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1. INTRODUCTION

Dengue Hemorrhagic Fever (DHF) is a viral infectious disease caused by the dengue virus and transmitted through
the bite of the Aedes aegypti mosquito. The disease is commonly found in tropical and subtropical regions, including
Indonesia. Clinically, DHF is characterized by sudden high fever, headache, muscle and joint pain, nausea, and vomiting,.
In severe cases, DHF may progress to dengue shock syndrome, which can be life-threatening [1]. Globally, the World
Health Organization (WHO) reported a significant increase in dengue cases in 2024, with a total of 14,305,764 cases and
10,576 deaths across 112 countries, indicating that DHF remains a serious public health threat worldwide.

At the national level, Dengue Hemorrhagic Fever (DHF) remains one of the major public health concerns in
Indonesia. As of May 2025, more than 56,000 DHF cases and 250 deaths have been reported across 456 regencies and
municipalities, covering approximately 87% of the country’s territory [2]. The high incidence rate indicates that DHF is
endemic and requires comprehensive and region-based control efforts. Lamongan Regency, located in East Java Province,
is one of the areas experiencing a significant increase in DHF cases. According to data from the Lamongan Regency Health
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Office, the number of DHF cases in the first six months of 2025 reached 671 cases [3]. In addition to the increasing number
of cases, the distribution of DHF across sub-districts shows noticeable disparities. Several sub-districts, such as Brondong
and Solokuro, report relatively higher case numbers compared to others. These spatial disparities suggest the influence of
geographical, environmental, and demographic factors on the level of DHF vulnerability [4]. However, existing studies
and reports on DHF in Indonesia are still predominantly descriptive and have not explicitly identified spatial clustering
patterns that consider both attribute similarity and geographical contiguity at the sub-district level. This limitation results
in the lack of detailed spatial information for determining priority areas for intervention. Therefore, spatial analysis is
required to better understand the clustering patterns of DHF-prone areas [5]. A spatial clustering approach is particularly
relevant because it groups regions based on similar characteristics while simultaneously considering geographical
contiguity among areas [6], thereby supporting more effective and targeted public health interventions.

Several previous studies have applied clustering and spatial analysis methods to identify DHF vulnerability
patterns in Indonesia. Most of these studies employed non-spatial clustering approaches such as K-Means to classify
regions based on DHF cases and related indicators [7]. Other studies mainly focused on hotspot detection, spatial
correlation, or environmental factor analysis without generating geographically contiguous regional clusters. Although
these approaches successfully identified vulnerability categories and spatial distribution patterns, they primarily
emphasized attribute similarity and did not explicitly incorporate spatial adjacency relationships among neighboring
regions. Consequently, the resulting clusters may consist of geographically separated areas, limiting their interpretability
for region-based public health interventions. In addition, several previous studies mainly relied on epidemiological
variables, while environmental and demographic factors influencing DHF transmission were not comprehensively
integrated into the clustering framework [8].

Therefore, a research gap remains in developing a spatial clustering framework that integrates epidemiological,
environmental, and demographic variables while simultaneously preserving geographical contiguity among regions at the
sub-district level. To address this limitation, the present study applies the Spatial ‘K’luster Analysis by Tree Edge Removal
(SKATER) method to identify homogeneous and geographically contiguous DHF-prone clusters in Lamongan Regency.
Unlike conventional clustering approaches, the SKATER method explicitly incorporates spatial relationships among
neighboring regions through graph partitioning, thereby producing more spatially coherent and interpretable regional
groupings for targeted DHF control planning.

Administratively, Lamongan Regency consists of several sub-districts with diverse regional characteristics,
including variations in population density, environmental conditions, and sanitation infrastructure. The regency
encompasses coastal areas, lowlands, and regions dominated by agricultural activities, all of which may influence the
spatial distribution of environmentally related diseases such as DHF [9]. This heterogeneity makes Lamongan Regency a
relevant case study for identifying detailed spatial clustering patterns of DHF vulnerability at the sub-district level. DHF
transmission is strongly associated with epidemiological, environmental, and demographic factors. Population density may
increase the intensity of human—vector interaction, rainfall contributes to the formation of mosquito breeding sites, and
inadequate sanitation conditions may support the development of Aedes aegypti larvae. In addition, the DHF Incidence
Rate (IR) reflects the level of disease occurrence and regional vulnerability. Therefore, integrating these variables is
important for comprehensively identifying spatial vulnerability patterns.

