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This study compares K-Means Clustering and Hierarchical 
Clustering to group disaster-prone areas in Papua Barat 
Province using official data from UPTD Pusdalops BPBD for the 
period 2020 to November 11, 2025. The dataset covers seven 
regencies with three aggregated variables: total floods and 
tidal floods, other disasters, and earthquakes. The research 
procedure includes data preprocessing, z-score normalization, 
determining the optimal number of clusters using the Elbow 
Method and Silhouette Score, and visualizing results with 
scatter plots and dendrograms. Both algorithms produced two 
clusters, with Hierarchical Clustering achieving a higher 
Silhouette Score of 0.4274 compared to 0.339 for K-Means. The 
scores indicate moderate clustering quality, reflecting the 
exploratory nature of the study due to the small dataset. 
Manokwari Regency formed a distinct cluster due to differing 
disaster characteristics. The novelty lies in employing official 
BPBD data and Silhouette Score evaluation to compare the two 
clustering algorithms, supporting data-driven prioritization 
for disaster mitigation. 
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1. Introduction 
Disaster risk reduction requires the use of data-driven information so that preparedness planning, mitigation, 

and decision-making can be carried out more accurately, particularly in areas with interrelated multi-hazard 

events [1]. The availability of disaster data also highlights the need for analytical methods capable of 

summarizing events in a concise, structured, and relevant manner for both operational purposes and local 

government policy-making [2]. In the context of Papua Barat Province, the main challenge is not only the 

availability of disaster occurrence data but also the transformation of such data into interpretable information 

to distinguish areas with similar event patterns from those with different characteristics [1], [2]. The scope of 

this study is limited to seven regencies because the current administrative area of Papua Barat Province 

consists of only seven regencies following the establishment of Southwest Papua Province under Law Number 

29 of 2022. This regional division caused several areas that were previously part of Papua Barat Province, 

namely Sorong Regency, South Sorong Regency, Raja Ampat Regency, Tambrauw Regency, Maybrat Regency, 

and Sorong City, to become part of Southwest Papua Province. Therefore, the study area was adjusted to the 

administrative scope of Papua Barat Province after the regional division, namely Manokwari Regency, 
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Manokwari Selatan Regency, Pegunungan Arfak Regency, Teluk Wondama Regency, Fakfak Regency, Kaimana 

Regency, and Teluk Bintuni Regency [3]. 

One approach that can be used to summarize these patterns is clustering, an unsupervised learning technique 

that groups objects based on their similarity without requiring predefined class labels [4]. In disaster studies, 

clustering has been used to identify event patterns and group regions based on observed disaster 

characteristics [5]. In this study, clustering was used to explore patterns from aggregate disaster occurrence 

data across seven administrative regions in Papua Barat Province, with the main outputs consisting of regional 

grouping results and scatter plot visualizations to support the interpretation of proximity and separation 

among regions [4], [5]. 

This study compares K-Means Clustering and Hierarchical Clustering because they represent two different yet 

complementary clustering approaches [4]. K-Means Clustering is widely used for numerical data because it is 

efficient, simple, and tends to produce compact clusters [6]. In contrast, Hierarchical Clustering is useful for 

gradually illustrating the proximity structure among objects through a dendrogram, allowing relationships 

among regions to be observed in a more exploratory manner [7]. Comparing these two methods is relevant 

because clustering results can be influenced by algorithm characteristics, data structure, similarity measures, 

and the method used to determine the number of clusters [4], [7], [8]. 

Previous studies have shown that clustering has been applied in disaster-related contexts, including disaster 

statistical analysis, regional disaster resilience assessment, and the grouping of disaster-prone areas using 

Hierarchical Clustering, although its applications vary depending on the data characteristics and the objectives 

of each analysis [5], [9], [10]. Tin et al. [5] examined the application of several clustering algorithms to FEMA 

disaster statistical data, while Choi and Song [9] used a clustering approach to evaluate community disaster 

resilience based on GIS and census data. Studies on K-Means Clustering generally emphasize algorithm 

efficiency, initialization variations, and the characteristics of the resulting clusters, whereas Hierarchical 

Clustering tends to focus more on linkage strategies, dendrogram structures, and similarity measures [6], [7]. 

