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Abstract  
Indonesia is an archipelagic country with a high incidence of hydrometeorological disasters, 
and this incidence is increasing annually. One of the provinces in Indonesia with the highest 
number of hydrometeorological disasters is West Java Province, where 98.97 per cent of the 
disasters are hydrometeorological. The area's characteristics also support this: it is dominated 
by mountains, experiences high rainfall, has 40 watersheds, and contains six faults suspected 
to remain active, making it vulnerable to hydrometeorological disasters. Research on regional 
vulnerability to hydrometeorological disasters can be conducted by clustering regions into 
groups with similar vulnerability levels. The purpose of this study was to group regencies or 
cities in West Java Province based on indicators of regional vulnerability to 
hydrometeorological disasters in 2021. The clustering methods used are hard clustering 
(single linkage, complete linkage, average linkage, Ward's method, and k-means) and soft 
clustering (Fuzzy C-Means). The optimal method for grouping regencies or cities in West Java 
Province is complete linkage, yielding 4 clusters. The result is that all clusters are vulnerable 
to social vulnerability.  
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Introduction 

Indonesia is an archipelagic country prone to natural disasters. Indonesia is 
geographically placed between two continents and two oceans. Because of its geographical 
location, Indonesia is at risk of floods, severe waves, landslides, extreme weather, and 
drought. Indonesia is also located at the intersection of the world's three major tectonic plates, 
which contributes to the country's high risk of natural disasters and vulnerability (BNPB, 2016). 
According to UNISDR1 (2009), disasters are classified into four distinct categories; one of these 
is caused by hydrometeorological phenomena, also known as hydrometeorological disasters. 
Hydrometeorological disasters are natural phenomena in the atmosphere, hydrology, or 
oceanography that may cause loss of life, injury or other health effects, property damage, loss 
of livelihoods and services, social and economic upheaval, or environmental damage 
(UNISDR, 2009).  

 
1 UNISDR stands for United Nations International Strategy for Disaster Reduction 

L   E   N   S   A     T   U   R   I   S   T   I   K   A      
ISSN: xxxxxxxxxxx 

Vol. 1 (1) January, 2026 

 
 

http://creativecommons.org/licenses/by-sa/4.0/
mailto:hanifahvida3101@gmail.com


 

DOI: xxxxxx 
Creative Commons CC BY-SA 4.0 

43 

The number of hydrometeorological disasters in Indonesia each year is increasing, as 
recorded by the National Agency for Disaster Management (BNPB).2 According to BNPB’s 
disaster data verification, the number of natural disasters in Indonesia in 2021 was 6,235. The 
total disasters were dominated by hydrometeorological events, accounting for 98.96% of 
cases, with the following breakdown: 1,932 floods; 1,817 extreme weather events; 1,727 
landslides; 15 droughts; 585 forest and land fires; and 94 tidal waves and abrasion. Meanwhile, 
the province with the highest number of hydrometeorological disasters is West Java Province, 
with 2009 incidents. 

The West Java Province’s BPBD estimated that 98.97% of disasters in 2021 were 
hydrometeorological, including floods, landslides, tornadoes, and tidal waves. This is 
reinforced by the regional characteristics of West Java Province, which is dominated by hills. 
There are 17 mountains and volcanoes, relatively significant rainfall, 40 watersheds (DAS), and 
six active faults (BPS Jabar, 2022). West Java Province is at high risk of disasters due to the 
conditions described above. 

Disaster risk assessment is an essential aspect of disaster mitigation, which attempts to 
reduce the impacts of natural disasters (Taghizadeh-Hesary et al., 2021; Siagian et al., 2017). 
The government is drafting the 2015-2045 Disaster Management Master Plan (RIPB) with the 
objective of "Making Indonesia Disaster Resilient for Sustainable Development" which aligns 
with the vision and purpose of the 2005-2025 RPJPN. Additionally, Indonesia helped implement 
the Sendai Framework for Disaster Risk Reduction (SFDRR) 2015-2030 (BNPB & Bappenas, 
2018). Per objective 11 of the SDGs' 5th target, which aims to minimize the number of deaths, 
the number of people impacted, and the economic losses to global GDP caused by disasters 
(related to water) by 2030, focusing on safeguarding the poor and vulnerable population. 

