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ABSTRACT 

Background: Current methods for managing Dengue Hemorrhagic Fever (DHF) in East Java 
often separate temporal and spatial analyses, hindering proactive public health interventions. To 
address this limitation, this study develops an integrated spatio-temporal framework that 
combines multi-model forecasting and geospatial analysis to create localized dengue projections 
and risk maps. 
Subjects and Method: An ecological spatio-temporal design was conducted across 38 districts/ 
cities in East Java using secondary data from 2013–2023. The dependent variable was annual 
dengue incidence, while independent variables comprised natural factors (e.g., rainfall, humidity) 
and social factors (e.g., population density, poverty). Data were analyzed using Geographically 
Weighted Regression (GWR) for spatial modeling. Time series forecasting for the 2024–2028 
period was conducted using Trigonometric seasonality, Box-Cox transformation (TBATS), Auto-
regressive Integrated Moving Average (ARIMA), Prophet, and Neural NETwork AutoRegression 
(NNETAR) models, evaluated by Root Mean Square Error (RMSE). 
Results: Rainfall demonstrated the strongest natural association (R²=0.49; p=0.022), followed by 
humidity (R²=0.26; p<0.001). Epidemiologically, population density emerged as the key social 
determinant (R²=0.50; p=0.005). TBATS achieved the highest forecasting accuracy with the lowest 
RMSE (47.657), outperforming ARIMA (202.980), Prophet (172.809), and NNETAR (157.653). 
Spatial risk mapping revealed that high-risk social clusters are heavily concentrated in the eastern 
'Tapal Kuda' region and northern coastal metropolitan corridors. 
Conclusion: Dengue incidence in East Java is significantly driven by climatic factors and spatially 
varying social vulnerabilities. The integration of TBATS forecasting and GWR spatial modeling 
provides a robust framework for anticipating future case burdens and identifying priority inter-
vention areas, thereby supporting highly targeted public health planning. 
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BACKGROUND 
Dengue Hemorrhagic Fever (DHF) remains 

a major endemic infectious disease charac-

terized by recurrent seasonal surges, parti-

cularly in tropical regions such as Indonesia 

(Riaz et al., 2024). In East Java Province, 

the spatial and temporal distribution of 

dengue cases varies considerably across 

districts and cities, indicating heteroge-

neous transmission dynamics (Parveen et 

al., 2023). These variations are influenced 

by a combination of natural and social 

determinants. Natural factors such as 

rainfall, temperature, and seasonal variabi-

lity have long been recognized as key 

drivers of dengue transmission through 

their effects on mosquito breeding and viral 

replication(Cunha et al., 2022). Meanwhile, 

social factors including population density, 

settlement characteristics, and sanitation 

behavior play a critical role in shaping 

human vector interactions and local 

transmission intensity(Sudarmaja et al., 

2022). 

From a public health policy perspec-

tive, the ability to anticipate dengue case 

surges is essential for effective planning 

and resource allocation. Accurate project-

ions enable local governments to prepare 

logistics such as insecticides, laboratory 

reagents, hospital bed capacity, and health-

care workforce readiness. However, in 

many cases, policy responses remain 

reactive due to the lack of integrated and 

predictive analytical frameworks (Gupta et 

al., 2023). This reactive approach often 

limits the effectiveness of interventions and 

increases the burden on healthcare 

systems. Therefore, there is a pressing need 

for evidence-based tools that can provide 

both temporal projections and spatial 

prioritization to support proactive decision-

making. 

Previous studies in Indonesia have 

predominantly focused on climate-based 

determinants of dengue transmission, often 

analyzing variables such as rainfall and 

temperature in isolation(Damtew et al., 

2023). In contrast, social determinants, 

particularly population density, are less 

frequently examined as independent and 

spatially varying risk factors, despite 

evidence suggesting their significant contri-

bution to local transmission heterogeneity 

(Faridah et al., 2022). Furthermore, 

methodological approaches tend to be frag-

mented. Time series forecasting models, 

such as Trigonometric seasonality, Box-Cox 

transformation (TBATS), Auto¬regressive 

Integrated Moving Average (ARIMA), 

Prophet, and Neural NETwork Auto-

Regression (NNETAR) models, are widely 

used to predict future case trends based on 

historical data (Zhao & Zhang, 2022; Oh & 

Seong, 2024) (Perone, 2022). However, 

these models are typically applied without 

integration into spatial analytical frame-

works. On the other hand, geospatial 

methods such as Geographically Weighted 

Regression (GWR) are effective in 

capturing spatial heterogeneity and local 

variations in relationships between 

variables (Yang et al., 2023), yet they are 

rarely combined with forecasting outputs. 

