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Abstract. The success of development program implementation related to community welfare in
North Sumatra Province can be evaluated through several indicators, including consumption patterns,
housing and environment, population, education, nutrition, health, expenditure, and employment. This
study aims to group districts and cities in North Sumatra Province based on similar or homogeneous
characteristics of these welfare indicators. To achieve this, both hierarchical and non-hierarchical
clustering methods were applied, including k-means and k-medoids (using PAM and CLARA algorithms).
Among these methods, the hierarchical clustering using Ward'’s linkage was found to produce the best
clustering results, forming three distinct clusters. The first cluster consists of 4 districts/cities, the
second cluster includes 23 districts/cities, and the third cluster comprises 6 districts/cities. These

clustering results can assist local governments in North Sumatra in formulating more targeted and
effective welfare policies, based on the dominant indicators present in each cluster.

1. INTRODUCTION

Regional development refers to the utilization of available resources to achieve tangible improvements in community welfare, including income
levels, employment opportunities, business opportunities, access to policy-making, competitiveness, and the improvement of the Human
Development Index (HDI). Compared with other provinces across Sumatra Island, the number of poor people in North Sumatra Province is
higher than in other regions. Meanwhile, the lowest number of poor people is found in the Bangka Belitung Islands Province. However, when
viewed in terms of the poverty rate, Aceh Province has the highest percentage of poor people, followed by Bengkulu Province and South
Sumatra Province.

This issue indicates that development policies in North Sumatra Province may not yet be properly targeted. Therefore, it is necessary to
identify the characteristics of regional development based on the level of community welfare in each area in order to formulate appropriate
policies and strategies to accelerate the development process. Measuring welfare requires several detailed indicators from various aspects.
Public welfare indicators reflect the quality of human resources in a country, which include indicators related to consumption patterns, housing
and environment, population, education, nutrition, health, expenditure, and employment [1].

To support the successful implementation of development programs, particularly those related to community welfare in North Sumatra
Province, it is necessary to conduct research that groups districts and cities with similar or homogeneous characteristics in terms of welfare
indicators. Such grouping can be carried out using clustering methods. Clustering methods are generally divided into two categories:
hierarchical clustering and partitioning (also known as non-hierarchical clustering). Hierarchical clustering is used when the desired number of
clusters is not yet known and includes methods such as complete linkage, single linkage, average linkage, centroid linkage, and Ward’s linkage.
Meanwhile, non-hierarchical clustering is applied when the desired number of clusters has been determined, and includes methods such as
K-means and K-medoids.

Several previous studies have been conducted to determine the most appropriate clustering methods. Soft clustering and hard clustering
methods are applied to group welfare indicators on Java Island [2]. The K-means algorithm was used to cluster public welfare indicators in
North Sumatra Province [3]. Furthermore, research conducted by Izzaty, HG, and Devianto grouped districts and cities in West Sumatra
Province based on community welfare indicators using the Silhouette coefficient for cluster validity assessment [4].

This study aims to classify districts and cities in North Sumatra Province based on the characteristics of public welfare indicators. Prior to
clustering, the variables are reduced in dimension using Principal Component Analysis (PCA) to improve and accelerate the performance of
clustering methods. Through this grouping, it is expected that the government can implement appropriate policies to achieve a more equitable
distribution of welfare. In addition, this study also aims to compare several clustering methods that can be used to classify regions based on
welfare levels in order to determine the most appropriate clustering method for grouping districts and cities in North Sumatra Province.
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2. METHOD
2.1. Research Method

Principal Component Analysis (PCA) is a statistical technique used to transform a large set of original variables — which are correlated with
one another — into a smaller set of new, independent (uncorrelated) variables. Thus, PCA is useful for data reduction, making it easier to
interpret the data. Component formation is based on two approaches: the correlation matrix and the covariance matrix [5]. The process of
determining principal components using the correlation matrix is as follows:
1. Construct matrix Z, which is the result of standardizing variable X.
2. Construct the correlation matrix from Z (Z'Z). The first step in the component reduction process is to find the eigenvalues A from the
equation:

Z,(pxn)Z(”Xp) = Apxp) L(pxp)| =0 M

where:

Z : matrix resulting from the standardization of variable X

A : eigenvalue matrix, which is a diagonal matrix

I: identity matrix of size nxp

The number of principal components is selected based on the eigenvalue (1), where if A > 1, the component is selected as a principal
component [6]. Once the assumptions are met, cluster analysis is then performed. Cluster analysis is an analytical method used to group
objects based on similarity of characteristics, or relative homogeneity among those objects [5]. In general, there are two methods in cluster
analysis: hierarchical clustering and non-hierarchical clustering.

a. Hierarchical Clustering Method

This method begins grouping with two or more objects that have the closest similarity, then continues to the next closest objects, and so
on, until the clusters form a tree-like structure with a clear hierarchy (levels) among objects, ranging from most similar to least similar [5].
Hierarchical clustering methods are differentiated based on the concept of distance between clusters. Several hierarchical techniques include
Single Linkage, Complete Linkage, Average Linkage, and Ward Linkage.

Table 1. Hierarchical Clustering Distance Calculation Methods

No. Method Distance Calculation
1 Single Linkage du,vyw = min{dyy, dyy }
2 Complete Linkage du,vyw = max{dy,, dyy}
3 Average Linkage du,vyw = average{dyy, dyw}
4 Ward Linkage Based on the sum of squares error formula

In the Ward Linkage method, the clusters formed have the smallest possible internal variance, because the distance between two clusters is
based on the sum of squares of the two clusters formed. This method is also effective and is therefore frequently used compared to other
hierarchical methods [7]. The clustering process is based on minimum variance within clusters [5]. This method is commonly used for objects
with a small number of clusters. The process in Ward Linkage clustering is as follows:

1. Calculate the sum of squares error between two clusters using the formula:

P
SSE,’j = Z (x,-k —Xjk)z (2)
k=1

N —

where:
SSE;; : Sum of Squares Error between object pair i and j
Xik : value of object i on variable k
Xjk : value of object j on variable k
2. Find the smallest SSE value between two clusters, then merge them into one cluster. Thus, from n clusters, the number systematically
decreases to n — 1, and so on.
3. Repeat step (2) until the minimum number of clusters is obtained.

Selecting the Best Hierarchical Method

The selection of the hierarchical method in this study uses the agglomerative coefficient as a measure of the structure of the hierarchical cluster.
An agglomerative coefficient value close to 1 indicates a more balanced and strong structure [8]. A value close to 0 indicates a poorer cluster
structure. However, the agglomerative coefficient tends to increase as the sample size grows, so it cannot be used to compare datasets of vastly
different sizes.

b. Non-Hierarchical Clustering Method

Non-hierarchical cluster analysis is a method of grouping objects into k& groups, where k is determined before the analysis is conducted. This
study uses K-Means Clustering and K-Medoids Clustering to assess the suitability of each method with the data used.

K-Means Clustering
K-Means clustering is the simplest non-hierarchical clustering method, which divides data into several groups where data with similar
characteristics are placed in the same group and data with more different characteristics are grouped into another cluster [5]. The process in
K-Means clustering is as follows:

1. Determine the number of clusters (k).

2. Randomly initialize centroid values (cluster centers) for k clusters.
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3. Calculate the distance of each data point to each cluster centroid using Euclidean distance. The Euclidean distance between objects i and j

is formulated as:
& 2
dij = Z(xik_xjk) 3)
k=1

where:
X;x : value of object i on variable k
Xk : value of object j on variable k

p : number of observed variables

4. Group data based on the shortest distance between each data point and the centroid.
5. Determine new centroids by calculating the mean of all data points in the same cluster center.

X1yt Xt Xgj

Cyj = P s j=12,...,p “)

where:
Cy; : center of cluster k on variable j
ng : number of data points in cluster £
6. Return to step 3 and continue iterating until the cluster centroids are stable and no data points move between clusters (convergence).