In 2021, The National Agency for Disaster Countermeasure (BNPB) conducted a disaster 
risk assessment by computing the Indonesian Disaster Risk Index (IRBI) with three 
components: hazard, vulnerability, and capacity (BNPB, 2021). IRBI provides an overview of 
disaster management activities at both the province and district/city levels, and it can also 
assist the government in developing natural disaster management policies. However, the 2021 
IRBI calculation results continue to use hazard and vulnerability data from 2013. 

Vulnerability refers to the risk of harm to human life and property. Vulnerability is also 
defined as the expected losses from hazards and the extent to which society is unable to cope 
with disaster-related stress (Jeong & Yoon, 2018). According to Cutter (1996), vulnerability is 
classified into two types: social vulnerability and biophysical vulnerability, with their 
combination yielding place or regional vulnerability. Different loss patterns arise from 
disparities in social vulnerability across regions (Schmidtlein et al., 2011). Additionally, 
potential losses arise from society's interactions with biophysical conditions (Cutter, 1996). As 
community vulnerability increases, natural disasters will have a greater impact, and places 
with high biophysical vulnerability are more likely to suffer losses. 

One widely used approach to measure social vulnerability is the index approach. One 
method often used is the Social Vulnerability Index (SoVI), developed by Cutter et al. (2003) and 
subsequently implemented in Indonesia by Siagian et al. (2014), Pangestu et al. (2021), and 
Wijaya et al. (2022). However, measuring vulnerability using an index remains problematic. 
One of them is that calculations using indices cannot provide a deeper understanding of social 
vulnerability indicators, where each region has different social vulnerability factors (Maharani 
et al., 2020). Another weakness is that it oversimplifies the relationships among the various 

 
2 The National Disaster Management Agency (BNPB) is a non-ministerial government institution responsible for 
coordinating disaster management at the national level in Indonesia. BNPB was established to ensure that 
disaster preparedness, emergency response, and post-disaster recovery are carried out in an integrated, 
coordinated, and effective manner across the country. 
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constituent indicators, making it difficult to detect the diversity of vulnerabilities (Rufat, 2013). 
To overcome these weaknesses, the cluster analysis method, pioneered by Rufat (2013), can 
be applied. 

Research on regional vulnerability to hydrometeorological disasters can be conducted by 
grouping regions at the same vulnerability level using clustering. Clustering methods can be 
classified into two categories: hard clustering and soft clustering. Therefore, the researcher is 
interested to know the general picture of indicators of regional vulnerability to the impact of 
hydrometeorological disasters, comparing the most optimal cluster methods between hard 
clustering (hierarchical agglomerative and k-means) and soft clustering (FCM) based on 
indicators of regional vulnerability to the impact of hydrometeorological disasters, and 
analyzing districts/cities in West Java Province based on indicators of regional vulnerability to 
the effects of hydrometeorological disasters in 2021. The methods that will be used are hard 
clustering (single linkage, complete linkage, average linkage, ward's method, and k-means) 
and soft clustering (FCM). This regional vulnerability grouping is expected to be helpful in 
planning and evaluating government program targets and policies, thereby enabling greater 
focus on the most vulnerable areas to natural disasters, particularly hydrometeorological 
disasters. 

 
Methods  
1. Research Data 

The data sources used in this research are secondary data obtained from the Central 
Statistics Agency (BPS) of West Java Province, the West Java Open Data website, and the 
National Agency for Disaster Countermeasures (BPBD) of West Java Province. This research 
covers all regencies/cities in West Java Province, with 27 towns/regencies as the analysis 
units. The variables used in this research, along with their data sources, are shown in Table 1. 
 
Table 1. List of Indicators Used and Their Sources. 

Indicators Sources of Data Sources of Research 

The percentage of people with 
poverty 

West Java Province in 
2022 Figures 

(Habibi, 2013); (Cutter et al., 2003); 
(Cutter & Finch, 2008); (Rabby et 
al., 2019); (Dintwa et al., 2019); 
(Wijaya & Halim, 2022); (Siagian et 
al., 2014). 
 

Population density 
West Java Province in 
2022 Figures 

(Wijaya & Halim, 2022); (Habibi, 
2013); (Maharani et al., 2020); 
(Rabby et al., 2019); 
(Songwathana, 2018); (Irmayani et 
al., 2018); (Jeong & Yoon, 2018). 
 