In this study, the Spatial ‘K’luster Analysis by Tree Edge Removal (SKATER) method is employed sub-districts
in Lamongan Regency based on their level of DHF vulnerability. The SKATER method is selected because it explicitly
incorporates spatial adjacency relationships and generates geographically contiguous and internally homogeneous clusters
through graph partitioning and Minimum Spanning Tree (MST) construction [10][11]. Unlike conventional non-spatial
clustering methods such as K-Means, SKATER preserves spatial connectivity among neighboring regions, making it
particularly suitable for spatial epidemiological analysis.

The variables used in this study include DHF Incidence Rate (IR), population density, rainfall, and percentage of
adequate sanitation, representing epidemiological, environmental, and demographic factors associated with DHF
transmission [12]. The objective of this study is to identify and classify sub-districts in Lamongan Regency into
homogeneous and spatially contiguous clusters based on DHF vulnerability indicators [5]. The contribution of this study
lies in the integration of multiple DHF-related variables within a graph-based spatial clustering framework at the sub-
district level. The novelty of this research is the application of the SKATER method to produce spatially contiguous DHF
vulnerability clusters that provide more spatially coherent and interpretable regional groupings for targeted DHF control
planning compared to conventional non-spatial clustering approaches.

2. RESEARCH METHOD

This study employs spatial analysis using a graph-based clustering approach to identify Dengue Hemorrhagic
Fever (DHF)-prone areas in Lamongan Regency. The clustering method applied is the Spatial ‘K’luster Analysis by Tree
Edge Removal (SKATER), which considers spatial adjacency among neighboring regions and generates clusters that are
both geographically contiguous and homogeneous in terms of their characteristics [13]. This approach is utilized to identify
spatial grouping patterns of regions based on their level of DHF vulnerability, thereby supporting more targeted and region-
based DHF control planning.

220


https://issn.lipi.go.id/terbit/detail/20220218051616231
https://issn.lipi.go.id/terbit/detail/20220218051616231
https://issn.lipi.go.id/terbit/detail/20220218111684759
https://issn.lipi.go.id/terbit/detail/20220218111684759

JISTR, Volume 5, Issue 2, May 2026 P ISSN 2828-3864; E ISSN: 2828-2973

2.1. Research Data and Variables

The data used in this study are secondary data collected for the year 2024. Data on Dengue Hemorrhagic Fever
(DHF) cases were obtained from Lamongan Regency Health Office, while population density, adequate sanitation, and
spatial data on sub-district administrative boundaries were obtained from Statistics Indonesia (BPS) of Lamongan Regency.
The dataset covers all 27 sub-districts in Lamongan Regency, allowing the analysis to be conducted comprehensively at
the sub-district administrative level as the spatial unit of analysis. The unit of analysis in this study is the sub-district
administrative area [ 14]. Each sub-district is represented as a node in the graph structure of the Spatial ‘K’luster Analysis
by Tree Edge Removal (SKATER) method [15]. The data are cross-sectional, collected within the same observation year;
therefore, the analysis focuses on spatial variation across regions rather than the temporal dynamics of DHF cases. The
selection of research variables is based on theoretical and empirical considerations regarding factors influencing DHF
transmission, including epidemiological, environmental, and demographic aspects. These variables were chosen because
they conceptually contribute to DHF transmission risk through the interaction between human populations, physical
environmental conditions, and climatic factors that support vector development [16]. Prior to analysis, the dataset
underwent preprocessing procedures, including data cleaning and variable standardization using the z-score method to
eliminate differences in measurement scales among variables. No missing values were identified in the dataset, and no
significant outliers were detected during the preliminary data inspection process. The structure of the dataset used as the
basis for the spatial clustering analysis is presented in the following table.

Table 1. Data Structure

Subdistrict DHF IR Population Rainfall Adequate
Density Sanitation
Sukorame 95,81 578,4 245.3 88,03%
Bluluk 163,97 462,6 319,7 91,14%
Ngimbang 66,1 477,2 162,9 100%
Brondong 66,77 1084,4 743 100%

Source: Lamongan Regency Health Office (2024) and Statistics Indonesia (BPS) of Lamongan Regency (2024).

In Table 1, the Dengue Hemorrhagic Fever (DHF) Incidence Rate (IR) is defined as the number of DHF cases per
100,000 population in each sub-district during the observation year and serves as an indicator of disease occurrence and
regional vulnerability. Population density is measured as the number of people per square kilometer and is associated with
the intensity of contact between humans and the dengue vector. Rainfall represents climatic conditions that may influence
the availability of mosquito breeding sites and consequently affect dengue transmission. Meanwhile, adequate sanitation is
measured as the percentage of households with access to sanitation facilities that meet health standards; inadequate
sanitation conditions may increase the risk of mosquito breeding and disease transmission. These four variables were
selected because they represent epidemiological, demographic, and environmental factors associated with DHF risk and
serve as the basis for the spatial clustering analysis.