K-Medoids Clustering
K-Medoids uses a medoid as the cluster center — that is, it uses one of the existing data points, randomly initialized, to represent the cluster [9].
The K-Medoids algorithm consists of the following 6 steps:
1. Determine the number of clusters (k), adjusted in this study based on the results of the elbow method.
2. Select arbitrary objects in each cluster to serve as medoids.
3. Allocate all objects to the cluster with the nearest medoid using Euclidean distance theory, with the formula:
n : number of attributes

n
D(a,b) = | D (ax = by’ )
k=1
Xy . data with attribute k

4. Calculate the Total Cost (TC). Total Cost is obtained by summing the minimum distances selected across all clusters, denoted as dg. In
general, TC can be calculated using:

where:

N
TC = Z ds (6)
i=1

5. Randomly select new medoid candidates as in step (2), then repeat steps 3 and 4. The new total cost is denoted TC'.

6. Determine the total deviation (S) by calculating the new total distance minus the previous total distance: S = TC’ — TC. If § > 0, the
iteration stops and the cluster members used are those from when 7'C was calculated. If S < O, the objects must be swapped with the n
cluster data to form a new set of k objects, and steps (3) through (5) are repeated.

The algorithms used in K-Medoids clustering are PAM (Partitioning Around Medoids) and CLARA (Clustering Large Application). Both
algorithms share similar principles. CLARA is an extension of PAM that relies on a sampling process — it takes samples from the dataset,
applies PAM to the sample, and finds the medoid from the sample. For a better approximation, CLARA takes multiple samples and returns the
best output [10].

Evaluation of the Best Clustering Method

Cluster evaluation consists of external and internal evaluation. External evaluation can be performed when the clusters have labels (supervised).
This study uses only internal evaluation because the data used is unlabeled. Internal evaluation uses the internal information within the data to
assess clustering results. It reflects the compactness, connectivity, and separation of cluster partitions. The internal evaluations used are the
Silhouette Coefficient, Dunn Index, and Connectivity Coefficient.

Internal: Silhouette Coefficient

The Silhouette Coefficient is a measure of the degree of confidence in the assignment of an observation to a cluster. A cluster is considered
good if the coefficient is close to 1, and poor if it is close to —1. The Silhouette Coefficient is calculated as follows:
* Calculate the average distance between an object (i) and every other object in the same cluster (cohesion):

. 1 -
a(i) = W——lzd(l’]) @)
JjeA
j#i
Where j is an object other than 7 in the same cluster A, and |A| is the number of members in cluster A.

* Calculate the average distance between object i and every object in each other cluster, then take the smallest distance (nearest neighboring
cluster):

d(i,C) = ﬁ Z d(i, j) ®)

jeC
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Where d(i, C) is the average distance between object i and every object in another cluster C, where A # C. Then calculate the separation,
which is the distance to the nearest neighboring cluster:

b(i) =mind(i,C 9
({) =mind(i,C) ©)
The Silhouette Coeflicient is then formulated as:

b(i) - a(i)

max (a(i), b(i)) (19)

s(i) =
Internal: Dunn Index
The Dunn Index is a measure for validating clustering results, obtained by measuring the distance between two clusters and the diameter of a
cluster. It is the ratio of the largest inter-cluster distance to the smallest intra-cluster distance. The higher the Dunn Index value, the better the
cluster structure [11]. The Dunn Index is formulated as:

. . diSC(Ci,Cj)
DI = min { min (€8))

where:

DI : Dunn Index

d(i, j) : distance between cluster i and cluster j
diam(i) : diameter of cluster i

Internal: Connectivity Coefficient

Compactness relates to evaluating the homogeneity of a cluster, commonly assessed using intra-cluster variance. Connectivity indicates the
position of observed data within a cluster relative to its nearest neighbors. This compactness is measured using the connectivity coefficient.
The connectivity value ranges from zero to co. The lower the connectivity coefficient, the better the cluster formed [11]. The Connectivity
Coefficient is formulated as:

N L
e DIPI T (12)

i=1 j=1
where:
nni(j) : nearest neighbor j of object i
Xinn; (i) * approaches 0 if objects i and j are in the same cluster, and 1 otherwise
L : parameter for the number of neighbors

2.2. Data

The data used in this study is secondary data obtained from the Central Bureau of Statistics (Badan Pusat Statistik/BPS). This study uses
welfare indicators sourced from the website of BPS North Sumatra Province for the year 2024. Based on the reference literature, ten variables
(Table 2) were selected that influence the level of community welfare in a region.

Table 2. Research Variables

No. Variable Data Type
1 Life Expectancy Quantitative
2 Expected Years of Schooling Quantitative
3 Mean Years of Schooling Quantitative
4 Adjusted Per Capita Expenditure Quantitative
5  Economic Growth Quantitative
6  Total Labor Force Quantitative
7  Open Unemployment Rate Quantitative
8  Number of People in Poverty Quantitative
9  Population Density Quantitative
10 Home Ownership Quantitative

2.3. Analysis Method

The analysis stages are as follows:
1. Collecting welfare indicator data for the year 2024 from 33 regencies/cities in North Sumatra Province.
Data normalization.
Performing Principal Component Analysis.
Determining the optimal number of principal components for clustering.
Cluster analysis using the hierarchical method:
¢ Determining the initial number of clusters using the elbow and silhouette methods.
* Performing hierarchical cluster analysis (Single Linkage, Average Linkage, Complete Linkage, and Ward Linkage).
» Evaluating the best hierarchical clustering method using the agglomerative coefficient, cophenetic correlation, and dendrogram criteria.

woe WD
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* Grouping regencies/cities based on the best hierarchical clustering method.
6. Cluster analysis using the K-Means method: Determining the initial number of clusters using the elbow and silhouette methods.
¢ Performing K-Means cluster analysis according to the optimal number of clusters.
* Grouping regencies/cities based on the K-Means clustering method.
¢ Calculating the degree of variation within each cluster and how well the clustering results are in terms of compactness.
7. Cluster analysis using the K-Medoids method: Determining the initial number of clusters using the elbow and silhouette methods.
* Performing K-Medoids cluster analysis using the PAM and CLARA algorithms.
* Grouping regencies/cities based on the K-Medoids PAM and CLARA clustering methods.
* Comparing the K-Medoids PAM and CLARA clustering methods for the optimal number of clusters.
8. Comparing the best clustering method between the Hierarchical and Non-Hierarchical methods (K-Means and K-Medoids).

3. RESULTS AND DISCUSSION

3.1. Dimension Reduction with PCA

PCA was applied to reduce the dimensionality of the data by forming several components that are linear combinations of the variables used in
the analysis. Only components with an eigenvalue greater than 1 were retained for further analysis. In this study, three components were
formed with eigenvalues greater than 1 (Table 3). The cumulative variance of the three components is 72.65 percent, meaning that the three
principal components are able to explain approximately 73 percent of the total variation in the original data. The analysis then proceeds with
clustering modeling using various methods, with the principal component scores as the input variables.

Table 3. PCA Component Result

No. Component Eigenvalue Cumulative Variance
1 Component 1 4.11390 41.14%
Component 2 1.76925 58.83%
3 Component 3 1.38174 72.65%

3.2. Cluster Analysis Using Hierarchical Method

The first step is to determine the optimal number of clusters (k) to be used for clustering the data with the agglomerative hierarchical method.
This study uses the Elbow Method and Silhouette Method to determine the optimal value of k, resulting in the plots presented in Figure 1.
Based on the Elbow Method plot, it can be seen that the largest gradient break occurs when the number of clusters is three. However, the
Silhouette Method indicates that the optimal number of clusters is two. This study proceeds with three clusters, as two clusters is considered
too few. A comparison of the best hierarchical method among Single Linkage, Complete Linkage, Average Linkage, and Ward Linkage was
then conducted using the Agglomerative Coefficient and Connectivity Coefficient as evaluation criteria.