The number of people with 
disabilities 

The West Java Open Data 
website 

(Maharani et al., 2020); (Nugraha et 
al., 2022). 

Sex Ratio West Java Province in 
2022 Figures 

(Wijaya & Halim, 2022); (Cutter et 
al., 2003); (Cutter & Finch, 2008); 
(Siagian et al., 2014); (Zhou et al., 
2014). 
 

The percentage of the 
population aged 0 to 4 years 

The West Java Open Data 
website 
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The percentage of the 
population aged >65 years 

The West Java Open Data 
website 

(Maharani et al., 2020); (Cutter et 
al., 2003); (Cutter & Finch, 2008); 
(Siagian et al., 2014); 
(Wijaya & Halim, 2022); (Habibi, 
2013). 

Population growth rate West Java Province in 
2022 Figures 

(Siagian et al., 2014); (Cutter et al., 
2003); (Cutter & Finch, 2008); 
(Zhou et al., 2014). 

The percentage of female 
heads of households 

The West Java Open Data 
website 

(Wijaya & Halim, 2022); (Cutter et 
al., 2003); (Cutter & Finch, 2008); 
(Siagian et al., 2014). 

The open unemployement rate West Java Province in 
2023 Figures (Wijaya & Halim, 2022); (Maharani 

et al., 2020); (Rabby et al., 2019); 
(Zhou et al., 2014). Labor-force participation rate West Java Province in 

2024 Figures 

Gross enrollment at high 
school level BPS Website 

(Maharani et al., 2020); 
(Songwathana, 2018); (Irmayani et 
al., 2018); (Jeong & Yoon, 2018). 
 

The number of health facilities West Java Province in 
2022 Figures 

(Cutter et al., 2003); (Watung et al., 
2018); (Djuraidah, 2009); 
(Maharani et al., 2020); (Nugraha et 
al., 2022). 

The percentage of viable 
houses 

Housing Statistics of West 
Java Province 2021 

(Taghizadeh-Hesary et al., 2021); 
(Rabby et al., 2019) . 
 

The number of villages/sub-
districts that have an early 
warning system for natural 
disasters. 

Potential Village Statistics 
of West Java Province 
2021 

(Dintwa et al., 2019); (Peraturan 
Kepala Badan Nasional 
Penanggulangan Bencana Nomor 
02 Tahun 2012 Tentang Pedoman 
Umum Pengkajian Risiko Bencana, 
2012); (Pangestu et al., 2021). 
 

The number of 
villages/subdistricts with 
signage and evacuation routes 

Potential Village Statistics 
of West Java Province 
2021 

GDP at fixed costs per capita BPS Website 

(Taghizadeh-Hesary et al., 2021); 
(Irmayani et al., 2018); 
(Songwathana, 2018); (Cutter et 
al., 2003); (Cutter & Finch, 2008); 
(Schumacher & Strobl, 2011); 
(Barone & Mocetti, 2014). 

Damaged house/residence 
The National Disaster 
Relief Agency West Java 
Province 

(Taghizadeh-Hesary et al., 2021). 

Damaged facilities 
The National Disaster 
Relief Agency West Java 
Province 

 
2. Hydrometeorological Disasters 

UNISDR categorises disasters into four types: those caused by dynamic processes within 
the Earth, those caused by dynamic processes on the Earth's surface, those caused by 
hydrometeorological events, and those caused by biological processes. Hydrometeorological 
disasters are natural phenomena that may cause loss of life, injury or other health effects, 
property damage, loss of livelihood, social and economic disruption, and environmental 
damage (UNISDR, 2009). Extreme meteorological and climatic phenomena, such as floods, 
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droughts, storms, tornadoes, or landslides, create hydrometeorological disasters (H. Wu et al., 
2016). 
 
3. Risk of Disaster 

Disaster risk is the potential for catastrophic losses in life, health status, livelihoods, 
assets, and services that can occur in society over a certain period (Mosby et al., 2021; 
UNISDR, 2009). Meanwhile, according to Law of the Republic of Indonesia Number 24 of 2007, 
disaster risk is "the potential loss arising from a disaster in an area and a certain period which 
can be in the form of death, injury, illness, threatened life, loss of a sense of security, 
displacement, damage or loss. Property, and disruption of community activities". In 
calculating the Indonesian Disaster Risk Index (IRBI), risk assessment uses the general formula 
in Equation (1). 