In addition, clustering results are influenced by feature normalization, the determination of the number of 

clusters, and, in Hierarchical Clustering, the dendrogram cutting decision; therefore, a clear and consistent 

internal evaluation procedure is required to ensure that the grouping results are not determined arbitrarily 

[4], [11], [12]. Based on these conditions, a research gap remains regarding the need for an empirical 

comparison between K-Means Clustering and Hierarchical Clustering using official regional disaster 

occurrence data, supported by a measurable and consistent procedure for determining the number of clusters 

[5], [6], [12].  

This study used aggregated data on total disaster events from 2020 to November 11, 2025, obtained from UPTD 

Pusdalops BPBD of Papua Barat Province. The analyzed variables consisted of the total number of floods and 

tidal floods, total other disasters, and total earthquakes. The initial data included several types of disaster 

events, namely floods, tidal floods, fires, abrasion, landslides, tornadoes, tidal waves, extreme weather, forest 

and land fires, and earthquakes. The research variables were then simplified into three numerical attributes, 

namely total floods and tidal floods, total other disasters, and total earthquakes. This simplification was carried 

out because the initial data contained many types of disasters, while some events had relatively low frequencies 

and were unevenly distributed across regions. If all disaster types were used as separate variables, the data 

structure would become too complex and could potentially affect the stability of the clustering results, 

especially because the number of regions analyzed was limited. Therefore, aggregated variables were used to 

maintain analytical stability without eliminating the general patterns of disaster vulnerability among regions 

[6]. The proposed approach compares K-Means and hierarchical clustering on the dataset by determining the 

number of clusters based on the internal evaluation of cluster structure quality. In K-Means, the Silhouette 

Score was used as the main basis for determining the number of clusters, while the elbow method was used as 

a supporting analysis [13]. In hierarchical clustering, the number of clusters was determined by evaluating the 

Silhouette Score for several possible dendrogram cut results, so that the cluster number decision was based on 

the quality of cluster cohesion and separation [12], [13]. Data processing was performed using Orange Data 



307 
 

Mining and Jupyter Notebook because both tools support clustering workflows, internal evaluation, and 

visualization of clustering results, while feature normalization was applied because distance-based methods 

are sensitive to differences in variable scales [11], [14], [15]. 

This study aims to group disaster-prone areas in Papua Barat Province by comparing K-Means Clustering and 

hierarchical clustering algorithms based on aggregated disaster event data [4], [7]. The novelty of this study 

lies in the empirical comparison of the two algorithms to determine the clustering method that is more suitable 

for grouping disaster-prone areas in Papua Barat Province, supported by internal evaluation using the 

Silhouette Score and scatter plot visualization as the basis for interpreting patterns of disaster vulnerability 

among regions [5], [14], [16]. 

2. Research Method 
This study employs a quantitative-exploratory approach based on unsupervised learning data mining to 

compare the K-Means Clustering and Hierarchical Clustering algorithms on aggregated disaster event data in 

Papua Barat Province. The quantitative-exploratory approach is used because this study utilizes numerical data 

to explore regional grouping patterns based on similarities in disaster events, without aiming to test causal 

relationships among variables [4], [17], [18], [19]. 

Data processing was conducted using Orange Data Mining version 3.39.0 for the implementation of K-Means 

Clustering because it provides a visual workflow that facilitates the exploration and evaluation of clustering 

results [14], [15], [20]. Meanwhile, hierarchical clustering was implemented using Jupyter Notebook version 

7.0.8 on the Windows 11 operating system to provide flexibility in parameter settings and dendrogram 

visualization [14], [15]. 