This methodological separation 

creates a critical gap: while forecasting 

models can estimate the magnitude and 

timing of future cases, they do not indicate 

where interventions should be prioritized. 

Conversely, spatial models identify high-

risk areas but lack forward-looking 

projections. As a result, the linkage between 

predicted case burden and geographically 

targeted intervention strategies remains 

weak (Na et al., 2023) . Addressing this gap 

requires an integrated analytical framework 

that combines temporal forecasting with 

spatial modeling to produce both predictive 

and location-specific insights. 
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This study integrates multiple time 

series forecasting models TBATS, ARIMA, 

Prophet, and NNETAR with spatial analysis 

using Geographically Weighted Regression 

(GWR). Each model contributes distinct 

analytical strengths: TBATS is capable of 

capturing complex seasonal patterns (Liu et 

al., 2023), ARIMA serves as a classical 

benchmark for time series modeling (Box 

and Jenkins, 1976), Prophet offers scala-

bility and flexibility for large datasets 

(Taylor and Letham, 2018), and NNETAR 

introduces nonlinear pattern recognition 

through neural network approaches 

(Kontopoulou et al., 2023). The accuracy of 

these models is evaluated using Root Mean 

Square Error (RMSE), a widely accepted 

metric for forecast performance assessment 

(Wang & Gayed, 2026). Meanwhile, GWR is 

applied to examine the spatially varying 

relationship between dengue incidence and 

key social factors, particularly population 

density. 

East Java Province was selected as the 

study area due to its distinct spatial and 

demographic heterogeneity, which provides 

an ideal dynamic for evaluating the Geogra-

phically Weighted Regression (GWR) 

model. Comprising 38 diverse districts and 

cities, the province exhibits a unique 

contrast between densely populated metro-

politan hubs (such as Surabaya and 

Sidoarjo) and less populated rural or moun-

tainous regions. This diversity enables a 

robust observation of the spatially varying 

relationships between social determinants 

and dengue transmission. Furthermore, as 

a region that consistently demonstrates a 

high and fluctuating endemic burden of 

dengue fever, East Java serves as a highly 

representative testbed for integrating 

scalable temporal forecasting with geo-

spatial analytics. 

Based on this framework, the research 

questions are formulated as follows: (1) 

What natural factors most influence the 

annual variation in dengue cases in East 

Java? (2) What are the most influential 

social factors? (3) How does the spatial 

relationship between dengue incidence and 

key social factors vary across districts/ 

cities? and (4) How can dengue risk maps 

based on 2024–2028 forecasts be 

developed to identify priority intervention 

areas? Therefore, this study aimed to 

develop an integrated spatio-temporal 

analytical framework that combines multi-

model time series forecasting and geospa-

tial modeling to generate district/city-level 

dengue projections and risk maps in East 

Java, thereby supporting evidence-based 

and targeted public health interventions 

 

SUBJECTS AND METHOD 
1. Study Design 

This study employed an ecological design 

with a spatio-temporal analytical approach. 

It integrates multi-model time series fore-

casting and geospatial modeling to examine 

dengue fever dynamics across districts/ 

cities in East Java Province. Historical data 

from 2013 to 2023 were analyzed to 

identify patterns and generate projections 

for the 2024–2028 period. 

2. Population and Sample 

The population of this study comprised all 

districts and cities in East Java Province. A 

total of 38 districts/cities were included as 

the study sample using a total sampling 

approach, based on the availability and 

completeness of secondary data from the 

Central Bureau of Statistics (BPS). The unit 

of analysis in this study was the district/ 

city-level, ensuring comparability across 

regions. 

3. Study Variables 

This study examined dengue fever inci-

dence as the dependent variable, measured 

as the annual number of reported cases per 

district/city. The independent variables 
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consisted of natural and social factors. 

Natural factors included rainfall, tempera-

ture, number of rainy days, humidity, air 

pressure, wind speed, and sunshine 

duration. Social factors included population 

density, number of working population, 

number of poor population, household 

sanitation conditions, and the number of 

criminal cases. In addition, spatial variables 

were incorporated in the form of district/ 

city administrative boundaries to support 

geospatial analysis. 