 
𝑅𝑖𝑠𝑘 = 𝐻𝑎𝑧𝑎𝑟𝑑 ×  

𝑉𝑢𝑙𝑛𝑒𝑟𝑎𝑏𝑖𝑙𝑖𝑡𝑦

𝐶𝑎𝑝𝑎𝑐𝑖𝑡𝑦
     (1)' 

 
4. Framework, Cutter et al. (2003) 

This research used the framework by Cutter et al. in 2003 where risk interacts with 
mitigation will produce potential danger. Risk itself is said to be the possibility of occurrence 
or probability of danger. Meanwhile, mitigation is said to be an effort to reduce the risks such 
as the previous plans and experiences. Chances can be weakened by proper mitigation, or they 
can be strengthened by poor mitigation practices (Cutter, 1996). 

The interaction between social vulnerability and biophysical vulnerability will produce 
regional vulnerability or place vulnerability, where place vulnerability provides feedback for risk 
and mitigation that can reduce or increase risk and mitigation. Potential losses also come from 
the interaction of society with biophysical conditions (Cutter, 1996). Suppose the vulnerability 
of the community is higher, in that case, the impact of natural disasters will be more significant, 
as well as areas that have high biophysical vulnerability are more likely to experience losses as 
well (Cutter et al., 2000). 

Vulnerability is defined as the possibility of damage, both in terms of human life and 
property. Vulnerability is also defined as a measure of potential losses from hazards and the 
extent of a community's inability to manage stress due to disasters that occur them (Jeong & 
Yoon, 2018). Social vulnerability is a measure of a society's sensitivity to natural hazards and 
ability to respond to and recover from the impacts of hazards (Cutter & Finch, 2008). 
Meanwhile, biophysical vulnerability can be defined as the exposure of human systems to 
extreme natural events (Clare & Weninger, 2011). Several indicators that can characterize 
biophysical vulnerability are the location of people's residences in dangerous zones, the level 
of losses associated with disasters, the frequency of natural disasters, magnitude, duration, 
availability of natural resources, quality of buildings, as well as land use and land cover (Cutter, 
1996; Clare & Weninger, 2011). 
 
5. Clustering 

Cluster analysis or clustering is a data exploration method to obtain hidden 
characteristics by forming groups or clusters of data without any information in the form of 
labels and mechanisms. It is carried out based on similarities or dissimilarities, such as 
Euclidean distance (Johnson & Wichern, 2007; Pramana et al., 2018). Clustering aims to group 
a set of objects with similar characteristics into one cluster and things with different aspects 
into another cluster by maximizing the similarity between objects in one cluster and minimizing 
the similarity between clusters (Ramadhan et al., 2021). Groupings of objects that are in the 
same cluster will be more similar than objects that are outside the cluster. The similarity in 
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characteristics between objects can be identified by looking at the close distance between 
objects. Based on the cluster membership value, clustering methods can be divided into hard 
and soft clustering. 
 
6. Hard Clustering 

In the hard clustering method, the membership of an observation unit is binary: whether 
it is included in the cluster or excluded (Pramana et al., 2018). Hard clustering is divided into 
two, namely hierarchical and non-hierarchical. The hierarchical grouping method is a 
clustering method that groups similar objects at adjacent levels and dissimilar objects at 
distant levels. Hierarchical methods can be classified into two, namely agglomerative and 
divisive. The divisive hierarchical method is also called the top-down approach. Meanwhile, 
the agglomerative hierarchical method is also called the bottom-up approach. The hierarchical 
agglomerative methods used in this research are single linkage, complete linkage, average 
linkage, and ward's method. 

Single Linkage uses the smallest distance between an object in one cluster and an object 
in another cluster. Complete Linkage uses the maximum distance between any pair of objects, 
one from each cluster. Average Linkage uses the average distance between objects in one 
cluster and those in other clusters (Johnson & Wichern, 2007). Meanwhile, Ward's Method, 
where the selection of two clusters to be combined is based on which combination of clusters 
minimizes the Sum of Squared Error (SSE) value in the cluster across a collection of separate 
clusters. At each step, the two clusters are merged to yield the smallest SSE (Hair et al., 2009). 

