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Abstract 

Dengue hemorrhagic fever (DHF) remains a major public health burden in tropical areas. The DHF 

driven by nonlinear interactions, vector dynamics, and population density. Characterizing spatio -

temporal risk heterogeneity is critical to targeted intervention. We analyzed dengue risk in Kendari 

using a Bayesian Stochastic Partial Differential Equation (SPDE) via Integrated Nested Laplace 

Approximation (INLA). DHF monthly data from 2022–2024 were integrated with geospatial 

information to estimate relative risk and spatial risk contours. Model performance was compared 

with Generalized Linear Models (GLM), Intrinsic Conditional Autoregressive (ICAR), and second 

order Random Walk (RW2). Kendari Barat and Kendari districts emerged as primary hotspots, 

while Kadia, Mandonga, Baruga, Kambu, and Wua-Wua were high-risk districts. Abeli, Poasia, 

and Puuwatu districts exhibited moderate risk. Lalodati, Soropia, and Sampara districts showed 

lower risk. Risk contours revealed clusters concentrated in the urban core and along major 

corridors, highlighting the influence of settlement density and spatial connectiv ity. The SPDE–

INLA model outperformed GLM, ICAR, and RW2 in capturing spatial structure and improving 
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predictive accuracy. High resolution risk estimates supported specific district  including intensified 

source reduction before and during peak rainfall, selective fogging, larval control, community 

education, microclimate monitoring, and early case screening in high-risk areas. 

Keywords: Bayesian, DHF, INLA, Relative Risk, SPDE.  

 

1. INTRODUCTION AND PRELIMINARIES 
Kendari City, the administrative and economic hub of Southeast Sulawesi Province, has 

undergone rapid urbanization over the past two decades, resulting in substantial environmental 
restructuring. Accelerated population growth, increasing urban density, widespread land-use 
conversion, and intensive infrastructure development have collectively reshaped the local 
ecological system [10]. These transformations have significantly influenced the spatial distribution 
and habitat suitability of Aedes aegypti, the primary vector of dengue hemorrhagic fever (DHF) 
[1,6] . The DHF incidence in Kendari City exhibits pronounced spatial heterogeneity across 
districts, reflecting localized variations in environmental exposure, human vector interactions, and 
socio-demographic conditions. Such fine scale eco epidemiological variability poses major 
challenges for conventional surveillance and intervention frameworks [9,14], which often rely on 
spatially aggregated indicators and static risk assumptions [13]. Consequently, there is a critical 
need for flexible spatially explicit modeling approaches capable of capturing both structured and 
unstructured heterogeneity in disease risk, thereby providing a more robust for targeted dengue 
prevention and control [2,8]. 

This spatial complexity necessitates a modeling framework capable of adaptively 
characterizing dynamic risk patterns [18]. Nevertheless, the underlying ecological and 
epidemiological interactions are often insufficiently represented by conventional statistical 
techniques, including Generalized Linear Models (GLM), kriging, and CAR/SAR specifications 
[19]. A key limitation of these approaches lies in their formulation over discrete spatial units, which 
restricts their ability to adequately capture disease risk processes evolving continuously across 
geographic space [4]. In contrast, the Bayesian Stochastic Partial Differential Equation (SPDE) 
approach offers a principled framework for approximating continuous spatial fields through a 
Gaussian Markov Random Field (GMRF) representation defined on a triangulated mesh [5,11]. 
When integrated with the Integrated Nested Laplace Approximation (INLA), this framework 
enables the construction of highly flexible spatio-temporal models while maintaining 
computational efficiency and numerical stability, thereby facilitating scalable inference for complex 
disease mapping applications [12]. 

The SPDE-INLA framework enables the integration of high-resolution environmental 
predictors, including rainfall, air temperature, relative humidity, and the Normalized Difference 
Vegetation Index (NDVI) to flexibly characterize both linear and nonlinear associations between 
environmental variability and DHF risk [15]. Rainfall facilitates the creation of larval habitats, 
temperature modulates viral replication and vector development rates, while relative humidity 
influences adult mosquito longevity. Within this spatio-temporal modeling framework, the SPDE-
INLA yields posterior risk surfaces and exceedance probability maps that provide a quantitative 
basis for prioritizing areas in informed risk vector control planning [16]. This approach supports 
the detection of latent risk clusters, reconstruction of seasonal transmission dynamics, and 
continuous representation of disease risk independent of administrative boundaries.  