4. Operational Definition of Variables 

Dengue cases: Total reported annual 

dengue fever cases per district/city. 

Population density: Number of people 

per square kilometer in each district/city. 

Rainfall: Total annual rainfall (mm). 

Temperature: Average annual 

temperature (°C). 

Rainy days: Total number of rainy days 

per year. 

Humidity: Average annual relative 

humidity (%). 

Air pressure: Average annual atmosphe-

ric pressure (hPa). 

Wind speed: Average annual wind speed 

(m/s). 

Sunshine duration: Total annual 

duration of sunlight exposure. 

Sanitation: The percentage of households 

with access to proper and improved 

sanitation facilities (e.g., private latrines 

with septic tanks) in a given year, as 

standardized by the Central Bureau of 

Statistics/ Badan Pusat Statistik (BPS). 

Working population: The total number 

of individuals aged 15 years and over who 

are economically active and currently 

employed. 

Poor population: The total number of 

individuals living below the official regional 

poverty line. 

Criminal offenses: The total number of 

reported criminal cases (crime total) within 

a district/city per year. In this study, it 

serves as a proxy indicator for social 

dynamics, rapid urbanization, and 

settlement density. 

Socioeconomic variables: Number of 

the working population, the poor 

population, and criminal cases. 

5. Study Instruments 

This study utilized secondary data obtained 

from official databases, primarily from the 

Central Bureau of Statistics (BPS). Data 

processing and analysis were conducted 

using RStudio for statistical analysis and 

time series forecasting, while QGIS was 

used for spatial visualization and map gene-

ration. These tools enabled the integration 

of temporal and spatial data into a unified 

analytical framework. 

6. Data analysis 

The analysis was conducted through several 

sequential stages. First, data preprocessing 

was performed, including cleaning, 

standardizing regional names, removing 

duplicates, and ensuring consistency across 

datasets. Second, an exploratory bivariate 

analysis was conducted using Pearson 

correlation represented by the Coefficient 

of Determination (𝑅2) derived from simple 

linear regression to assess the initial 

relationship between dengue cases and 

each independent variable. The Pearson 

method was selected because both the 

dependent and independent variables are 

continuous in nature, allowing for a 

standard and robust measurement of their 

linear association. This was subsequently 

visualized using thematic maps. Third, time 

series forecasting was conducted using four 

candidate models: TBATS, ARIMA, 

Prophet, and NNETAR. Model performance 

was evaluated using Root Mean Square 

Error (RMSE), and the model with the 

lowest RMSE value was selected for 

projecting dengue cases for the period 

2024–2028. Fourth, spatial analysis was 
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performed using correlation mapping and 

Geographically Weighted Regression 

(GWR) to capture spatial heterogeneity and 

estimate local relationships between 

dengue cases and population density. Band-

width selection in the GWR model was 

conducted automatically using the Akaike 

Information Criterion corrected (AICc). 

Finally, the outputs were generated in the 

form of projection tables, time series 

graphs, and thematic maps, including five-

year average projection maps, correlation 

maps, and spatial coefficient maps to 

support decision-making. 

To ensure the validity of the models, 

rigorous assumptions and diagnostic tests 

were applied. For the time series forecast-

ing, the Augmented Dickey-Fuller (ADF) 

test was utilized to evaluate data statio-

narity prior to modeling. Post-modeling 

diagnostics included the Ljung-Box test to 

confirm that the residuals of the selected 

models resembled white noise, indicating 

no significant autocorrelation. For the 

spatial analysis, the Variance Inflation 

Factor (VIF) was calculated to check for 

multicollinearity among the independent 

variables before executing the GWR model, 

ensuring that only distinct predictors were 

included. Furthermore, Moran’s I test was 

applied to the GWR residuals to verify that 

spatial autocorrelation was adequately 

resolved by the local model. 

7. Research Ethics 

This study used secondary data aggregated 

at the district/city level obtained from 

publicly accessible sources. Since no 

individual-level or identifiable personal 

data were involved, ethical approval was 

not required. However, all data were 

managed and analyzed in accordance with 

applicable data use and research integrity 

standards. 

 

RESULTS 
1. Association between Natural 

Factors and Dengue Cases 

Descriptive statistics of the variables used 

in this study across the 38 districts and 

cities in East Java. Due to the varying 

availability of historical secondary data, 

baseline data from specific representative 

years were utilized for the social factors: 

population density reflects the 2023 

demographic data, while criminal offenses 

are based on the 2017 official records. Show 

on table 1.  