Meanwhile, the non-hierarchical grouping method partitions objects into k clusters, 
where the number of clusters is specified in advance or determined as part of the grouping 
procedure (Johnson & Wichern, 2007). Non-hierarchical methods can be applied to much 
larger data sets than hierarchical methods. One of the most popular methods is the k-means 
method. K-means clustering will group objects into several k clusters that have the closest 
centroid (average) (Johnson & Wichern, 2007). 
 
7. Soft Clustering 

In the soft clustering method, the membership of an observation unit is expressed 
through the degree of membership in each cluster (Balasko et al., 2005). One of the simplest 
and most frequently used methods in soft clustering is the Fuzzy C-means (FCM) method. FCM 
was first developed by Dunn in 1973 then refined in 1981 by Bezdek (Hanniva et al., 2022). The 
FCM method is an improvement on the k-means algorithm, in which the membership of an 
observation unit is expressed as a degree of membership in each cluster, with values ranging 
from 0 to 1 (Balasko et al., 2005). In FCM, m is a fuzzification parameter that controls the degree 
of intersection between clusters (Pramana et al., 2018). In most data, a good fuzzifier value is 
between 1.5 to 3.0 (Bezdek et al., 1984). Wu (2012) recommends a value of m ranging from 1.5 
to 4 for data containing noise and outliers. 

 
Findings and Discussion 

General description of indicators of regional vulnerability to the impact of 
hydrometeorological disasters in West Java Province 
West Java Province has the highest number of incidents in 2021. According to the National 
Disaster Relief Agency (BPBD) of West Java Province, in 2021, there were 2.429 natural 
disasters in West Java Province, of which 98.97% were hydrometeorological disasters. There 
are 18 indicators used in this research. Meanwhile, a general overview of regional vulnerability 
indicators in West Java Province in 2021 is presented in a descriptive table that includes 
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minimum values, maximum values, averages, and standard deviations. An illustrative table 
(Table 2) shows that the statistical significance of each indicator varies substantially. 
 
Table 2. Descriptive Statistics of Regional Vulnerability Indicators 

Indicators Minimum Maximum Averages Standard 
Deviation 

The percentage of people with poverty 2.58 13.13 8.97 2.89 

Population density 423 14630 3896 4584.33 

The number of people with disabilities 157 8139 1332 1896.98 

Sex Ratio 100.30 105.70 102.40 1.52 

The percentage of the population aged 0 
- 4 years 

6.24 8.53 7.39 0.57 

The percentage of the population aged > 
65 years 3.46 9.91 6.24 1.60 

Population growth rate 0.48 1.93 1.37 0.38 

The percentage of female heads of 
households 16.57 23.22 20.48 1.50 

Open unemployment rate 3.25 13.07 9.40 2.43 

Labor-force participation rate 56.86 74.75 65.03 3.58 

Gross enrollment at high school level 52.97 114.29 80.63 14.50 

The number of health facilities 31 482 224 146.29 

The percentage of building resilience 53.93 95.50 79.96 11.26 

The number of villages/sub-districts that 
have an early warning system for natural 
disasters. 

0 146 29.93 29.76 

The number of villages/subdistricts with 
signage and evacuation routes 1 66 20.33 19.56 

GDP at fixed costs per capita 13124 81704 29546 19555.95 

Damaged house/residence 5 1338 212.80 312.13 

Damaged facilities 0 262 50.74 67.58 

 
Comparing the most optimal cluster methods between hard clustering (hierarchical 

agglomerative and k-means) and soft clustering (FCM) based on indicators of regional 
vulnerability to the impact of hydrometeorological disasters in West Java Province in 2021 
Table 2 shows that the 18 indicators used have different units, so standardizstion needs to be 
done first before carrying out the cluster analysis. The next step is multicollinearity checking. 
Because there is no multicollinearity among the indicators used in the study, cluster analysis 
can be conducted using hard and soft clustering methods based on Euclidean distance. 
 