Beyond enhancing dengue early warning capacity in Kendari City, the proposed framework 
contributes methodologically to eco-epidemiological research in Indonesia by demonstrating the 
applicability of Bayesian SPDE-INLA for environmentally driven disease modeling in tropical 
urban settings [17]. This study aims to develop a Bayesian SPDE-INLA-based spatio-temporal 
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dengue model for Kendari City to identify transmission hotspots and seasonal patterns, thereby 
supporting evidence-based vector control strategies. The novelty of this work resides in the 
integration of Bayesian SPDE-INLA with high-resolution environmental predictors to model 
dengue risk as a continuous spatio-temporal process at the district level, enabling more precise 
hotspot detection and seasonal characterization than conventional discrete spatial approaches in the 
Indonesian tropical urban context. 

 

2. METHODS 
2.1. RESEARCH LOCATION 

This research was carried out in Kendari City, the capital of Southeast Sulawesi Province, 
Indonesia, which comprises of 13 districts exhibiting pronounced geomorphological and 
environmental heterogeneity. Spatially, the central to eastern parts of the city is dominated by the 
coastal zone of Kendari Bay, whereas the western and southern regions are characterized by 
lowland areas that gradually transition into hilly terrain. Elevation across the city ranges from 
approximately 0 to 200 m above sea level, with slope gradients varying from gentle to  steep, 
particularly in the Mataiwoi, Baruga, and Kambu districts. Such topographic diversity gives rise to 
localized microclimatic conditions, shapes surface runoff dynamics, and influences the spatial 
distribution of potential Aedes aegypti breeding habitats, primarily through the formation of 
temporary water accumulations and areas with inadequate drainage.   

Kendari City lies within a humid tropical climate regime, with annual precipitation ranging 
from approximately 1.800 to 2.500 mm, mean air temperatures of 26–28°C, and relative humidity 
levels between 75% and 90%. Seasonal variability is primarily governed by the regional monsoon 
system and large-scale climate oscillations, notably the El Niño Southern Oscillation (ENSO) and 
the Indian Ocean Dipole (IOD), which episodically modulate rainfall intensity, atmospheric 
moisture, and the duration of wet and dry periods. These climatic drivers exert a direct influence 
on dengue vector ecology by regulating larval development rates, adult mosquito survival, and 
biting frequency. These processes shape the spatio-temporal patterns of dengue transmission across 
Kendari City.   

Kendari City also is undergoing rapid urbanization, manifested through the expansion of 
built-up areas, shifts in land cover composition, reduction of green spaces, and the emergence of 
microhabitats favorable to dengue transmission. These landscape transformations increase 
environmental heterogeneity, which is reflected in the spatial variability of dengue incidence across 
districts. Dengue fever in Kendari City displays pronounced interannual fluctuations and uneven 
spatial patterns, particularly in densely populated areas characterized by intensive socioeconomic 
activities and complex urban drainage networks. Conversely, coastal districts tend to be influenced 
by elevated humidity, sea breeze circulation, and tidally driven surface water dynamics, which 
further modulate local transmission conditions.   

Kendari City was selected as the study area based on several compelling scientific 
considerations. The city exhibits pronounced epidemiological heterogeneity across districts and 
seasons, providing a suitable setting for investigating spatio-temporal variability in dengue risk. In 
addition, Kendari City encompasses diverse environmental conditions that support the integration 
of multiple eco environmental drivers within the modeling framework. Ongoing rapid spatial 
transformations further enhance its relevance as a representative urban landscape for developing 
and evaluating eco epidemiological risk models formulated over continuous spatial domains.  
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2.2. RESEARCH DESIGN 
The analysis was conducted within a spatio-temporal modeling framework using monthly 

data spanning the period 2022–2024. This temporal resolution enables finer characterization of risk 
dynamics while simultaneously capturing spatial variability that is often obscured by 
conventionally aggregated data [20]. Accordingly, the proposed model not only quantifies 
differences in dengue incidence across districts but also represents risk evolution as a continuous 
process in both space and time [22]. 