2.2 Research Stages
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Figure 1. Research Workflow
(Source: Developed by the Author)

The research stages are illustrated in Figure 1. The study begins with the collection of Dengue Hemorrhagic Fever
(DHF) case data and spatial data of sub-district administrative boundaries. The next stage involves data preprocessing,
which includes data cleaning and variable standardization using the z-score method to eliminate scale differences among
variables. After the data are prepared for analysis, a global spatial autocorrelation test using Moran’s I is conducted to
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identify the presence of spatial dependency patterns in each research variable. Subsequently, spatial adjacency relationships
among sub-districts are determined using the k-nearest neighbors (KNN) approach, where neighbors are defined based on
the distance between sub-district centroids [17]. This adjacency structure serves as the basis for constructing a weighted
graph. In the weighted graph, each node represents a sub-district, while edge weights are calculated using the Euclidean
distance between standardized variables to measure the level of dissimilarity among regions. From the constructed weighted
graph, a Minimum Spanning Tree (MST) is generated as the fundamental structure for clustering. The MST is then
partitioned using the SKATER method to produce several clusters of DHF-prone areas. Finally, the clustering results are
visualized in the form of thematic maps to illustrate the spatial patterns of regional grouping.

2.3. Spatial Analysis Methods

The analytical methods employed in this study include the global spatial autocorrelation test using Moran’s I and
the evaluation of cluster quality using the Sum of Squared Deviations (SSD) and the Between-Cluster Sum of Squares
(BSS) [18]. Moran’s I is used to identify the presence and direction of spatial autocorrelation for each research variable.

Mathematically, Moran’s I statistic is formulated as follows [19]:

n ity wij(xi—%) (xj-%)

1= ™ e M
Where:

n : Number of spatial units

x; : Value of the variable in region-i

X : Mean value of the variable

w;; : Spatial weight between region-i and region-j

So = Xi=1 Z?=1 Wij 2

The value of Moran’s I ranges from —1 to +1. A positive value indicates spatial clustering, whereas a negative
value indicates a dispersed spatial pattern [19]. The evaluation of cluster quality is conducted using the Sum of Squared
Deviations (SSD) and the Between-Cluster Sum of Squares (BSS). The SSD measures the level of homogeneity within
clusters, while the BSS measures the degree of separation between clusters [15].

The Sum of Squared Deviations (SSD) is mathematically defined as follows [20]:

SSD = II§=1 Zieck"xi — % l? (3)

Where:

K : Number of clusters

Cy : Set of regions belonging to cluster-k
x; : Data vector of region- i

X; : Mean vector of cluster- k

The Between-Cluster Sum of Squares (BSS) is mathematically defined as follows:

BSS = Yoy il — x| 4
Where:

n, : Number of regions in cluster- k
X : Overall mean vector of the dataset
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2.4. Spatial ‘K’luster Analysis by Tree Edge Removal (SKATER)

Spatial ‘K’luster Analysis by Tree Edge Removal (SKATER) is a graph-based spatial clustering method that
groups regions by considering both attribute similarity and spatial adjacency among neighboring areas. Unlike non-spatial
clustering methods, SKATER ensures that regions within the same cluster remain geographically contiguous [21]. The
initial stage of the SKATER method involves constructing a weighted graph that represents spatial adjacency relationships
among regions. In this study, adjacency is determined using the k-nearest neighbors (KNN) approach based on the distance
between sub-district centroids [22]. Each node in the graph represents a sub-district, while edges connect neighboring sub-
districts. The edge weights are calculated using the Euclidean distance between standardized variable vectors, namely the
Dengue Hemorrhagic Fever (DHF) Incidence Rate (IR), population density, rainfall, and the percentage of adequate
sanitation. These weights reflect the degree of dissimilarity between regions, where smaller weight values indicate greater
similarity in characteristics.

From the constructed weighted graph, a Minimum Spanning Tree (MST) is then generated. The MST is a tree
structure that connects all nodes with the minimum total edge weight without forming cycles. In the context of spatial
clustering, the MST serves to simplify the graph structure while preserving the most essential spatial relationships among
regions, ensuring that all areas remain connected through the most relevant characteristic-based links [23]. The final stage
of the SKATER method involves partitioning the MST to form regional clusters [18]. The partitioning process is carried
out by removing a number of edges with the largest weights, as these edges represent the most significant dissimilarities
between connected regions. Cutting these edges produces several connected components, each representing a spatial cluster.
Through this approach, the resulting clusters are homogeneous in terms of their attributes while remaining geographically
contiguous[24].