1. Hard Clustering  
a. Non-Hierarchical 

The first step in k-means clustering is to determine the number of clusters to be used 
(Johnson & Wichern, 2007). In this research, the methods used to determine the optimum 
number of clusters are the elbow and silhouette methods. 
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Based on Figure 1, researchers will compare the number of clusters 3 and 4. After 
determining the number of clusters, the next step is to run the k-means clustering algorithm on 
the dataset. The following are the results of the validity of the k-means method that are shown 
in Table 3. 
 
Table 3. The Result of The Validity of K-Means 

 Number of Clusters 
3 4 

Dunn 0.2896 0.4352 
Silhouette 0.1633 0.1745 

 
It can be concluded that by using the k-means method, the optimum number of clusters 

is 4 clusters, where the dunn index and silhouette coefficient values in cluster 4 are bigger 
than in cluster 3. The following is a plot of cluster analysis using k-means with 4 clusters. 

 
b. Hierarchical 

The hierarchical agglomerative method used in this research are single linkage, complete 
linkage, average linkage, and ward. In this research, the number of clusters to be compared 
follows the number of clusters in k-means method which are 3 and 4 clusters. The following 
are the results of the validity of the hierarchical agglomerative method in Table 4. 

 
Table 4. The Results of The Validity of The Hierarchical Agglomerative Method 

Methods Clusters Dunn Silhouette 
Single 3 0.736 0.1315 

4 0.4889 0.0962 
Complete 3 0.3969 0.1724 

4 0.4559 0.1771 
Average 3 0.3650 0.1688 

4 0.4559 0.1746 
Ward 3 0.3991 0.1648 

4 0.3969 0.1327 
 

In the hierarchical agglomerative method, the most optimal method is complete linkage 
with a total of 4 clusters. The silhouette coefficient value in cluster 4 is the highest and then 
followed by Dunn index value is the 3rd highest. The following is a dendrogram from cluster 
analysis using complete linkage with 4 clusters. Below is a dendrogram of the complete linkage 
method grouping in Figure 3. 
 
2. Soft Clustering  
a. Fuzzy C-Means (FCM) 

Like the k-means method, the initial stage before implementing FCM analysis is to 
determine the number of clusters (k) that will be used. Based on Figure 4, researchers will 
compare the number of clusters 3 and 4. After determining the number of clusters, the next 
step is to run the FCM algorithm on the dataset used. Following the suggestions of Bezdek et 
al. (1984), this study used a fuzzifier value between 1.5 to 3. Using two clusters and 
predetermined fuzzifier values, the most optimal number of clusters and fuzzifier values is 
selected by calculating the validity index value. The validity indices used are the Partition 
Coefficient (PC) index, Modified Partition Coefficient (MPC) index, Classification Entropy (CE) 
index, Separation Index (S), and Xie and Beni's Index (XB). The highest the PC and MPC index 
values, the more optimal grouping results. Meanwhile, smaller CE, S, and XB index values 
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indicate more optimal grouping results. The results of calculating the five index values are 
presented in Table 5. 

 
Table 5. The Validity Index Based on The Number of Clusters and Fuzzifier Value 

Cluster Fuzzifier PC MPC CE XB S 

3 

1.5 0.582 0.372 0.739 0.918 0.652 
2 0.333 0.000 1.099 11.451.612 11.451.612 

2.5 0.333 0.000 1.099 8.295815E+17 1.436877E+1
8 

3 0.333 0.000 1.099 3.952384E+15 1.185715E+2
2 

4 

1.5 0.542 0.390 0.881 0.903 0.606 
2 0.250 0.000 1.386 636754.264 636754.264 

2.5 0.250 0.000 1.386 2.293597E+16 4.587195E+1
6 

3 0.250 0.000 1.386 1.534616E+18 6.138465E+1
8 

Explanation:      
   The highest index value 
   The lowest index value 

 
Based on the values in Table 5, the optimal number of clusters and fuzzifier value for the 

FCM method is obtained which are 4 clusters with a fuzzifier value of 1.5. The number of 
clusters and fuzzifier values chosen are based on the highest MPC index value and the smallest 
CE, XB, and S index values. Using the FCM method, the number of clusters formed to group 
regencies/cities based on regional vulnerability to the impact of hydrometeorological disasters 
in West Java Province in 2021 is 4 clusters. Determining the cluster for each regency/city in 
West Java Province is based on the highest membership degree value. The following is a plot of 
cluster analysis using FCM with 4 clusters. 
 