 

Table 1. Descriptive Statistics of Study Variables 

Variables Minimum Maximum Mean SD 
Natural Factors     
Rainfall (mm) 0 886 171.37 169.58 
Humidity (%) 55 84 72.33 5.96 
Sunshine Duration 4 99 64.97 25.73 
Social Factors     
Population Density (per km²) 410 8667 1938 2279 
Criminal Offenses 75 779 428.56 157,09 

 
To further evaluate the spatially varying 

impact of population density on dengue 

cases across the province, a Geographically 

Weighted Regression (GWR) model was 

applied. Unlike traditional global 

regression models that assume uniform 

relationships across the entire study area, 

GWR accounts for spatial heterogeneity by 

generating distinct local coefficients for 

each district and city. The distribution of 

these local estimates, along with key diag-

nostic parameters indicating the model's 
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performance and spatial fit, are summarized in Table 2. 

 

Table 2. GWR Local Coefficients Summary and Model Diagnostics 

Parameter Minimum Lower Quartile Median Upper Quartile Maximum 
Intercept 238.93 250.70 274.74 309.05 332.10 
Population Density 
Coefficient 

-0.03 -0.02 -0.02 -0.02 -0.02 

Model Diagnostics:  

Adaptive Bandwidth (Quantile): 0.571 (encompassing approximately 19 out of 35 observed data points) 

Residual Sum of Squares (RSS): 1,146,781 

AICc (GWR): 472.558 

Quasi-global R-squared: 0.161 

 

Table 3 presents the coefficient of deter-

mination (R²) and the statistical signi-

ficance (p-value) for various natural factors. 

Based on the analysis, rainfall shows the 

strongest relationship with the dependent 

variable, accounting for 49% of the variance 

(R²= 0.49) (p = 0.022). Furthermore, 

humidity and sunshine also have significant 

correlations, with p <0.001 (R² = 0.26) and 

0.004 (R² = 0.15), respectively. Conversely, 

the model indicates that air pressure (p= 

0.460), wind speed (p=0.465), and rainy 

days (p= 0.355) do not have a statistically 

significant relationship, as their p-values 

exceed the standard 0.05 significance 

threshold. 

 

Table 3.  R² Values of Natural Factors 

Natural Factors R2 p 
Humidity 0.26 <0.001 
Air Pressure 0.19 0.460 
Wind Speed 0.18 0.465 
Sunshine 0.15 0.004 
Rainfall 0.49 0.022 
Rainy Days 0.08 0.355 

 

2. Association between Social Factors 

and Dengue Cases 

Table 4 presents the relationship between 

social factors and dengue incidence. 

Criminal offenses showed the highest 

association (R² = 0.70; p = 0.026), followed 

by population density (R²= 0.50; p= 0.005) 

and the number of working population 

(R²= 0.50; p<0.001). Household sanitation 

(R² = 0.40; p = 0.044) and the number of 

poor population (R² = 0.33; p = 0.019) also 

demonstrated statistically significant rela-

tionships. Despite the highest R² observed 

for criminal offenses, population density 

was prioritized for further spatial modeling 

due to stronger epidemiological relevance.

 
Table 4. R² Values of Social Factors 

Social Factors R2 p 
Population Density 0.50 0.005 
Working Population 0.50 <0.001 
Poor Population 0.33 0.019 
Sanitation 0.40 0.044 
Criminal Offenses 0.70 0.026 
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3. Forecasting Model Performance 

The comparison of forecasting models 

using RMSE is presented in Table 5. The 

TBATS model achieved the lowest RMSE 

(47.66), indicating the highest prediction 

accuracy, followed by NNETAR (157.65), 

Prophet (172,81), and ARIMA (202.98). 

 
Table 5. Comparison Model Performance 

Model RMSE 
Prophet 172.81 
TBATS 47.66 
ARIMA 202.98 
NNETAR 157.65 

 

4. Dengue Forecast Projection (2024-

2028) 

The bar chart in Figure 1 shows the fore-

casting results using the TBATS model, 

which was performed on historical data 

from 2024 to 2028 for each regency/city in 

East Java. It can be seen that there is a 

generally stable pattern between years 

(gradual increase/decrease without sharp 

spikes). In some regions, consistently high 

scores can be achieved, including Jember, 

Malang, Kediri, Sidoarjo, and Pacitan. 