Based on the research workflow shown in Figure 1, the study began with the collection of disaster event data 

from UPTD Pusdalops BPBD of Papua Barat Province, followed by data preprocessing through dataset checking, 

variable selection, and z-score normalization. Next, the number of clusters was determined using the Elbow 

Method and Silhouette Score before implementing the K-Means Clustering and Hierarchical Clustering 

algorithms. The clustering results were then visualized using scatter plots and dendrograms and evaluated 

using the Silhouette Score to compare the quality of the resulting clusters. 

 

Figure 1. Research Method 

2.1 Dataset 
The research data were obtained from the Technical Implementation Unit (UPT) of the Operations Control 

Center (Pusdalops) at the Regional Disaster Management Agency (BPBD) of Papua Barat Province. The dataset 

consists of total disaster events from 2020 to November 11, 2025, across seven regions, namely Manokwari 
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Regency, Manokwari Selatan Regency, Pegunungan Arfak Regency, Teluk Wondama Regency, Fakfak Regency, 

Kaimana Regency, and Teluk Bintuni Regency. The number of study areas was limited to seven regencies 

because the administrative scope of Papua Barat Province after the establishment of Southwest Papua Province 

currently consists of only seven regencies [3]. 

Table 1. Dataset 

Papua Barat 
Province 

Total Flood and 
Coastal Flood Events 

Total Other Disasters 
Total Earthquake 

Events 

Manokwari 28 65 311 

Pegunungan Arfak 6 16 340 

Manokwari Selatan 15 7 438 

Teluk Wondama 7 4 312 

Kaimana 0 3 569 

Fakfak 4 24 70 

Teluk Bintuni 17 4 479 

 

The research variables consist of three numerical attributes formed from aggregated disaster event data, 

namely total floods and tidal floods (X1), total other disasters (X2), and total earthquakes (X3), as shown in 

Table 2. This grouping was carried out to simplify the initial data because some types of disasters had relatively 

low event frequencies and were unevenly distributed across regions, which could affect the stability of 

clustering results in a small dataset [6]. This study focuses on total disaster events as the basis for regional 

grouping; therefore, it does not yet include spatial factors, socio-economic conditions, population vulnerability 

levels, or the level of disaster damage, as the study is focused on an initial exploration of similarity patterns in 

disaster events across regions using aggregated data in Papua Barat Province [1], [2]. 

Table 2. Research Variables 

No Variable Symbol Description 

1 Total Flood and 
Coastal Flood Events 

X1 Total number of flood and coastal flood 
events in each region of Papua Barat 
Province 

2 Total Other Disaster 
Events 

X2 Total number of other disaster events, 
including fire, abrasion, landslide, tornado, 
tidal wave, extreme weather, and forest 
and land fires, in each region of Papua Barat 
Province 

3 Total Earthquake 
Events 

X3 Total number of earthquake events in each 
region of Papua Barat Province 

 

2.2 Preprocessing 
Preprocessing was carried out through data checking, dataset tabulation, variable selection, and feature 

normalization. At this stage, the initial data consisting of several types of disaster events were organized into 

three aggregated variables, namely total floods and tidal floods, total other disasters, and total earthquakes. 

The formation of aggregated variables was conducted because some types of disasters had relatively low event 

frequencies and were unevenly distributed across regions; therefore, using all disaster types as separate 

variables could affect the stability of clustering results when the amount of data is limited [6]. Data 

completeness checks, regional duplication checks, and exploratory examinations of possible outliers were also 

performed before the clustering process. Data with different characteristics were retained if they still 

represented the actual conditions of the administrative areas analyzed. 
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In this study, data normalization for K-Means Clustering and Hierarchical Clustering was carried out using the 

z-score method so that each variable had a comparable scale and the distance calculation was not dominated 

by variables with larger value ranges [4]. 

The z-score standardization formula is shown in (1). 

𝑧 =
𝑥−𝜇

𝜎
     (1) 

where z is the standardized value, x is the original value, μ is the mean, and σ is the standard deviation. 

The distance between data points was calculated using Euclidean Distance, as shown in (2) [4]. 