3. Determining The Best Cluster 

The best or the most optimal cluster method in this research is seen from the highest 
values of Dunn index and Silhouette coefficient. The highest the Dunn index value in a cluster, 
the better the clustering results (Han et al., 2022). Likewise, for the silhouette coefficient, a 
higher value indicates a better-formed cluster (Thamrin & Wijayanto, 2021). To find out the best 
cluster method between hard clustering and soft clustering that has been done before, 
validation was carrried out using the Dunn index and silhouette coefficient on the k-means, 
complete linkage, and FCM methods (with a fuzzifier value of 1.5) with 4 clusters. The validity 
results of the three methods are presented in Table 6. 

 
Table 6. The Validity Results of Three Methods. 

 
Complete K-means FCM 

Dunn 0,4559 0,4352 0,4103 

Silhouette 0,1771 0,1745 0,1376 
 

It can be seen from Table 6 that the most optimal method for grouping regencies/cities in 
West Java Province based on data of regional vulnerability to the impact of 
hydrometeorological disasters is the complete linkage method with the optimal number of 
clusters are 4 clusters. The Dunn index and silhouette coefficient values for the complete 

http://creativecommons.org/licenses/by-sa/4.0/


 

DOI: xxxxxx 
Creative Commons CC BY-SA 4.0 

51 

linkage method are the highest compared to other methods that are 0.4559 and 0.1771. So, it 
can be concluded that in this research, hard clustering (complete linkage) is better than soft 
clustering, as seen from the Dunn index value and silhouette coefficient values. This aligns with 
research conducted by Syafiyah et al. (2022) that the complete linkage method is the best 
method for grouping regencies/cities in West Java Province. Analyzing regencies/cities in West 
Java Province based on indicators of regional vulnerability to the impact of 
hydrometeorological disasters in 2021 

Table 2 shows that the 18 indicators used have different units, so standardization needs 
to be done first before doing cluster analysis. The next step is checking multicollinearity. 
Because there are no multicollinearity between the indicators used in the research, so cluster 
analysis can be done using hard clustering and soft clustering methods using Euclidean 
distance. Figure 6 presents a thematic map of the results of grouping regencies/cities based 
on indicators of regional vulnerability to hydrometeorological disasters in West Java Province 
in 2021 using the complete linkage method with 4 clusters. 

The number of members for each cluster are: cluster 1 consists of 2 regencies/cities, 
cluster 2 consists of 17 regencies/cities, cluster 3 consists of 2 regencies/cities, and cluster 4 
consists of 6 regencies/cities. Then, the average of each indicator in each cluster was 
calculated to see the characteristics of the cluster obtained, presented in Table 7. 
 
Table 7. The Average of Each Indicator in Each Cluster. 

Indicators Cluster 1 Cluster 2 Cluster 3 Cluster 4 
The percentage of people with poverty 8.81 10.48 7.64 5.20 
Population density 649.00 2570.71 2049.50 9347.83 
The number of people with disabilities 5799.50 559.59 1425.50 1998.33 
Sex ratio 100.30 102.54 104.85 102.07 
The percentage of the population aged 0 to 4 years 6.26 7.58 7.71 7.11 
The percentage of the population aged >65 years 9.62 6.48 4.61 4.98 
Population growth rate 1.09 1.41 1.55 1.31 
The percentage of female heads of households 20.73 21.16 18.85 19.00 
Open unemployement rate 4.16 9.29 10.27 11.18 
Labor-force participation rate 72.29 64.66 63.84 64.09 
Gross enrollment at high school level 99.54 75.15 64.49 95.26 
The number of health facilities 68.50 180.71 423.50 330.67 
The percentage of building resilience 78.23 82.18 80.38 74.13 
The number of villages/sub-districts that have an 
early warning system for natural disaster 38.50 33.53 37.00 14.50 

The number of villages/sub-districts with signane 
and evacuation routes 18.50 23.00 28.50 10.67 

GDP at fixed cost per capita 18581.19 22804.85 25985.03 53488.85 
Damaged house/residence 257.00 133.47 1067.00 138.00 
Damaged facilities 15.50 49.53 196.50 17.33 
Explanation: 
   Characteristics that are deemed susceptible 