Qiptireal rurbor of Cusions Cpima! rambarof clsiens
Elums meeinead & B s W e

& [ f 7 1 " ] i 2 i [ [ r ]
Mursbar of csisr b Fiarmber of chaier b

Figure 1. Elbow Method and Silhouette Method for Agglomerative Hierarchical Clustering

Table 4 presents the evaluation of hierarchical clustering methods using the Agglomerative Coefficient (AC) and Connectivity Coeflicient
(CC) criteria. Based on the Agglomerative Coefficient criterion, the best hierarchical method is Complete Linkage, followed by Ward Linkage.
Meanwhile, based on the Connectivity Coefficient criterion, the best hierarchical methods are Average Linkage and Single Linkage.

Table 4. Comparison of Hierarchical Methods Based on AC and CC Criteria

Hierarchical Method Agglomerative Coefficient Connectivity Coefficient
Single Linkage 0.8255569 0.882321
Complete Linkage 0.9031195 0.807929
Average Linkage 0.8646245 0.904301
Ward Method 0.9029421 0.720407

The next step in determining the best hierarchical method is by using a dendrogram. Figure 2 shows the dendrogram results for the 3 best
methods based on the Agglomerative Coefficient and Connectivity Coefficient criteria, namely the dendrograms for the Complete Linkage,
Ward Linkage, and Average Linkage methods. As can be seen from the dendrogram structure presented in Figure 2, the Complete Linkage and
Average Linkage methods are less stable compared to the Ward Linkage method. The Ward Linkage method is considered more stable and
representative in forming clusters. To further clarify the best method, a visualization of the resulting clusters was performed.

Based on the clustering results, it can be seen more clearly that the Agglomerative Ward Linkage method groups regions based on
welfare levels better than the Complete Linkage method, as the three clusters are more distinctly visualized with clearer boundaries (Figure 3).

JSDA. Volume 1, Issue 1, October 2026 page 5 of 9



Journal of Statistics

and Data Analytics Setiawan and Matdoan — Cluster Analysis of Districts and Cities in North Sumatra Province

e y—
sy

Figure 2. Dendrograms for Ward Linkage (a), Complete Linkage (b), and Average Linkage (c)

Therefore, it can be concluded that the best Agglomerative hierarchical method for grouping welfare levels based on regencies/cities in North

Sumatra Province is the Agglomerative Ward Linkage method.

Heatark] ward dergani = Smrwsl compieie cengan k= 1

Figure 3. Clustering Using Agglomerative Ward Linkage and Complete Linkage with k = 3

3.3. Cluster Analysis Using the K-Means Method

In cluster analysis using the K-Means method, the first step is to determine the appropriate value of k for the clustering process. The Elbow
Method and Silhouette Method were used to determine the optimal value of k. Based on the Elbow Method plot (Figure 4), it can be seen that
the largest gradient break occurs when the number of clusters is four. This is consistent with the Silhouette Method, which also indicates that

the optimal number of clusters is four.

Opbimal number of clusiam
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Figure 4. Elbow Method and Silhouette Method for K-Means Clustering
The clustering results using the K-Means method with 4 clusters are presented in Figure 5. Based on the clustering results, it can be seen

that the first cluster consists of 5 regions, the second cluster consists of 22 regions, the third cluster consists of 4 regions, and the fourth cluster
consists of 2 regions. Analysis of the clustering results shows the Within-Cluster Sum of Squares (WCSS) values for each cluster as follows:

21.61 (Cluster 1), 37.03 (Cluster 2), 2.22 (Cluster 3), and 13.63 (Cluster 4).

