approach was non-hierarchical clustering, namely k-means clustering, determining the 𝒌 value using the 

elbow method, as shown in Figure 3. This value shows a significant decrease in WCSS (within-cluster sum of squares) 

from 𝒌 = 𝟏 to 𝒌 = 𝟐, then the graph flattens after 𝒌 = 𝟐. In general, this indicates that 𝒌 = 𝟐 is the optimal 

cluster. Furthermore, this study also determined the optimal 𝒌 value using the Mcclain methods, which also showed that 

the optimal 𝒌 value was 𝒌 = 𝟐. The k-means clustering results showed that of the 56 regencies and cities in Kalimantan, 

there were six regencies and cities with specific socio-demographic conditions, namely Pontianak, Banjarmasin, Kutai 

Kertanegara, Samarinda, Balikpapan, and Tarakan. Meanwhile, the other 50 regencies and cities fall under general socio-

demographic conditions.  

The goodness of these clustering results can generally be compared using the silhouette score to validate that objects 

within clusters have high similarity and evident dissimilarity with objects outside the clusters. The silhouette clusters of 

the six methods proposed by this study are presented in Table 3. 
Table 3 Silhouette Score 

Matrix Evaluation Single Linkage Average Linkage Complete Linkage Centroid Ward’s Methods K-Means 

Silhouette Score 0.701 0.701 0.701 0.701 0.701 0.393 

 

The silhouette score in Table 3 above shows that the hierarchical clustering approach produces consistent results 

compared to the k-means (non-hierarchical clustering approach), namely 0.701. This indicates that the cluster structure 

produced has good or robust differences in clustering the socio-demographic data of regencies and cities in Kalimantan. 

This result is reasonable considering that the data contains outliers, as shown in Table 1, where the population density 

variable (𝑿𝟓) has outliers. Previous research on [21]  shows that k-means is unsuitable for data with outliers.  

Cluster 1 (43 regencies and cities) requires policies that focus on equitable development, improving access to education, 

and economic development based on local potential. Programs to improve the quality of human resources and basic 

infrastructure must be prioritized. Cluster 2 (13 regencies and cities) requires policies that focus on controlling population 

density, providing urban infrastructure, and alleviating urban poverty. Programs to expand formal employment 

opportunities and control food prices should be prioritized. In addition, these results provide insight into the importance 

of comprehensive comparative studies for achieving robust clustering. The hierarchical clustering approach also shows 

that it can capture the natural structure of the socio-demographic data of regencies and cities in Kalimantan.  

This study used the Min-Max Scaling method to standardize the data prior to cluster analysis. This method is known 

to have limitations when the data contains severe outliers. For future research, it is recommended to use normalization 

methods that are more robust to outliers, such as Robust Scaling, Log-Transformation, or Z-Score after data 

transformation, in order to produce more stable and accurate clusters.

V. CONCLUSIONS AND SUGGESTIONS 
Clustering analysis of 56 regencies and cities in Kalimantan based on the socio-demographic conditions of eight 

variables representing them shows that it is possible to identify two natural clusters from the data. Whereas for the 

hierarchical clustering approach with five proposed methods, single, average, complete linkage, centroid, and Ward's 

methods showed good clustering results compared to the k-means non-hierarchical clustering approach, which was 

based on a silhouette score of 0.71 or higher by 0.308. These results also show that 13 of the 56 regencies and cities in the 

minority cluster have different socio-demographic characteristics, requiring different regional development policies to 

be on target. A comprehensive statistical understanding of the comparative study of clustering methods shows that data 

structure is important in determining the analysis method. 
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