𝑑(𝑥, 𝑦) = √∑ (
𝑝

𝑚=1
𝑥𝑚 − 𝑦𝑚)2  (2) 

where d(x,y) denotes the distance between objects x and y, while p denotes the number of variables used in the 

distance calculation. This formula is used to measure the level of proximity among data points based on 

differences in each variable [4], [6]. 

2.3 Determination of the Optimal Number of Clusters 
The number of clusters was determined using the Elbow Method and the Silhouette Score. The Elbow Method 

was used to observe the decrease in the Within-Cluster Sum of Squares (WCSS) value in K-Means Clustering 

[6] . 

The WCSS formula is shown in (3). 

𝑊𝐶𝑆𝑆(𝑘) = ∑ ∑ ∥𝑥𝑖∈𝐶𝑘

𝑘

𝑘=1
𝑥𝑖 − 𝜇𝑘 ∥2 (3) 

The Silhouette Score was used to assess cluster quality based on cohesion and separation in data without class 

labels [13], [18], [20], [21]. 

The Silhouette Score formula is shown in (4). 

 𝑠(𝑖) =
𝑏(𝑖)−𝑎(𝑖)

max {𝑎(𝑖),𝑏(𝑖)}
   (4) 

where a(i) denotes the average distance between object i and other members within the same cluster, while 
b(i) denotes the minimum average distance between object i and members of the nearest neighboring cluster 

[21].  

2.4 K-Means Clustering Algorithm 
The implementation of K-Means Clustering was carried out using the default configuration in Orange Data 

Mining, including automatic centroid initialization, iterative centroid updating, and process termination when 

the cluster composition reached convergence. The default configuration was used because this study focuses 

on comparing clustering results rather than optimizing algorithm parameters [17], [22], [23]. The number of 

clusters in K-Means was determined using the Silhouette Score as the main basis, while the Elbow Method was 

used as a supporting analysis [6], [20], [21], [24]. 

K-Means groups data by minimizing the sum of squared distances between data points and cluster centroids 

[6], [17], [22], [23]. 

The objective function of K-Means Clustering is shown in (5). 

arg min 
𝐶

∑ ∑ ∥𝑥𝑖∈𝐶𝑗

𝑘

𝑗=1
𝑥𝑖 − 𝜇𝑗 ∥2  (5)  
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where C denotes the set of clusters, x_i denotes the i-th data point, C_j denotes the j-th cluster, and μ_j denotes 

the centroid of cluster C_j. This objective function is used to minimize the total squared distance between data 

points and the centroid of each cluster [6]. 

2.5 Hierarchical Clustering Algorithm 
Hierarchical Clustering was implemented using Jupyter Notebook with an agglomerative hierarchical 

clustering approach. This study used complete linkage, in which the distance between clusters is determined 

based on the farthest pair of members [7], [12], [25]. Complete linkage was selected because it produces clearer 

separation between clusters and tends to form more compact clusters than other linkage methods on small 

datasets, making the resulting dendrogram easier to interpret for grouping disaster-prone areas [7], [25]. 

The complete linkage formula is shown in (6). 

𝐷(𝐶𝑖, 𝐶𝑗) = max 
𝑥∈𝐶𝑖,𝑦∈𝐶𝑗

𝑑(𝑥, 𝑦)  (6) 

where D(C_i,C_j) denotes the distance between clusters C_i and C_j, while d(x,y) denotes the distance between 

objects x and y. The number of clusters in Hierarchical Clustering was determined by evaluating the Silhouette 

Score for several possible dendrogram cuts [13], [21].  

2.6 Metric Evaluation 
The research procedure was systematically designed so that it can be replicated on similar datasets. The 

clustering results were evaluated using the Silhouette Score as a comparative metric between K-Means 

Clustering and Hierarchical Clustering. The Silhouette Score was selected because it can be used for data 

without labels, can be applied to more than one clustering algorithm, and can simultaneously assess cohesion 

and separation [4], [13], [18], [21]. The Davies-Bouldin Index and Calinski-Harabasz Index were not used in 

this study because the evaluation focused on the Silhouette Score, which was considered more suitable for 

comparing cluster cohesion and separation quality in unlabeled data and small datasets [13], [26], [27]. The 

evaluation results were then explained together with the scatter plots to examine the patterns of proximity, 

separation, and cluster composition among regions. 

