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This study examines spatial patterns of disaster vulnerability across districts and cities in East
Nusa Tenggara Province, one of Indonesia’s most disaster-prone regions. Although previous
studies have highlighted the province’s exposure to multiple hazards, limited attention has been
given to clustering methods capable of capturing non-homogeneous and elliptical data structures.
This research aims to classify regional disaster vulnerability based on the characteristics of
disaster occurrences and to provide empirical support for more targeted mitigation strategies.
Secondary data on floods, forest fires, hurricanes, and landslides recorded in 2023 were analyzed
using the adaptive Gustafson—Kessel clustering algorithm. The optimal number of clusters was
determined using the Silhouette validity index. The results identify three distinct vulnerability
groups: regions highly prone to multiple types of disasters, regions predominantly affected by a
single hazard, and regions with relatively low disaster risk. The resulting spatial patterns reveal
clear differences in disaster intensity and complexity among regions, emphasizing the need for
location-specific disaster management policies. This study contributes to disaster risk analysis
by demonstrating the applicability of the Gustafson—Kessel algorithm in capturing complex
spatial vulnerability patterns that are often overlooked by conventional clustering approaches.
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1. INTRODUCTION

Indonesia is a country with a high level of vulnerability to natural disasters due to its complex
geographical, geological, hydrological, and demographic conditions [1]. The geographical position of
Indonesia places it at the convergence zone of the Asian, Australian, Indian Ocean, and Pacific tectonic
plates. This tectonic setting makes Indonesia highly susceptible to various types of natural disasters [2].
East Nusa Tenggara (NTT), a province in Indonesia, is recognized as one of the country's most disaster-
prone regions. NTT's location in an archipelagic area with active geological structures makes it prone
to disasters such as droughts, floods, hurricanes, landslides, and forest fires. These conditions not only
cause material losses but also pose serious threats to the livelihoods of communities and regional
development.
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Figure 1. Number of Natural Disasters in East Nusa Tenggara Province (2023)

Figure 1. illustrates that the majority of natural disasters occurring in East Nusa Tenggara Province
are hurricanes, floods, forest fires, and landslides. This suggests that the region is more frequently
affected by disasters associated with extreme weather and climatic conditions, which aligns with the
characteristics of its archipelagic geography and prolonged dry seasons, both of which are influenced
by its geographic location and global atmospheric dynamics [3]. According to Statistics Indonesia as
cited in [4], the number of people affected and displaced by extreme weather events in East Nusa
Tenggara reached 5,376 individuals, representing a 41.4% increase from the previous year. To support
effective disaster mitigation and response efforts, a comprehensive understanding of the patterns and
characteristics of disaster occurrences in each region is essential. One approach that can be employed is
clustering of disaster data, which enables more systematic identification of spatial and temporal patterns.
Accurate clustering results can help policymakers develop more targeted, data-driven disaster
management strategies tailored to the specific needs of affected areas.

This study aims to cluster the regions within East Nusa Tenggara Province based on the
characteristics of natural disaster events using the Gustafson-Kessel Clustering method. Traditional
clustering approaches such as K-Means and Fuzzy C-Means (FCM) have limitations in representing
non-homogeneous data distributions, particularly in terms of cluster shapes and orientations. In the
context of spatial disaster data, which often exhibit elliptical or anisotropic distributions, the Gustafson-
Kessel (GK) clustering method offers a more relevant advantage. GK Clustering is an extension of FCM
that incorporates a local covariance matrix for each cluster, enabling it to capture more complex data
structures and produce more accurate clustering outcomes for multidimensional data, such as natural
disaster occurrences. The results of this clustering analysis are expected to provide valuable spatial
insights for disaster mitigation planning, resource allocation, and enhancing community preparedness
in disaster-prone areas.
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2. METHODS
Material and Data

Secondary data for this study were derived from the East Nusa Tenggara Provincial Statistics
Agency, detailing natural disaster occurrences in all districts and cities throughout the province in 2023.
The unit of observation is each district/ cities in East Nusa Tenggara Province, with the sample including
all administrative units, totaling 22 districts and cities. All disaster-related variables are measured on a
ratio scale and represent the total number of occurrences recorded in each district/ cities during the 2023
observation period. Specifically, X;denotes the annual frequency of flood events, X,represents the
number of forest fire occurrences, X;indicates the number of tornado events, and X,corresponds to the
number of landslide occurrences in each district/municipality.