 
The results of clustering districts/cities in West Java using the complete linkage method 

produced 4 groups, those are: 
1. Cluster 1 is the cluster with the most regional vulnerability indicators compared to other 

clusters, with the six most vulnerable indicators. These indicators are the number of 
people with disabilities, sex ratio, percentage of population aged > 65 years, TPAK, number 
of health facilities, and GDP at fixed cost per capita. Besides, this cluster also has a high 
average number of hydrometeorological disasters, with around 89 disasters in 2021, which 

http://creativecommons.org/licenses/by-sa/4.0/


 

DOI: xxxxxx 
Creative Commons CC BY-SA 4.0 

52 

caused 3,928 fatalities. In this cluster, the most frequent disasters are landslides followed 
by tornadoes (BPBD Jawa Barat, 2021). The frequency of natural disasters is an aspect of 
the natural environment that can influence the level of damage. According to Taghizadeh-
Hesary et al. (2021), the intensity or frequency of disasters is the factor that has the highest 
impact on the total damage caused by disasters. 

2. Cluster 2 is the cluster with the lowest regional vulnerability indicators compared to other 
clusters, where there are two most vulnerable indicators. These indicators are the 
percentage of people with poverty and the percentage of female heads of households. In 
addition, this cluster has a relatively high average number of hydrometeorological 
disasters, with around 74 disasters in 2021, and the most frequent disaster is landslides 
(BPBD Jawa Barat, 2021), with an average death toll of around 25,559 people. 

3. Cluster 3 is a cluster with five regional vulnerability indicators that are most vulnerable 
compared to other clusters. These indicators are the percentage of the population aged 0-
4 years, population growth rate, Gross Enrollment Rate (APK) at high school education 
level, damage to houses/residences, and damage to other facilities. Besides, this cluster 
has the highest average number of hydrometeorological disasters, with around 412 
disasters in 2021. The most frequent disasters in the areas in this cluster are landslides. 

4. Cluster 4 has five vulnerability indicators for the most vulnerable areas. These indicators 
are population density, Open Unemployment Rate (TPT), percentage of viable houses, 
number of villages/subdistricts with natural-disaster early-warning systems, and number 
of villages/subdistricts with signages and evacuation routes. Besides, this cluster has the 
lowest average number of hydrometeorological disasters, with around 23 disasters in 
2021, with the most frequent disaster is tornadoes. 
 

Conclusion  
It can be concluded that hydrometeorological disasters predominate among natural 

disasters in West Java Province, and the distribution of each vulnerability indicator across 
regions is highly heterogeneous. Then, the most optimal cluster method between hard 
clustering and soft clustering in grouping regencies/cities based on indicators of regional 
vulnerability to the impact of hydrometeorological disasters in West Java Province in 2021 is 
the hard clustering (complete linkage) method. Grouping using the complete linkage method 
yielded 4 clusters. 
1. Cluster 1 comprises 2 regencies/cities with the six most vulnerable indicators: the number 

of people with disabilities, sex ratio, percentage of the population aged >65 years, TPAK, 
number of health facilities, and GDP at a fixed cost per capita. Cluster 1 is vulnerable to 
social vulnerability. 

2. Cluster 2 comprises 17 regencies/cities with the two most vulnerable indicators: the 
percentage of people living in poverty and the percentage of female heads of households. 
Cluster 2 is vulnerable to social vulnerability. 

3. Cluster 3 comprises 2 regencies/cities with the five most vulnerable indicators: the 
percentage of the population aged 0-4 years, population growth rate, Gross Enrollment 
Rate (APK) at the high school education level, damaged houses/residences, and damaged 
other facilities. Cluster 3 is also more vulnerable to social vulnerability characteristics than 
to biophysical vulnerability characteristics. 

4. Cluster 4 comprises 6 regencies/cities with the five most vulnerable indicators: population 
density, Open Unemployment Rate (TPT), number of villages/subdistricts with natural-
disaster early-warning systems, number of villages/subdistricts with signane and 
evacuation routes, and percentage of viable houses. Cluster 4 is also more vulnerable to 
social vulnerability characteristics than biophysical vulnerability characteristics. 
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