3. RESULTS AND DISCUSSION

This section presents the results of the spatial analysis conducted to identify Dengue Hemorrhagic Fever (DHF)-
prone areas in Lamongan Regency using the SKATER method, along with a discussion of the findings. The results are
presented in the form of tables, graphs, and thematic maps.

3.1. Moran’s I Test
Table 2 presents the results of the Moran’s I test, which aims to identify the presence and pattern of spatial
autocorrelation for each variable. The Moran’s I value indicates the direction of spatial correlation, while the p-value

indicates its statistical significance.

Table 2. Moran’s I Test Results

No. Variable Moran’s | P-value

1. DHF  Incidence 0,1795 0,032
Rate (IR)

2. Population -0,1580 0,029
Density

3. Rainfall 0,4822 0,001

4. Adequate 0,2348 0,016
Sanitation

(Source: Developed by the Author)

Based on Table 2, all research variables have p-values less than 0.05, indicating the presence of statistically
significant spatial autocorrelation among sub-districts in Lamongan Regency. This result confirms that the distribution of
the observed variables is not random but spatially dependent, thereby justifying the use of spatial-based analytical
approaches. Furthermore, the direction and pattern of spatial autocorrelation are determined based on the value of Moran’s
Index (I). A positive Moran’s I value (I > 0) indicates positive spatial autocorrelation with a clustered pattern, whereas a
negative Moran’s I value (I < 0) indicates negative spatial autocorrelation with a dispersed pattern [25][26]. Based on these
results, the variables DHF Incidence Rate (IR), rainfall, and percentage of adequate sanitation exhibit positive Moran’s I
values, suggesting a tendency for regions with similar characteristics to cluster spatially.

In contrast, population density shows a negative Moran’s I value, indicating a dispersed spatial pattern among sub-
districts. These findings suggest that DHF incidence and environmental factors such as rainfall and sanitation are spatially
concentrated in certain areas, potentially reflecting localized environmental and socio-ecological conditions that support
disease transmission. This result is consistent with previous studies reporting that dengue transmission is strongly
influenced by environmental variables and tends to exhibit spatial clustering patterns. However, most prior studies primarily
focused on identifying spatial dependence using global indices, without further classifying regions into homogeneous and
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spatially contiguous groups [26]. Therefore, this study extends previous work by not only confirming the presence of spatial
autocorrelation but also applying spatial clustering to generate more detailed and interpretable regional groupings of DHF
vulnerability.

3.2. Construction of the Weighted Graph

At this stage, a weighted graph is constructed to represent the spatial adjacency relationships among sub-districts
in Lamongan Regency. In this graph, each node represents a sub-district, while edges represent spatial adjacency
relationships determined using the k-nearest neighbors (KNN) approach based on the distance between regional centroids.
The KNN approach is applied to ensure that connections are established only between geographically proximate sub-
districts, thereby preserving the spatial structure of the region. The weight assigned to each edge is calculated using the
Euclidean distance between standardized variable vectors, namely the Dengue Hemorrhagic Fever (DHF) Incidence Rate
(IR), population density, rainfall, and the percentage of adequate sanitation. These weights represent the degree of
dissimilarity between neighboring sub-districts. Smaller weight values indicate that the connected sub-districts have
relatively similar characteristics, whereas larger weight values indicate greater differences in their attributes. The resulting
weighted graph serves as the basis for constructing the Minimum Spanning Tree (MST) in the clustering process using the
SKATER method [24].

Graf Berbobot

Figure 2. Weighted Graph
(Source: Developed by the Author)

Figure 2 illustrates the weighted graph, where each node represents a sub-district and each edge represents spatial
adjacency. The edge weight reflects the level of dissimilarity between connected regions, where smaller weights indicate
higher similarity. The purpose of this graph is to model spatial relationships while preserving geographical proximity. The
graph shows that sub-districts are primarily connected to nearby regions, ensuring that spatial structure is maintained. This
approach is in line with spatial clustering studies that emphasize the importance of incorporating geographical relationships
into clustering models, as ignoring spatial adjacency may produce unrealistic groupings.