Gustafson-Kessel Clustering

Gustafson-Kessel Clustering is a method developed from Fuzzy C-Means clustering by utilizing an
adaptive distance measure, allowing it to accommodate various geometric shapes of membership
functions that are suitable for a given dataset [5]. The algorithm is as follows [6].

1. Inputting the data to be clustered.

2. Determining the Number of Clusters to be Formed (1 < ¢ < N), weighting exponent value (im >
1), maximum number of iterations (MaxIter), the minimum expected error threshold (¢ > 0), the
initial value of the objective function= 0 and the initial iteration (¢t = 1).

3. Generate random numbers py;;, where i = 1,2,3,...,c and 1 < k < N as the elements of the initial

partition matrix U,
C

S =1 (1)

i=1

4. Calculating the centroid of the k™ cluster using the formula,
YR—1 ulexi
=N om0 2
k=1 Uik
5. Calculating the covariance matrix for each group using the formula,
Fo= Yi=1 ul (g — v;) (e — )" (3)
l -1 ulk
6. Calculating distance using a formula, 4
Dea, = (o — vi) [pydet (F)] /A G0 @
7. Calculating the objective function at the t-th iteration using the formula,
c N
JoxCGUV,4) = > ()™ D ®
i=1 k=1
8. Calculating the latest value of the membership function Uy, ¢
2 _1
Cc [
wge =y (Dmi>m-1 (6)
ik = Y
= \Djrea;

Comparing membership values in the U matrix. If ||Ut+1 - Ut|| < ¢ or (t > Maxlter) thus, the process
is considered to have converged. The threshold value (¢) is a very small value approaching zero. If
||Ut+1 - Ut|| > ¢ thus, the process returns to Step 3 for the next iteration.

Preprocessing and Data Preparation

Before performing clustering analysis, a data preprocessing stage was conducted to ensure the quality
and comparability of the variables. This stage included handling missing values, identifying potential



Jurnal Statistika dan Aplikasinya, vol. 9(2), pp 46 — 54, December 2025 49

outliers, and standardizing the data to prevent variables with larger scales from dominating the clustering

process. These steps are essential to obtain meaningful and reliable clustering results.

1. Handling Missing Values
The first step involved examining the dataset for missing values across all variables. When missing
values were identified in a relatively small proportion, mean imputation was applied to preserve the
number of observations while maintaining the overall data structure [7]. The imputed mean for

variable j is computed as,
1 n
¥o=— . 7
5 =2 xy (7)

i=1
2. Outlier Detection
Outlier detection is critical for ensuring that extreme values do not distort distance-based clustering.
A standard approach uses z-score transformation, where observations with absolute z-scores greater
than a threshold (e.g., 3) are flagged for further review [8]. Z-score formula:
Xi i Xj

Zi j =
K (8)
3. Data Standardization
Given the varying scales of measurements across variables, standardization ensures that each feature
contributes equally to the clustering process. Standardization transforms each variable to have zero
mean and unit variance, a common practice for distance-based algorithms. With standardization
formula:

=" ©)

4. Distance Measure
After standardization, a distance measure is selected to quantify similarity between observations. For
numerical data, Euclidean distance is widely used due to its straightforward interpretation and
compatibility with many clustering algorithms [9].

Validity Index

Validity index is a measure used to determine the most optimal number of clusters by testing several
variations of cluster counts. In this study, the validity index used is the Silhouette index. The Silhouette
method evaluates the quality of the resulting clusters by combining the concepts of cohesion (similarity
within a cluster) and separation (difference between clusters). This index calculates the average
dissimilarity between points within the same cluster and those in different clusters to assess how well
the clusters are formed [10].
g _bo=am (10)
max{ag), b}

Here, ag refers to the average intra-cluster distance for point i, whereas bg) corresponds to the lowest
average inter-cluster distance between point i and the points belonging to another cluster. In general,
Silhouette values close to 1 indicate well-separated and compact clusters, while values near 0 suggest
overlapping clusters. Several studies suggest that Silhouette scores above 0.5 reflect reasonably well-
structured clusters, and values exceeding 0.7 indicate a strong and reliable clustering structure [11].
Therefore, the number of clusters with the highest Silhouette value and a score exceeding these
thresholds was considered the most appropriate solution in this study.

Step of Analysis

The steps carried out in this study are as follows:
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1. Collecting and performing preprocessing on natural disaster data in East Nusa Tenggara

Province.

2. Conducting clustering assumption tests, including multivariate normality testing, data adequacy
testing, and multicollinearity testing.