The model specification comprises three principal components. First, an observation model 
defines the probabilistic distribution of reported dengue cases [21]. Second, a latent process 
component incorporates environmental covariates and random effects to account for structured and 
unstructured heterogeneity. Third, a continuous spatial field is constructed using the SPDE-INLA 
formulation and coupled with a temporal dependence structure to capture correlations between 
successive time periods [6,23]. Together, these components provide a coherent and flexible 
framework for elucidating complex dengue risk patterns and their underlying eco-epidemiological 
mechanisms. 

 

2.3 DATA 

Monthly dengue case counts at the district level for the period 2022–2024 were obtained 
from the Kendari City Health Office. Predictor variables comprised climate related parameters 
sourced from the Indonesian Agency for Meteorology, Climatology, and Geophysics (BMKG) and 
the ERA5-Land dataset, including rainfall (mm), surface air temperature (°C), and relative humidity 
(%).  

ERA5-Land is a high-resolution global climate reanalysis product that has been widely 
applied in environmental climatology and epidemiological studies [3]. Environmental conditions 
are known to strongly influence Aedes mosquito population dynamics and dengue transmission risk 
[24]. Accordingly, incorporating climate covariates into the spatio-temporal modeling framework 
enhances predictive performance and supports a more comprehensive characterization of dengue 
epidemiological in Kendari City. 

 

2.4 MODEL FORMULATION 
DHF case counts represent discrete observations and frequently display overdispersion, 

accordingly, the likelihood was specified using a negative binomial distribution to account for 
variability exceeding that expected under a Poisson assumption.  

𝑌(𝑠, 𝑡) ∼ 𝑁𝐵(𝜆(𝑠, 𝑡), 𝜃), 
and predictor:  

log⁡𝜆(𝑠, 𝑡) = 𝛽0 +𝛽𝑋(𝑠, 𝑡) + 𝑢𝑠(𝑠)+ 𝑢𝑡(𝑡)+𝜔𝑠𝑡(𝑠, 𝑡) 
with  
𝑋(𝑠, 𝑡) as environmental predictor at location s time t,  

𝑢𝑠(𝑠) as spatial effects of SPDE,  
𝑢𝑡(𝑡) as temporal effects RW2,  
𝜔𝑠𝑡(𝑠, 𝑡) as spatial-temporal interaction.   

Within the SPDE framework, spatial dependence is represented through a Matérn-type 

SPDE of the form (𝜅2− Δ)𝛼/2𝑢𝑠(𝑠) = 𝑊(𝑠), where 𝜅 controls the spatial range, 𝛼 governs field 

smoothness, and 𝑊(𝑠) denotes Gaussian white noise [7,24]. This formulation yields a Gaussian 
Markov Random Field (GMRF) approximation characterized by a sparse precision matrix 𝑄(𝜅, 𝜏), 
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constructed over a triangulated mesh and regularized using penalized complexity Matérn priors to 
ensure model parsimony and stability. 

The temporal component was specified using a RW2, selected based on WAIC and DIC 
criteria [17]. The resulting spatio-temporal interaction was expressed as 𝜔𝑠𝑡(𝑠, 𝑡) = 𝑢𝑠(𝑠) 𝑢𝑡(𝑡), 
allowing spatial patterns to evolve smoothly over time. This modeling strategy has demonstrated 
strong performance for environmentally driven diseases, including dengue in tropical regions, 
particularly when combined with high resolution climate predictors [24]. 