Errabes dangan k= 4

LI ET

Figure 5. Regional Clustering Results Using K-Means with k = 4

The Within-Cluster Sum of Squares (WCSS) describes the degree of internal variation within each cluster; the smaller the value, the more

homogeneous the members within that cluster.
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Table 5. WCSS Values and Between-Cluster Proportion

Cluster WCSS
1 21.61
2 37.03
3 2.22
4 13.63
Total 74.49

Between-Cluster Proportion  68.9%

Note: Between_SS/Total_SS.

In addition, the ratio of Between-Cluster Sum of Squares (BCSS) to Total Sum of Squares (TSS) was recorded at 68.9%, indicating that
approximately 68.9% of the total variation in the data can be explained by the separation between clusters (Table 5). This value indicates that
the clustering results are of reasonably good quality, with a relatively clear cluster structure.

3.4. Cluster Analysis Using the K-Medoids Method

The K-Medoids algorithms used are PAM and CLARA. As with the previous methods, the first step is to determine the optimal number of
clusters using the Elbow and Silhouette methods for both the PAM and CLARA algorithms. Based on the analysis using the Elbow and
Silhouette methods, the optimal number of clusters for the PAM and CLARA algorithms are 4 clusters and 2 clusters, respectively. However,
this study proceeds with 4 clusters, as 2 clusters is considered too few.

Coimal nerebar ol clisies Cpimal numizer of dusian:
F Eowr i
354

S nwihed
i

B
3 . ¥

Humibr ol Dt i P WS

Figure 6. Comparison of Elbow and Silhouette Methods for PAM and CLARA Algorithms of K-Medoids

The clustering results of regions in North Sumatra using the PAM and CLARA algorithms are presented in Figure 7. Based on the
clustering results, the first cluster consists of 4 regions, the second cluster consists of 12 regions, the third cluster consists of 13 regions, and the
fourth cluster consists of 4 regions.

Pl ciangan =4 CLAR, dengan & = 4

Figure 7. Clustering Results of Regions Using PAM and CLARA Algorithms of K-Medoids

The evaluation between PAM and CLARA was conducted using the between-cluster proportion criterion (Between_SS/Total_SS). The
evaluation results are presented in Table 6. Based on Table 6, the ratio of Between-Cluster Sum of Squares (BCSS) to Total Sum of Squares
(TSS) for PAM (k = 4) is 65.56%, indicating that approximately 65.56% of the total variation in the data can be explained by the separation
between clusters. Meanwhile, for CLARA (k=4), the between-cluster proportion shows a value of 63.88%, meaning that 63.88% of the total
variation in the data can be explained by the separation between clusters. These values indicate that the clustering results of PAM (k=4) are
better than those of CLARA (k = 4).

Table 6. Between-Cluster Proportion of PAM and CLARA Algorithms

Clustering Method Between-Cluster Proportion

PAM (k = 4) 65.56%
CLARA (k =4) 63.88%

3.5. Evaluation of the Best Clustering Method

The evaluation of the best clustering method was conducted to compare all clustering methods for grouping regencies/cities in North Sumatra
based on socioeconomic indicators in 2024. In this study, the best clustering method was evaluated using the Silhouette Coefficient, Dunn
Index, and Connectivity Coeflicient. The evaluation results are presented in Table 7.
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Table 7. Comparison of Clustering Methods Based on Internal Evaluation

Clustering Method Connectivity Coefficient Dunn Index Silhouette Coefficient
Ward Linkage (k = 3) 13.8452 0.1263 0.4268
K-Means (k = 4) 23.8913 0.0736 0.3093
PAM (k = 4) 26.6690 0.0377 0.3106
CLARA (k =4) 29.9647 0.1114 0.2417

Based on the evaluation results in Table 7, it can be concluded that the best method for grouping the welfare levels of the population by
regency/city in North Sumatra Province is the Agglomerative Ward Linkage method, with a maximum Dunn Index of 0.1263, a minimum
Connectivity Coefficient of 13.8452, and a maximum Silhouette Coeflicient of 0.4268. Therefore, the subsequent interpretation will use the
clustering results from the Agglomerative Ward Linkage method.