3. Conducting clustering analysis with the Gustafson-Kessel approach to establish the appropriate
number of clusters.

4. Visualizing and interpreting the clustering results using the Gustafson-Kessel method.

Comparing the clustering results using the Silhouette validity index for 2, 3, and 4 clusters.

6. Drawing conclusions and providing recommendations.

W

3. RESULTS

Data Characteristics

Frequency and Types of Natural Disasters by Region in East Nusa Tenggara
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Figure 2. Number of Natural Disasters in Each Regency/City (2023)

Figure 2 illustrates the number and types of natural disasters in various regions of East Nusa
Tenggara (NTT), including hurricanes, floods, fires, and landslides. In general, hurricanes occur most
frequently, especially in Kupang Regency, Kupang City, and Alor Regency. Floods are also dominant
in Kupang Regency, East Flores Regency, and Ngada Regency, even comparable to tornado occurrences
in Ngada and Rote Ndao Regencies. Fires are most prevalent in Kupang City, Alor Regency, and Ngada
Regency, whereas landslides are the least frequent, appearing only in a few areas such as Ende and
Nagekeo Regencies. Several regions, including the West Manggarai, Malaka, and Central Sumba
Regencies, experienced only a few disaster events. The province of NTT is highly vulnerable to
hurricanes and floods, particularly in and around Kupang Regency. The distribution of disasters varies
significantly across regions, with some areas experiencing more than one type of disaster. This
highlights the need for disaster mitigation strategies that are tailored to the specific characteristics of
each region.

Clustering Using Gustafson-Kessel

The Gustafson-Kessel method will be used to determine the optimal number of clusters in the 2023
natural disaster data in Indonesia by taking into account the following cluster validity indices.

Table 3. Comparison of Validity Indices for Each Cluster

Number of Cluster Iteration Time Silhouette

2 169 0.36 0.0038
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3 20 0.07 0.4861
4 25 0.13 0.2034

Referring to Table 3 above, the Gustafson-Kessel method produced an optimal number of three
clusters for the 2023 natural disaster data in East Nusa Tenggara Province. The clustering process using
the Gustafson—Kessel method produced a Silhouette Score of 0.4861. In general, the Silhouette index
ranges from —1 to 1, where values closer to 1 indicate well-defined and clearly separated clusters, while
values approaching 0 suggest increasing overlap between clusters. Based on commonly accepted
interpretive thresholds, Silhouette values between 0.25 and 0.50 are typically associated with a moderate
level of cluster structure. Accordingly, the clustering results in this study demonstrate that the underlying
cluster patterns are reasonably established, although the separation among clusters cannot be considered
strong. This outcome indicates the presence of overlapping data characteristics, which is understandable
given the complexity and heterogeneity of the dataset. Nevertheless, the Gustafson—Kessel method
remains effective in capturing clusters with flexible and non-spherical shapes, supporting the relevance
of the obtained results for exploratory analytical purposes. This result is based on the highest validity
index value indicated by the Silhouette score for three clusters. The optimal number of clusters was
determined solely based on the highest Silhouette index value, which was obtained for three clusters.
The computation time and iteration count are reported only to describe the computational efficiency of
the algorithm. Furthermore, by setting the number of clusters to three, the allocation of data points to
each cluster is provided in the following summary.

Table 4. Number of Members in Each Cluster

Cluster Members
1 3
2 3
3 16

Based on Table 4, three clusters of regional classifications were identified according to the
characteristics of natural disasters occurring in each area. The first cluster consists of multi-disaster-
prone areas, which are regions that exhibit high frequencies of more than one type of natural disaster.
Examples include areas frequently affected by combinations of disasters such as floods and hurricanes
or landslides and forest fires. The second cluster represents single-disaster-prone areas, characterized by
the dominance of one particular type of disaster—such as regions that frequently experience floods or
forest fires, while other types of disasters rarely or never occur. The third cluster includes low-disaster-
risk areas, which are regions with low frequencies of all types of disasters or areas that have almost no
record of disasters at all.
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Figure 4. Cluster Plot of Natural Disaster Data in East Nusa Tenggara Province
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To clarify Figure 4 above, the members of each cluster are presented in the form of a map by region
using the Gustafson-Kessel method, as follows.
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Figure 5. Regional Map Based on Clusters