3. Result and Discussion 

3.1 Data Preprocessing Results 
The normalization results for K-Means Clustering are shown in Table 3. Normalization using the z-score 

method produced a more balanced data scale across variables, thereby reducing the dominance of variables 

with larger value ranges in the process of calculating distances between data points [4]. 

Table 3. Normalization Results for K-Means Clustering 

Papua Barat 
Province 

Total Flood and Coastal 
Flood Events 

Total Other Disaster 
Events 

Total Earthquake 
Events 

Manokwari 1.914 2.296 -0.3303 

Teluk Bintuni 0.676 -0.657 0.8055 

Manokwari Selatan 0.45 -0.512 0.5283 

Teluk Wondama -0.45 -0.657 -0.3236 

Pegunungan Arfak -0.563 -0.076 -0.1343 

Fakfak -0.788 0.311 -1.9598 

Kaimana -1.239 -0.706 1.414 

Figure 2 shows the comparison of data distribution before and after normalization in the Hierarchical 

Clustering process. Normalization using the z-score method produces a more balanced data scale among 

variables, thereby reducing the dominance of variables with larger value ranges and supporting a more optimal 

distance-based clustering process. 
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Figure 2. Data Normalization Visualization in Hierarchical Clustering 

3.2 Determination of the Optimal Number of Clusters 
The number of clusters using the Elbow Method was determined by evaluating the Within-Cluster Sum of 

Squares (WCSS) value for each number of clusters (k). The WCSS value was used to observe the level of 

variation within clusters, where a smaller WCSS value indicates that the objects within a cluster are more 

homogeneous. The WCSS calculation results for each value of k are shown in Table 4. 

Table 4. WCSS Value 

Number of Clusters (k) WCSS 

1 2.095783203 

2 0.971818187 

3 0.45314111 

4 0.21892919 

5 0.028039699 

6 0.007097164 

7 0 

Figure 3 shows a sharp decrease in the WCSS value from k=1 to k=2, followed by a tendency to level off for the 

subsequent numbers of clusters. This pattern indicates that two clusters are a reasonable number of clusters 

to consider in K-Means Clustering because, after this point, the decrease in WCSS is no longer significant. In 

clustering analysis, the elbow pattern in the Elbow Method graph is commonly used as an initial indication for 

determining the optimal number of clusters [6], [20]. 

 

Figure 3. Elbow Method Graph 

The comparison of Silhouette Score values is shown in Table 5. Based on the evaluation results, the highest 

Silhouette Score was obtained at k = 2, with a value of 0.4274 for Hierarchical Clustering and 0.339 for K-Means 

Clustering. These results indicate that k = 2 produced better cluster cohesion and separation than the other 

numbers of clusters [13], [18], [20]. 
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Table 5. Comparison of Silhouette Score Values for K-Means Clustering and Hierarchical Clustering 

Number of Clusters k 
Hierarchical Clustering  

(Jupyter Notebook) 
K-Means Clustering  

(Orange Data Mining) 

2 0.4274 0.339 

3 0.3149 0.22 

4 0.2319 0.126 

5 0.3714 0.146 

6 0.3714 0.076 
Based on both approaches, the results consistently show that the optimal number of clusters is k=2. The 

agreement between the Elbow Method and the Silhouette Score indicates that the selection of the number of 

clusters in this study has a good level of reliability. 

3.3 K-Means Clustering Results 
The clustering results using the K-Means algorithm are shown in Table 6. Based on these results, the data were 

divided into two main clusters, where most regions were grouped into one cluster, while one region formed a 

separate cluster with significantly different disaster event characteristics. 