3.3. Construction of the Minimum Spanning Tree (MST)

The Minimum Spanning Tree (MST) is a tree structure derived from a weighted graph that connects all nodes with
the minimum total edge weight without forming cycles. The MST ensures that each node in the graph is connected through
a unique path, thereby eliminating redundant connections that may arise in the original graph structure. In the context of
spatial analysis, the MST serves to simplify complex interregional relationships while preserving the most essential spatial
connectivity structure. In this study, the MST is used to simplify the weighted graph representing adjacency relationships
among sub-districts, allowing interregional relationships to be represented more efficiently while remaining informative.
The construction of the MST is based on edge weights calculated using the Euclidean distance between standardized
variables for neighboring sub-districts. Through this approach, the MST first connects sub-districts with the highest degree
of similarity in characteristics, while simultaneously minimizing the total dissimilarity across the network. The resulting
MST structure ensures that all sub-districts remain connected within a single spatial network through the most relevant
characteristic-based links. Therefore, the MST functions as the fundamental framework of the SKATER method. The
clustering process is subsequently performed by removing selected edges from the MST to separate regions with the most
significant characteristic differences, while maintaining geographical contiguity within each cluster [27].

224


https://issn.lipi.go.id/terbit/detail/20220218051616231
https://issn.lipi.go.id/terbit/detail/20220218051616231
https://issn.lipi.go.id/terbit/detail/20220218111684759
https://issn.lipi.go.id/terbit/detail/20220218111684759

JISTR, Volume 5, Issue 2, May 2026 P ISSN 2828-3864; E ISSN: 2828-2973

Minimum Spanning Tree (MST)

\
\

\ \
P\
\ | \
- [ \
/ \
[ \

//J —
/\ W
P

_
/
,

Figure 3. Minimum Spanning Tree (MST)
(Source: Developed by the Author)

Figure 3 presents the visualization of the constructed Minimum Spanning Tree (MST), which is derived from the
weighted graph by selecting edges with the minimum total weight while maintaining connectivity among all sub-districts.
Compared to the initial weighted graph, the MST structure appears simpler due to the significant reduction in the number
of edges. This simplification removes redundant connections while preserving the most important spatial relationships,
allowing clearer identification of the primary connections between sub-districts. The MST can be interpreted as a backbone
network that highlights the strongest similarity relationships among regions, where shorter edges indicate higher similarity
between connected sub-districts. This structure facilitates the identification of spatial patterns and serves as a crucial
foundation for the subsequent clustering process.

The MST acts as the main structural framework in the SKATER method, where clusters are formed by removing
edges with the largest weights to separate regions exhibiting the greatest differences in characteristics. Thus, the MST not
only simplifies the spatial network but also directly determines how clusters will be formed in the next stage. These findings
are consistent with previous studies indicating that MST-based approaches are effective in reducing network complexity
while preserving spatial structure, making them particularly suitable for spatially constrained clustering methods such as
SKATER. Consequently, the construction of the MST represents a key stage linking the weighted graph formation to the
cluster partitioning stage in the SKATER method, ensuring that the resulting clusters remain geographically contiguous
and internally homogeneous.

3.4. Partitioning of the Minimum Spanning Tree (MST)

The partitioning of the Minimum Spanning Tree (MST) constitutes the core stage of the Spatial ‘K’luster Analysis
by Tree Edge Removal (SKATER) method. This stage aims to form regional clusters by dividing the MST structure into
several connected components [24]. The process is carried out by removing specific edges from the MST, thereby splitting
the originally fully connected network into multiple subgraphs, each representing a cluster. In the context of spatial
clustering, MST partitioning is intended to group regions based on similarity in attribute characteristics while maintaining
geographical contiguity within each cluster. This property represents a key advantage of the SKATER method compared
to non-spatial clustering approaches, as each resulting cluster is guaranteed to consist of geographically adjacent regions.

The partitioning process involves identifying and removing edges in the MST with the largest weights. In this
study, edge weights are calculated using the Euclidean distance between standardized variable vectors, namely the Dengue
Hemorrhagic Fever (DHF) Incidence Rate (IR), population density, rainfall, and the percentage of adequate sanitation.
Larger edge weights indicate greater dissimilarity between two connected sub-districts. Therefore, removing edges with
the largest weights logically separates the most dissimilar regions, resulting in clusters that are more internally
homogeneous. Mathematically, if the desired number of clusters is k, then k — 1 edges must be removed from the MST.
This removal produces k connected components, each representing a regional cluster. Through this approach, each cluster
satisfies two primary characteristics: attribute homogeneity and spatial contiguity.