Posterior risk intensity surfaces were summarized by the posterior mean 𝜆̂(𝑠, 𝑡) =
𝐸[𝜆(𝑠, 𝑡) ∣ data], producing continuous dengue risk maps for each time period. Uncertainty was 
quantified using exceedance probability maps, defined as 𝑃(𝜆(𝑠, 𝑡) > 𝑐 ∣ data), where locations 
with probabilities exceeding 0.8 were designated as priority areas for intervention [23]. 

 

3. RESULTS AND DISCUSSION 
The distribution of DHF cases during the study period exhibited a markedly right skewed 

(Figure 3.1), with most districts reporting relatively low case counts, while a limited number 
experienced pronounced surges during specific months [2,7].   

Figure 3.1. Monthly distribution of DHF cases in Kendari City during 2022–2024 
 
These indicate the presence of localized environmental conditions that are highly favorable 

for Aedes vector proliferation and dengue transmission [1]. The observed variance exceeding the 
mean provides clear evidence of overdispersion, rendering conventional Poisson models inadequate 
for capturing the underlying data structure [6]. Moreover, the pronounced spatial heterogeneity 
across districts suggests that case dynamics cannot be adequately explained by simple linear models 
without accounting for spatial random effects [4]. These characteristics provide methodological 
justification for adopting a Bayesian Negative Binomial specification [16,23].  

Time series analysis further reveals that dengue incidence typically peaks one to two 
months following periods of maximum rainfall (Figure 3.2). This temporal lag is consistent with 
the biological dynamics of Aedes aegypti, encompassing the egg-larva-pupa developmental stages 
and the extrinsic incubation period of the dengue virus within the mosquito vector [12]. 
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Figure 3.2. Monthly trends and seasonal of DHF cases during 2022–2024 
 
An additive time series decomposition of monthly DHF case counts in Kendari City for the 

2022–2024 period was performed to separate the observed series into trend, seasonal, and residual 
components (Figure 3.3). The observation component exhibits recurring annual fluctuations, with 
increasingly pronounced peaks toward the latter part of the study period. The trend component  
indicates a gradual upward trajectory, suggesting the presence of long term dengue risk dynamics 
beyond purely seasonal variation. 

Figure 3.3. Time series decomposition 
 
Seasonal patterns remain consistent across years, reflecting the strong influence of climatic 

drivers, particularly rainfall, temperature, and relative humidity on dengue transmission dynamics 
[14]. In contrast, the residual component is comparatively small and displays random fluctuations, 
indicating that most temporal variability is adequately captured by the combined trend and seasonal 
structures. Collectively, these findings demonstrate that dengue dynamics in Kendari City are 
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characterized by strong seasonality accompanied by an increasing trend. This behavior further 
supports the adoption of a Bayesian spatio-temporal modeling framework capable of 
simultaneously accommodating temporal dependence and environmental drivers [9].  

The observed lagged response pattern (Figure 3.4) further confirms that the effects of 
environmental drivers on dengue incidence are not instantaneous, highlighting the necessity of 
incorporating lag structures into the modeling framework to obtain reliable risk estimates [22]. 
Spatial patterns reveal implicit associations between elevated case counts and residential density, 
population mobility, and urban drainage conditions [18]. These findings reinforce the 
understanding that dengue risk is shaped not only by ecological determinants but also by social 
structure and urban spatial configuration [2,7]. 

The adoption of a continuous domain spatial modeling approach via SPDE-INLA is 
particularly well suited for capturing unobserved spatial heterogeneity and complex transmission 
landscapes that cannot be adequately represented by discrete area models [6]. 

Figure 3.4. Autocorrelation 
A Moran’s I value of 0.41 (p < 0.01) (see Figure 3.5) indicates statistically significant spatial 
clustering of dengue hemorrhagic fever (DHF) cases. Areas with elevated incidence are likely to 
increase risk in neighboring districts through spatial spillover mechanisms, driven by vector 
dispersal, shared habitat characteristics, and inter-area human mobility [16]. Climatic conditions in 
Kendari City characterized by monthly rainfall ranging from 92 to 482 mm, temperatures between 
25.3 and 28.9 °C, and relative humidity levels of 68–89% provide a favorable environment for the 
survival and activity of Aedes aegypti. 