3.6. Interpretation of Clustering Results from the Best Method

The clustering results from the Agglomerative Ward Linkage method form three clusters with regencies/cities grouped as presented in Table 8.
Based on Table 8, it can be concluded that Cluster 1 consists of 4 regencies/cities, where the regions in this cluster are underdeveloped or
peripheral areas characterized by a high number of people in poverty, low life expectancy, low mean years of schooling, very low purchasing
power, and low population density.

Table 8. Clustering Results of Districts and Cities Based on the Best Method

Cluster Regency/City
Cluster 1 Nias, Nias Selatan, Nias Utara, Nias Barat
Cluster 2 Mandailing Natal, Tapanuli Selatan, Tapanuli Tengah, Tapanuli Utara, Toba, Labuhan Batu, Asahan, Simalungun,

Dairi, Karo, Deli Serdang, Langkat, Humbang Hasundutan, Pakpak Bharat, Samosir, Serdang Bedagai, Batu
Bara, Padang Lawas Utara, Padang Lawas, Labuhanbatu Selatan, Labuanbatu Utara, Tanjungbalai, Gunungsitoli

Cluster 3 Sibolga, Pematangsiantar, Tebing Tinggi, Medan, Binjai, Padangsidimpuan

Cluster 2 consists of 23 districts/cities, characterized as areas that are not underdeveloped but have not yet reached the level of major
cities. The distinctive features of these areas include moderate life expectancy, expected years of schooling, and mean years of schooling,
moderate purchasing power, medium population density, and a fairly varied open unemployment rate. Cluster 3 consists of 6 districts/cities and
represents major urban areas with abundant facilities and high education levels, but urban problems such as urban poverty, high unemployment,
and low home ownership have emerged. The characteristics of Cluster 3 include high life expectancy, high mean years of schooling, high
purchasing power, very high population density, high open unemployment rate, high economic growth, but low home ownership.

Table 9. Mean Values of Each Variable by Cluster

Expected Years Mean Years

Cluster Life E\)((pectancy of Schooling of Schooling Purchasing Power Econon::c
(Years) (Years) (Years) Growt

1 72.13 13.15 6.81 4,083.50 3.81

2 73.45 13.44 9.53 10,503.78 4.77

3 74.46 14.13 11.21 11,041.50 4.44

North Sumatra 73.9 13.49 9.93 11,460 5.03

The characteristics described above were concluded based on the composition of districts/cities grouped within each cluster. To verify this,
a univariate analysis was conducted using mean values (Table 9). Based on Table 9, it can be seen that the average life expectancy in Clusters 1
and 2 is below the life expectancy of North Sumatra Province. The Expected Years of Schooling variable for Clusters 1 and 2 is also below the
provincial average. The same applies to mean years of schooling, economic growth, open unemployment rate, and population density. Based
on this analysis, it can be concluded that Cluster 3 represents urban or major city areas.

Table 9. Mean Values of Each Variable by Cluster (Continued)

Total Labor Open Number of People Population Home
Cluster Force Unemployment in Poverty Density Ownership
(People) Rate (%) (People) (People/km?) (%)
1 114,225.00 224 31,382.50 166.04 90.46
2 232,323.40 4.06 36,628.70 333.07 76.30
3 297,858.70 691 43,341.67 4,992.13 58.32
North Sumatra 8,181.16 5.60 1,228.01 215.13 74.75

4. CONCLUSION

The comparison of cluster analysis methods shows that the Ward Linkage method with k = 3 is the best method for grouping the socioeconomic
indicators of districts/cities in North Sumatra Province. The clustering results indicate that the regions of North Sumatra can be mapped across
a spectrum of socioeconomic development: from underdeveloped areas, to developing areas, to metropolitan areas. This classification can
serve as a consideration in the formulation of regional development policies, such as: infrastructure and accessibility prioritization for Cluster
1, improvement of human resource quality and industrialization for Cluster 2, and urbanization management and social inequality reduction for
Cluster 3. With this approach, regional policies can be more precisely targeted in accordance with the characteristics of each area.
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