3.5. Determination of the Optimal Number of Clusters

Determining the number of clusters is a crucial step in the spatial clustering process, as the selected number directly
influences the interpretation of regional grouping patterns. In the SKATER method, the number of clusters is determined
through the partitioning of the Minimum Spanning Tree (MST) by removing a specific number of edges. However, the
selection of the optimal number of clusters should not rely solely on the technical aspect of edge removal it must also be
supported by a quantitative evaluation of cluster quality.

In this study, a comparison was conducted between three-cluster and five-cluster configurations to identify the
most representative grouping structure. The selection of these two scenarios was exploratory in nature, aiming to examine
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variations in vulnerability levels under a relatively simple grouping structure (three clusters) and a more detailed grouping
structure (five clusters). The quality of clustering in each scenario was subsequently evaluated based on measures of within-
cluster homogeneity and between-cluster separation.

To determine the most optimal number of clusters, cluster quality was evaluated using the Sum of Squared
Deviations (SSD) and the Between-Cluster Sum of Squares (BSS). The SSD reflects the degree of homogeneity within
clusters, indicating how small the data variation is within each cluster. In contrast, the BSS measures the degree of
separation between clusters, indicating how distinct the clusters are from one another. A lower SSD value combined with
a higher BSS value indicates better clustering quality, as it reflects compact clusters internally and well-separated clusters
externally.

Table 3. Cluster Evaluation Results

Cluster SSD BSS
Configuration
3 Clusters 86.179866 21.820134
5 Clusters 49.842175 58.157825

(Source: Developed by the Author)

The evaluation results show that the five-cluster configuration yields a lower SSD value (49.84) compared to the
three-cluster configuration (86.18), and a higher BSS value (58.16) compared to the three-cluster configuration (21.82).
These findings indicate that the five-cluster solution produces more internally homogeneous clusters and clearer separation
between clusters.

Therefore, the five-cluster configuration was selected as the most optimal representation of DHF vulnerability
levels in Lamongan Regency. Based on this evaluation, subsequent analysis focuses on the five-cluster results as the best
representation of spatial vulnerability patterns. The classification of vulnerability levels for each cluster is determined based
on the relative combination of the clustering variables, particularly the DHF Incidence Rate (IR) and supporting
environmental factors, rather than relying solely on the absolute value of a single variable.

Table 4. Mean Values of Variables in Each Cluster

Cluster DHF IR Population Density Rainfall Adequate
Sanitation

1 56.21 792.47 1589.34 89.56

2 66.1 4772 1629 100

3 80.02 1071.88 1.45 76.34

4 163.97 472.6 3197 91.14

5 46.88 1006 1724 100

(Source: Developed by the Author)

Based on the mean values of the variables in each cluster, sub-districts in Lamongan Regency can be classified
into five levels of Dengue Hemorrhagic Fever (DHF) vulnerability: very high, high, moderate, low, and very low. The
classification is derived from the relative combination of epidemiological and environmental indicators rather than from a
single variable.:

Cluster 1 :  Is categorized as a low vulnerability area. The DHF Incidence Rate (56.21) is relatively low,
accompanied by low population density and fairly good sanitation conditions. These characteristics
suggest that although DHF transmission risk is present, it remains relatively lower compared to clusters
with moderate to high vulnerability.

Cluster 2:  Represents a moderate vulnerability area. This cluster exhibits a moderately high DHF incidence rate
(66.10) and very high population density. High population density may increase the intensity of human—
vector contact, thereby elevating transmission risk. However, the excellent sanitation condition (100%)
likely mitigates this risk, resulting in an overall moderate vulnerability level.

Cluster 3 :  Is classified as a high vulnerability area. It shows a relatively high DHF incidence rate (80.02) and the
lowest percentage of adequate sanitation (76.34) among all clusters. The combination of elevated
incidence and suboptimal sanitation conditions indicates a greater potential for sustained DHF
transmission due to environmental and behavioral factors.

Cluster 4 :  Is categorized as a very high vulnerability area. This cluster records the highest DHF incidence rate
(163.97), accompanied by extremely high rainfall (3197 mm). Such climatic conditions create a highly
favorable environment for mosquito breeding, significantly increasing transmission risk, despite
relatively low population density and adequate sanitation levels.

Cluster 5:  Represents a very low vulnerability area. It has the lowest DHF incidence rate (46.88), supported by
excellent sanitation coverage (100%) and relatively moderate population density. These characteristics
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indicate environmental conditions that are more conducive to effective DHF control, resulting in the
lowest transmission risk among all clusters.