Table 6. K-Means Clustering Results 

Papua Barat 

Province 
Cluster 

Silhouette 

Score 

Total Flood and 

Coastal Flood 

Events 

Total Other 

Disaster Events 

Total 

Earthquake 

Events 

Manokwari C2 0.5 1.914 2.296 -0.3303 

Pegunungan 

Arfak 
C1 0.633696 -0.563 -0.076 -0.1343 

Manokwari 

Selatan 
C1 0.61877 0.45 -0.512 0.5283 

Teluk 

Wondama 
C1 0.64463 -0.45 -0.657 -0.3236 

Kaimana C1 0.636126 -1.239 -0.706 1.414 

Fakfak C1 0.571805 -0.788 0.311 -1.9598 

Teluk Bintuni C1 0.609626 0.676 -0.657 0.8055 

3.4 Hierarchical Clustering Results 
The clustering results using Hierarchical Clustering are shown in Figure 4 in the form of a dendrogram. Based 

on the dendrogram cut at k=2, two main clusters were obtained, representing the grouping of regions based on 

data similarity. This approach enables grouping to be carried out gradually based on the proximity among 

objects [7], [8]. 
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Figure 4. Hierarchical Clustering Dendrogram 

The dendrogram structure shows that several regions have a high level of proximity and merge at relatively 

small distances, while other regions merge at larger distances. This pattern indicates variations in disaster 

event characteristics among regions, which can be observed through the hierarchical cluster merging structure 

[12]. 

The Hierarchical Clustering results are presented in Table 7. The data in the table are presented in normalized 

form (z-score), so that each variable is on a comparable scale. Based on these results, most regions were 

grouped into cluster 0, while Manokwari Regency formed a separate cluster in cluster 1 [7]. 

Table 7. Hierarchical Clustering Results 

Papua Barat 
Province 

Total Flood 
and Coastal 

Flood Events 

Total Other 
Disaster Events 

Total 
Earthquake 

Events 
Cluster 

Silhouette 
Score 

Pegunungan Arfak -0.563053 -0.076089 -0.134256 0 0.577946 

Manokwari Selatan 0.450443 -0.511869 0.528332 0 0.528448 

Teluk Wondama -0.450443 -0.657129 -0.323567 0 0.613913 

Kaimana -1.238717 -0.705549 1.414037 0 0.522816 

Fakfak -0.788275 0.311272 -1.959754 0 0.273823 

Teluk Bintuni 0.675664 -0.657129 0.805537 0 0.474749 

Manokwari 1.914381 2.296492 -0.330328 1 0 

3.5 Cluster Comparison Scatter Plot 
The visualization of clustering results using the K-Means algorithm is shown in Figure 5. The scatter plot shows 

the data distribution based on the feature pairs used in this study, namely Floods & Tidal Floods, Other 

Disasters, and Earthquakes. Based on this visualization, K-Means Clustering produces relatively compact and 

clear cluster separation in several feature pairs, allowing the data grouping patterns to be clearly observed 

[22], [28], [29]. 
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(a) Total Flood and Coastal 
Flood Events vs Total Other 

Disasters 

(b) Total Flood and Coastal 
Flood Events vs Total 

Earthquake Events 

(c) Total Other Disasters vs 
Total Earthquake Events 

Figure 5. K-Means Clustering Scatter Plot 

The visualization of the clustering results using Hierarchical Clustering is shown in Figure 6. Based on the 

scatter plot, the data distribution shows a more gradual grouping pattern according to the level of proximity 

among regions. Several regions appear to be positioned close to one another, whereas other regions tend to be 

separated from the main group [7]. 

 

Figure 6. Hierarchical Clustering Scatter Plot 

Based on the figure, the resulting cluster separation appears compact and relatively clear, indicating that K-

Means Clustering was able to group the data effectively using the predetermined number of clusters [5], [6]. 

Meanwhile, Hierarchical Clustering showed a more gradual data distribution, in which relationships among 

data points were formed based on different levels of proximity. 

3.6 Results Analysis 
Based on the research results, both algorithms produced the same optimal number of clusters, namely k = 2. 