 

Figure 3.5. Monte Carlo simulation of Moran’s Index 
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The precision matrix 𝑄 constitutes a central component of the GMRF representation arising 
from the SPDE approximation, enabling highly efficient posterior computation within the INLA 
framework [12]. The procedure begins with the construction of a spatial triangulation mesh, where 
the latent spatial field 𝑢𝑠(𝑠) is approximated using linear finite element basis functions [5]. 

𝑢𝑠(𝑠) ≈∑𝑢𝑖

𝑛

𝑖=1

 𝜙𝑖(𝑠), 

with 𝜙𝑖(𝑠)⁡denoting the linear basis function associated with the 𝑖-th mesh node. This formulation 
transforms the continuous spatial domain into a discrete dependency structure defined over mesh 
nodes. 

Within the finite element framework, two fundamental matrices characterize the mesh 
geometry and the differential operator of the SPDE. The mass matrix 𝑀, representing inner products 
of basis functions, is given by 

𝑀𝑖𝑗 = ∫𝜙𝑖
Ω

(𝑠) 𝜙𝑗(𝑠) 𝑑𝑠, 

 
while the stiffness matrix 𝐾, encoding the Laplacian operator (Δ), is defined as 

𝐾𝑖𝑗 = ∫∇
Ω

𝜙𝑖(𝑠) ⋅ ∇𝜙𝑗(𝑠) 𝑑𝑠. 

 
The combination of these matrices forms the basis of the Matérn operator in the SPDE 

formulation. The resulting precision matrix 𝑄 exhibits a sparse structure, such that each node 
interacts only with its immediate neighbors within the same triangular elements. Non zero entries 
in 𝑄 therefore occur exclusively between geographically adjacent nodes, reflecting localized spatial 
dependence. Diagonal elements of 𝑄 quantify uncertainty in risk at a given location, whereas 
negative off diagonal elements indicate that changes in risk at one node directly influence its nearest 
neighbors. The precision matrix governs how dengue risk is distributed, propagated, and spatially 
correlated across the continuous domain of Kendari City, providing a mechanistic representation of 
local dependence and spatial diffusion within the SPDE-INLA framework. 

The spatial mesh constitutes a core component of the SPDE framework, as it defines the 
numerical representation of the study domain. In this study, the mesh was constructed using 
administrative boundaries as the inner domain and extended by an outer buffer of approximately 5 
km to mitigate boundary effects. An adaptive triangulation strategy was adopted, with finer 
elements in densely populated areas such as Kendari Barat, Kadia, and Poasia districts to enhance 
predictive resolution, and coarser elements in coastal and vegetated regions including Abeli and 
Nambo districts. Mesh density was aligned with local morphology and geomorphological contours, 
yielding a spatial representation that realistically reflects the underlying Matérn process. The SPDE 

operator (𝜅2−Δ)𝛼/2𝑢𝑠(𝑠) = 𝑊(𝑠) is governed by key parameters, where 𝜅 controls the spatial 

scale (inverse range), 𝛼 determines field smoothness, and 𝑊(𝑠) denotes Gaussian white noise. 
Within the Bayesian SPDE-INLA framework, spatial dependence is characterized through a Matérn 
predictors parameterized by 𝜅 and 𝜈. Larger values of 𝜅 induce more localized spatial structure, 
producing sharper risk contrasts between neighboring areas, whereas smaller 𝜅 values enhance 
long-range correlation, resulting in broader hotspots and smoother risk gradients. 

Kendari district exhibited the strongest spatial effect, acting as an epicenter of dengue 
transmission, likely driven by high population density, compact residential patterns, intense 
mobility, and limited green space [17]. Spatio-temporal effects peaked during December–February 
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(see Figure 3.2), consistent with dengue seasonality in humid tropical climates. Kendari Barat 
district showed persistently elevated risk throughout the year, forming a strong cluster with Kendari 
district, attributable to concentrated economic activity and dense settlement. Temporal effects 
intensified during the rainy season and persisted for several months, reflecting environmentally 
induced lag associated with the Aedes life cycle. 