The classification of vulnerability levels in this study was based on the relative ranking of cluster profiles derived
from the SKATER clustering results. The classification considered the combined characteristics of the Dengue
Hemorrhagic Fever (DHF) Incidence Rate (IR), population density, rainfall, and adequate sanitation. Clusters exhibiting
higher DHF incidence rates together with environmental conditions favorable for dengue transmission, such as high rainfall
and lower sanitation coverage, were assigned higher vulnerability categories. Conversely, clusters characterized by lower
incidence rates and more favorable environmental conditions were assigned lower vulnerability categories. Therefore, the
vulnerability labels (very high, high, moderate, low, and very low) were determined through the comparative interpretation
of cluster mean values rather than through predefined statistical thresholds or a composite vulnerability index.

The findings of this study are generally consistent with previous research on the spatial distribution of dengue
fever. The very high vulnerability observed in Cluster 4 is associated with the highest DHF incidence rate and extremely
high rainfall levels. This result supports previous studies reporting that rainfall plays a significant role in increasing
mosquito breeding habitats by creating standing water environments suitable for the development of Aedes aegypti larvae.
Consequently, areas with higher rainfall tend to experience greater dengue transmission risk.

Similarly, the high vulnerability identified in Cluster 3 is associated with relatively high DHF incidence and the
lowest level of adequate sanitation among all clusters. This finding is in agreement with previous empirical studies
suggesting that inadequate sanitation conditions may contribute to the persistence of mosquito breeding sites and increase
the likelihood of dengue transmission. Furthermore, the moderate vulnerability observed in Cluster 2 highlights the
importance of population density as a contributing factor to disease spread, since densely populated areas may increase
human—vector interaction and facilitate transmission. These findings indicate that dengue vulnerability is influenced by a
combination of epidemiological, environmental, and demographic factors rather than by a single determinant.

The identified vulnerability patterns have important implications for public health planning and dengue prevention
programs in Lamongan Regency. Sub-districts classified as very high vulnerability areas, particularly those in Cluster 4,
should be prioritized for intensive vector control programs, environmental management, and enhanced disease surveillance.
Areas in Cluster 3 may benefit from interventions focused on improving sanitation infrastructure and strengthening
community participation in mosquito breeding site elimination activities. For Cluster 2, preventive strategies should
emphasize population-based surveillance and public awareness campaigns due to the high population density. Meanwhile,
sub-districts classified as low and very low vulnerability areas should continue routine monitoring and preventive measures
to maintain favorable environmental conditions and prevent future increases in dengue transmission risk.

MST Setelah Dipartisi Menjadi 5 Klaster
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Figure 4. MST Partition Graph (5 Clusters)
(Source: Developed by the Author)

The results of partitioning the Minimum Spanning Tree (MST) into five clusters are presented in Figure 4,
illustrating the connectivity structure among sub-districts after removing edges with the largest weights. Each connected
component in the figure represents a spatial cluster, where sub-districts within the same component are grouped based on
similarity in characteristics. Figure 4 can be interpreted by observing that connected nodes indicate regions with relatively
similar attributes, while the separation between components reflects differences between clusters. This demonstrates that
the partitioning process successfully separates regions with high dissimilarity while maintaining spatial connectivity within
each cluster. The clustering results are further visualized in the form of a thematic map in Figure 5 to display the spatial
distribution of DHF-prone clusters in Lamongan Regency. Figure 5 provides a geographic representation of the clusters,
allowing clearer identification of the spatial location and distribution of each cluster. Through this map, differences in
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regional grouping patterns can be more easily observed, highlighting areas with similar levels of DHF vulnerability and
supporting more effective spatial interpretation of the clustering results.

Table 5. DHF Vulnerability Cluster Classification of Sub-Districts in Lamongan Regency
Cluster Sub-District Vulnerability
Category

1 Brondong, Paciran, Solokuro,
Laren, Karanggeneng, Kalitengah,
Maduran, Sekaran, Pucuk,
Sukodadi, Babat, Kedungpring,
Sugio, Kembangbahu, Mantup,
Sambeng, Sarirejo, Modo.