Based on Figure 5, it is observed that Kupang Regency, Ende Regency, and East Manggarai
Regency are classified under Cluster 1, representing areas with high vulnerability to multi-hazard
disasters. Kupang Regency, being a hub of human activities and a major transportation route, is
particularly prone to hurricanes, flash floods, and extreme droughts. Ende Regency, located near the
volcanic area of Mount Kelimutu, is highly susceptible to volcanic eruptions, landslides, and
earthquakes. Meanwhile, East Manggarai Regency, characterized by mountainous terrain, is also
vulnerable to landslides and tectonic earthquakes. Cluster 2 includes regions that are vulnerable to
specific types of disasters, namely Belu Regency, Alor Regency, and Nagekeo Regency. Belu Regency,
which borders Timor-Leste, lies in a semi-arid zone and frequently experiences droughts and forest fires.
Alor Regency, an archipelagic area, is vulnerable to earthquakes and tsunamis. Nagekeo Regency, with
its diverse topography of mountains and lowlands, is prone to landslides and seasonal droughts. The
final group, Cluster 3, consists of 15 other regencies and 1 city not previously mentioned. These areas
are considered to have low disaster vulnerability. Regions in this cluster are generally geologically stable
or experience disasters that are more predictable and manageable. For example, although Sumba
Regency has a dry climate, it rarely experiences major geological disasters. Sabu Raijua, Rote Ndao,
and the City of Kupang have relatively flat topography and are not located in active seismic zones.
Moreover, while the Lembata and East Flores Regencies do have active volcanoes, their volcanic
activity has been relatively low in recent years.

To strengthen the interpretation of the clustering results, a summary of the average values of each
hazard-related variable for all clusters is presented in Table 5.

Table 5. Mean values of each hazard-related variable

Variable Cluster 1 Cluster 2 Cluster 3
Flood (X1) 3.667 1.000 0.938
Forest Fire (X2) 2.000 1.667 0.188
Tornado (X3) 5.000 2.667 1.688
Landslide (X4) 2.333 1.000 0.000

The table shows that Cluster 1 consistently exhibits higher mean values across most hazard
indicators, particularly for drought, flood, and geological hazards. These numerical characteristics
confirm that areas grouped in Cluster 1 experience a relatively higher level of multi-hazard exposure
compared to other clusters. The spatial distribution shown in Figure 5 further supports this result, where
Kupang Regency, Ende Regency, and East Manggarai Regency are assigned to Cluster 1. The high
cluster mean values align with the physical and environmental conditions of these regions, such as
intensive human activities, proximity to active volcanic zones, and complex topography. Therefore, the
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classification of Cluster 1 as a high multi-hazard vulnerability zone is supported both quantitatively and
spatially.

4. DISCUSSIONS

The clustering results generated by the Gustafson—Kessel method indicate that disaster occurrences
in East Nusa Tenggara form clear spatial patterns rather than emerging randomly across regions. The
separation into three clusters reflects differences in environmental conditions, topography, and local
climatic factors that shape each region’s exposure to specific hazards. Areas grouped in the first cluster
face multiple hazards because they lie in zones where geological activity, extreme weather, and land-
use pressures occur simultaneously. Meanwhile, regions in the second cluster tend to experience one
dominant disaster type due to more uniform ecological characteristics. The third cluster comprises areas
with relatively stable environmental conditions, resulting in lower disaster frequencies.

These findings align with Rahmatika et al. (2015), who noted that the GK method performs well
when data distributions are irregular or elliptical. The results also support the view presented by Azizah
et al. (2022) that adaptive clustering techniques are needed when handling ecological data with complex
variation. However, unlike Azzahra and Koesyanto (2023), who emphasized institutional factors in
disaster management outcomes, this study highlights the influence of physical geographic conditions.
Together, these perspectives show that disaster vulnerability is shaped by both environmental and
governance-related factors.

5. CONCLUSION

This study applied the Gustafson—Kessel clustering method to identify regional patterns of disaster
characteristics. Several clustering scenarios were evaluated to determine the most appropriate partition.
Based on the Silhouette index, the three-cluster solution demonstrated the highest validity value,
indicating a clearer and more coherent grouping structure compared to alternative cluster numbers. The
final clustering results categorized the regions into three distinct groups. The first cluster represents
areas exposed to multiple types of disasters, reflecting complex and diverse risk profiles. The second
cluster consists of regions dominated by a single recurring hazard, suggesting more specific and
concentrated disaster patterns. The third cluster includes regions with relatively low disaster frequency,
indicating comparatively lower risk levels. Overall, the clustering results provide meaningful insights
into the spatial variation of disaster characteristics and offer a useful basis for supporting region-specific
disaster risk management and mitigation planning.
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