Meanwhile, other cities/districts are at a 

lower level, such as Bangkalan, Batu City, 

and Probolinggo City, Indonesia. 

 

 
Figure 1. Forecasting Results Diagram with the TBATS Model 

 

The map in Figure 2 shows the average 

forecasting results using the TBATS model 

for the five years from 2024 to 2028, 

broken down by administrative division 

(regency/city) in East Java. The values in 

the legend are divided into six classes based 

on their range, namely 20–164; 164–195; 

195–259; 259–288; 288–339; 339–513, 
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making the differences in the projected 

average cases on the map easy to read and 

distinguish between regions. Classes in the 

legend help interpret forecasting results as 

one of the supporting factors in decision-

making, such as stock planning in the 

healthcare sector, scheduling control 

activities, service capacity management, 

and the provision of SMA from 2024 to 

2028.

 

 
Figure 2. Map TBATS-Based Forecasting 

 

Overall, there appears to be an uneven 

distribution of burden: several districts/ 

cities fall into the high category (≥339), 

while others are in the low-medium 

category. Referring to the same projection 

data, examples of regions with high values 

include Jember, Kediri, Ngawi, Magetan, 

Sampang, Malang, Situbondo, and Bojo-

negoro, making them worthy of priority in 

logistics planning and service capacity. 

Conversely, areas with low values, such as 

Bangkalan or Batu City, do not mean they 

are neglecting healthcare planning, but 

vigilance is still necessary, with strategies 

focused on maintaining achievements and 

strengthening surveillance. 

5. Spatial Patterns of Social Risk 

Figure 3 shows a social risk map calculated 

from the correlation (R-value) between 

dengue fever cases and population density 

at the district/city level in East Java. The R-

values are mapped into five classes from -1 

to 1: light colors indicate negative/weak 

correlation, while darker colors indicate 

strong positive correlation (approaching 1). 

This map visualization is used to see in 

which regions density is more related to 

variations in dengue fever cases, consider-

ing that population density is an epidemio-

logically relevant social factor in the urban 

tropical context. 
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Distinct spatial clustering of social 

factor-based dengue risk across East Java. 

Rather than a random distribution, the map 

reveals a strong geographical divide. The 

highest risk values (ranging from 0.6 to 1, 

depicted in the darkest shade) are heavily 

concentrated in the eastern and south-

eastern parts of the province, often referred 

to as the 'Tapal Kuda' (Horseshoe) region 

(e.g., Banyuwangi, Jember, Situbondo, 

Bondowoso, Probolinggo), extending along 

the northern coastal metropolitan corridor 

up to Pasuruan, Sidoarjo, and Surabaya. 

Additionally, high-risk clusters are 

observed in parts of Madura Island 

(Sampang and Pamekasan) and the 

southwestern tip (Pacitan). 

In contrast, regions with the lowest 

social risk values (-1 to -0.6) are predo-

minantly clustered in the central and 

western inland areas (such as Ngawi, Bojo-

negoro, Nganjuk, Jombang, and Malang). 

This observed spatial pattern suggests that 

high social risk for dengue is strongly 

associated with coastal, highly urbanized, 

and densely populated corridors, as well as 

specific socio-cultural zones in the eastern 

region, whereas inland agricultural districts 

tend to exhibit lower social vulnerability to 

the disease. 

 

 
Figure 3. Map Social Factor Risk of Dengue Risk in East Java, Indonesia 

 
The correlation map between dengue cases 

and population density reveals spatial 

heterogeneity in social risk. Strong positive 

correlations were observed in urban and 

densely populated areas, including Sura-

baya, Sidoarjo, Gresik, and regions in 

Madura Island. Similarly, high correlations 

were found in the Tapal Kuda region. 

Conversely, weaker correlations were 

identified in western and mountainous 

areas, suggesting that other determinants, 

such as environmental and behavioral 

factors, may play a more dominant role in 

these regions. 
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DISCUSSION 
This study demonstrates that dengue trans-

mission in East Java is influenced by both 

environmental and social determinants, 

with rainfall emerging as the most influ-

ential natural factor. This finding is 

consistent with previous studies showing 

that increased rainfall enhances mosquito 

breeding habitats and accelerates dengue 

transmission cycles (Morin et al., 2013). 