Low vulnerability

2 Karangbinangun, Turi, Lamongan, Moderate
Deket, and Glagah. vulnerability
3 Ngimbang. High vulnerability
4 Bluluk and Sukorame. Very High
vulnerability
5 Tikung. Very Low
vulnerability

(Source: Developed by the Author)

Based on Table 5, the majority of sub-districts in Lamongan Regency are classified into Cluster 1, which
represents areas with low DHF vulnerability. In contrast, only a small number of sub-districts belong to the higher
vulnerability categories, namely Cluster 3 and Cluster 4. These results indicate the presence of spatial variation in DHF
vulnerability among sub-districts in Lamongan Regency. The classification also demonstrates that regions with similar
epidemiological, environmental, and demographic characteristics tend to form geographically contiguous clusters. To
provide a clearer representation of the spatial distribution of the identified clusters, the clustering results are further
visualized in the form of a thematic map, as presented in Figure 5.

Peta Klaster Wilayah Rawan DBD (5 Klaster)

Vs WwN e

Figure 5. Cluster Map
(Source: Developed by the Author)

Figure 5 presents the visualization of the cluster map of Dengue Hemorrhagic Fever (DHF)-prone areas in
Lamongan Regency, which is divided into five clusters. Each cluster is represented by a different color to illustrate the
level of vulnerability based on the results of the analysis using the SKATER method. In general, the map shows the presence
of spatial variation in DHF vulnerability across sub-districts. It can be observed that most areas are dominated by a
particular cluster, indicating that many sub-districts share relatively similar characteristics. Meanwhile, several other areas
form smaller and more isolated clusters, suggesting the presence of distinct characteristics compared to surrounding

228


https://issn.lipi.go.id/terbit/detail/20220218051616231
https://issn.lipi.go.id/terbit/detail/20220218051616231
https://issn.lipi.go.id/terbit/detail/20220218111684759
https://issn.lipi.go.id/terbit/detail/20220218111684759

JISTR, Volume 5, Issue 2, May 2026 P ISSN 2828-3864; E ISSN: 2828-2973

regions. The spatial distribution pattern shown on the map also indicates that areas with similar levels of vulnerability tend
to form geographically contiguous clusters rather than being randomly distributed. This finding confirms that the factors
influencing DHF incidence exhibit spatial dependence across regions. Overall, this map visualization facilitates the
identification of spatial patterns of DHF-prone areas in Lamongan Regency, thereby providing valuable insights for
determining priority areas and supporting more targeted and effective intervention planning.

4. CONCLUSION

This study identified spatial patterns of Dengue Hemorrhagic Fever (DHF) vulnerability in Lamongan Regency
using the Spatial ‘K’luster Analysis by Tree Edge Removal (SKATER) method. The results of Moran’s I analysis revealed
significant spatial autocorrelation for DHF Incidence Rate (IR), rainfall, and adequate sanitation, indicating clustered
spatial patterns, while population density exhibited a dispersed pattern. These findings confirm that DHF vulnerability is
spatially dependent and justify the application of spatially constrained clustering approaches. The clustering evaluation
demonstrated that the five-cluster configuration was superior to the three-cluster configuration, as indicated by a lower
Sum of Squared Deviations (SSD = 49.84) and a higher Between-Cluster Sum of Squares (BSS = 58.16). This result
suggests that the five-cluster solution provides greater within-cluster homogeneity and clearer separation between clusters.
Based on the identified cluster profiles, the sub-districts of Lamongan Regency were classified into five levels of DHF
vulnerability, namely very high, high, moderate, low, and very low vulnerability. The very high vulnerability cluster was
characterized by the highest DHF incidence rate and rainfall levels, whereas the very low vulnerability cluster exhibited
the lowest incidence rate and favorable environmental conditions. Methodologically, this study demonstrates the usefulness
of the SKATER method in producing geographically contiguous and internally homogeneous clusters, thereby providing
a more spatially meaningful classification of DHF vulnerability compared with non-spatial clustering approaches. From a
practical perspective, the resulting vulnerability map can support local health authorities in identifying priority areas for
surveillance, vector control, sanitation improvement, and other dengue prevention programs. Nevertheless, this study has
several limitations. First, the analysis was based on cross-sectional data from a single observation period; therefore, it
cannot capture temporal variations or long-term dynamics of DHF transmission. Second, the clustering model only
incorporated four variables, namely DHF incidence rate, population density, rainfall, and adequate sanitation, which may
not fully represent all factors influencing dengue vulnerability. Consequently, the findings should be interpreted as a spatial
classification of vulnerability patterns rather than evidence of causal relationships. Future studies are recommended to
utilize multi-year datasets to examine temporal changes in DHF vulnerability, incorporate additional environmental and
socio-economic variables, and perform external validation of the clustering results. Such improvements may provide a
more comprehensive understanding of dengue vulnerability and strengthen the applicability of spatial clustering for public
health planning.
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