However, the Silhouette Score values indicate that Hierarchical Clustering had better cluster separation quality 

than K-Means Clustering, with a Silhouette Score of 0.4274, whereas K-Means Clustering obtained a score of 

0.339. A higher Silhouette Score indicates that the level of cohesion and separation among clusters in 

Hierarchical Clustering better represented the structure of the research data [13].  

The difference in results is influenced by the different cluster formation mechanisms. Centroid-based K-Means 

Clustering tends to produce compact clusters, whereas Hierarchical Clustering considers relationships among 

data points gradually based on the level of proximity among objects [6], [7], [17], [22]. This result is consistent 

with previous studies showing that Hierarchical Clustering can better represent hierarchical relationships 

among regions compared to centroid-based methods such as K-Means Clustering [8]. 

The scatter plot and dendrogram visualizations show that Manokwari Regency tends to form a separate cluster, 

indicating disaster event characteristics that differ significantly from other regions. This difference is mainly 

observed in the Floods and Tidal Floods variable and the Other Disasters variable, which have relatively higher 
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values than those of other regions. This finding is consistent with previous studies showing that clustering 

methods can identify regional vulnerability patterns based on data characteristics [5], [8], [10]. 

Although the scope of seven regencies is consistent with the administrative boundaries of Papua Barat Province 

after the regional division, the limited number of objects remains a methodological limitation. The small dataset 

makes the cluster structure sensitive to the characteristics of certain regions and limits the generalizability of 

the results. In addition, the use of three aggregated numerical variables limits the representation of more 

specific disaster vulnerability. Therefore, the clustering results should be understood as an initial exploratory 

analysis and not as the sole basis for determining disaster vulnerability levels. Future studies are recommended 

to include spatial/GIS variables, socio-economic variables, or other clustering methods to strengthen the 

generalizability and applicability of the analysis results [8], [12]. The use of spatial data, such as regional 

coordinates, distance to rivers or coasts, slope, and population density, can help improve clustering quality and 

provide a deeper understanding of regional vulnerability. 

The practical implication of this study is that Manokwari Regency can be prioritized for disaster mitigation 

through resource allocation, improved preparedness, strengthened early warning systems, and disaster 

education programs. Overall, both algorithms are able to group disaster-prone areas in Papua Barat Province 

effectively. However, based on the evaluation using the Silhouette Score, Hierarchical Clustering shows better 

performance on the dataset used in this study. This finding indicates that the selection of a clustering method 

should be adjusted to the characteristics of the data and the objectives of the analysis in order to obtain more 

optimal grouping results [1]. 

4. Conclusions and Future Works 
Based on the research results, the K-Means Clustering and Hierarchical Clustering algorithms were able to 

group disaster-prone areas in Papua Barat Province into two main clusters, with Hierarchical Clustering 

showing better performance due to its gradual grouping mechanism that preserves proximity among objects, 

making it more effective than centroid-based K-Means, particularly on a small dataset with significant 

variations in regional characteristics. 

The scatter plot and dendrogram results show that Manokwari Regency formed a separate cluster as an outlier, 

particularly in the Floods, Tidal Floods, and Other Disasters variables. This indicates that clustering methods 

can help identify data-driven regional vulnerability patterns to support disaster mitigation and decision-

making. 

This study is still limited by the small amount of data, three aggregated numerical variables, and the use of a 

single internal evaluation metric. Therefore, the results should be understood as an initial exploratory analysis 

and not as the sole basis for determining disaster vulnerability levels. 

Future studies are recommended to use larger datasets, add spatial/GIS variables such as regional coordinates, 

distance to rivers or coasts, slope, and population density, include socio-economic variables, and compare 

additional clustering methods or evaluation metrics. A spatio-temporal clustering approach can also be applied 

to make disaster-prone area analysis more comprehensive and applicable. 

Overall, this study provides theoretical and practical contributions by showing that the selection of an 

appropriate clustering algorithm, supported by scatter plot and dendrogram visualizations, can support the 

systematic identification of disaster-prone areas and more effective data-driven disaster mitigation strategies. 
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