Humidity and sunshine also contributed 

significantly, reflecting the importance of 

climatic suitability in vector survival and 

viral replication. Based on the social pers-

pective, population density was identified 

as a key determinant of dengue incidence. 

Although criminal offenses showed the 

highest statistical association, this variable 

likely acts as a proxy for urbanization 

rather than a direct causal factor. Popula-

tion density, on the other hand, has a clear 

biological and epidemiological basis, as 

higher density increases human vector 

contact rates and facilitates virus trans-

mission (de Souza & Weaver, 2024). This 

supports previous findings that urban and 

peri-urban areas are hotspots for dengue 

transmission in tropical settings. 

The superiority of the TBATS model 

in forecasting performance aligns with its 

ability to capture complex seasonal and 

multi-seasonal patterns, which are 

characteristic of infectious diseases such as 

dengue (Abbasi, 2025) .Compared to 

classical models such as ARIMA, TBATS 

provides greater flexibility in handling non-

linear and recurring seasonal structures, 

resulting in significantly lower prediction 

error. The use of RMSE as an evaluation 

metric further strengthens the reliability of 

model selection, as it is sensitive to large 

deviations and widely used in forecasting 

studies (Li et al., 2024). 

The integration of forecasting outputs 

with spatial analysis represents a key 

contribution of this study. While previous 

research often treats forecasting and spatial 

modeling separately, this study 

demonstrates the added value of combining 

both approaches. Forecasting provides 

insights into the magnitude and timing of 

future cases, whereas spatial analysis—

particularly using Geographically Weighted 

Regression (GWR) reveals local variations 

in risk factors. This combination enables 

more targeted and efficient intervention 

planning, bridging the gap between “how 

many cases will occur” and “where inter-

ventions should be prioritized” (Chen et al., 

2022 ;Fotheringham et al., 2022;H. Wang 

et al., 2026). 

The spatial findings highlight that the 

influence of population density is not uni-

form across regions. Stronger effects were 

observed in urban and densely populated 

corridors, while weaker associations were 

found in rural or mountainous areas. This 

indicates that dengue transmission is 

context-specific, and intervention strategies 

should be tailored accordingly. In high-

density areas, vector control and environ-

mental management should be intensified, 

while in low-density areas, focus may shift 

toward surveillance and community-based 

prevention. 

Based on a policy perspective, the 

relatively stable projection of dengue cases 

suggests a persistent endemic burden in 

East Java. This underscores the need for 

continous preparedness rather than 

seasonal reactive responses. The five-year 

projection can serve as a basis for logistics 

planning, healthcare capacity management, 

and scheduling of vector control programs. 

Meanwhile, spatial risk maps can guide the 

prioritization of high-risk districts, 

ensuring more efficient allocation of 

resources.  

However, this study has several limi-

tations. First, the use of annual aggregated 
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data may mask short-term fluctuations and 

seasonal peaks, which are important in 

dengue epidemiology. Second, the spatial 

model primarily focuses on population 

density as a social determinant, while other 

potential factors, such as mobility, beha-

vior, and environmental conditions, were 

not fully incorporated. Future research 

should consider using higher temporal 

resolution data (e.g., monthly series) and 

incorporating additional environmental 

and social variables to improve model 

accuracy. The integration of ensemble fore-

casting methods and prediction intervals is 

also recommended to enhance robustness 

and uncertainty estimation. Furthermore, 

continuous model updating and data 

monitoring are essential to ensure the 

sustainability of this approach as a 

decision-support system. 

In conclusion, this study found that 

dengue transmission in East Java is signi-

ficantly driven by both specific meteoro-

logical variables and spatially varying social 

vulnerabilities. While global models 

highlighted Rainfall and Humidity as the 

primary natural determinants, the appli-

cation of the Geographically Weighted 

Regression (GWR) framework provided a 

crucial advancement by uncovering the 

spatial non-stationarity of social factors, 

such as population density. The novelty of 

this analytical framework lies in its ability 

to map localized risk indices, revealing that 

high-risk social clusters are heavily 

concentrated in the eastern 'Tapal Kuda' 

region and northern coastal metropolitan 

corridors. Practically, these findings offer a 

vital contribution to public health manage-

ment. By moving beyond a 'one-size-fits-all' 

approach, the localized insights generated 

from this spatial framework enable local 

health authorities and policymakers to 

design targeted, location-specific mitigation 

strategies, ensuring that limited resources 

are allocated more effectively to the most 

vulnerable districts. 
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