Mandonga district exhibited moderate to high risk, with mixed commercial residential land 
use and population mobility emerging as dominant drivers, consistent with increased human vector 
contact. Peak risk occurred early in the year but declined more rapidly than in Kendari Barat district. 
Baruga district characterized by rapid land cover change, displayed unstable risk patterns with 
localized hotspots, showing high sensitivity to moderate rainfall and highlighting the influence of 
landscape transformation on Aedes habitats. Kambu districts experienced moderate risk during 
February–April, in line with the typical 2–6 weeks lag between rainfall and dengue incidence. 

Poasia district demonstrated elevated risk and spatial clustering with Kambu and Abeli 
districts, with heightened sensitivity to rainfall reflecting microenvironmental heterogeneity in 
newly urbanized areas. Abeli district, a semi-urban coastal district, exhibited moderate risk 
influenced by high humidity and seasonal surface water accumulation, consistent with dengue 
dynamics in tropical coastal settings. Nambo district, a sparsely populated coastal area, recorded 
the lowest risk, potentially due to sea breeze circulation reducing microscale humidity and 
constraining Aedes development. Kadia district showed moderate to high risk associated with 
population mobility and drainage related water pooling, with spatio-temporal peaks observed 
during February–March. Wua-Wua district displayed relatively stable moderate risk, with 
sensitivity to temperature and local vegetation affecting microhabitat humidity. Finally, Puwatu  
district, located in hilly terrain (50–200 m above sea level), exhibited negative spatial effects or 
comparatively low risk, consistent with evidence that increasing elevation limits Aedes survival. A 
comprehensive summary of dengue distribution across Kendari City is provided in Table 3.1. 

 
Table 3.1. Summary of district geographic characteristics and dengue risk zones in Kendari City 

Risk Zone Districts Characteristics 

High Risk 
Kendari, Kendari Barat, 
Mandonga, Poasia 

Dense urban settlements, rapid infrastructure 
development, and complex drainage systems 

Moderate Risk 
Baruga, Kambu, Abeli, 
Kadia, Wua-Wua 

Expanding residential areas with strong 
interactions between urbanization and 
environmental conditions 

Low Risk Nambo, Puwatu 
Open coastal environments and higher-
elevation terrain 

 

Spatial effects were estimated through the latent field 𝑢𝑠(𝑠), modeled as a GMRF using 
the SPDE discretization approach. The estimated spatial range was 𝜌 ≈ 11.5 km. Given that the 
geographic extent of Kendari City is approximately 20 km, this result ind icates that spatial 

dependence spans nearly the entire urban area. The posterior variance 𝜎2 ≈ 0.42 suggests 
substantial spatial heterogeneity, consistent with documented microenvironmental variability in 
dense urban settings. Prominent hotspots were identified in Kambu, Anduonohu, and Wua-Wua 
districts. Coastal areas such as Abeli district exhibited negative spatial effects, reflecting 
comparatively lower risk associated with microclimatic conditions less favorable to vector 
persistence. 
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Temporal effects 𝑢𝑡(𝑡) were modeled using a RW2, a standard formulation for capturing 
seasonal structure and long-term trends. Posterior estimates reveal a gradual increasing trend over 
the 2022–2024 period, with consistent seasonal peaks occurring between December to March, in 
line with the wet monsoon and established dengue seasonality across Southeast Asia. Enhanced 
temporal variability observed in 2023 is plausibly linked to ENSO/La Niña-related climate 
anomalies, which intensified humidity levels and surface water accumulation. 

The spatio-temporal interaction component 𝜔𝑠𝑡(𝑠, 𝑡) captured localized dynamics not 
explained by purely spatial or temporal terms, including pronounced case increases in Kambu and 
Anduonohu districts during early 2023. Incorporating this interaction substantially improved model 
performance, yielding a reduction in WAIC of approximately ΔWAIC≈ −63. Model performance 

was further assessed by comparing the SPDE-INLA specification against three baseline models a 
Poisson GLM, a discrete spatial CAR model, and a temporal RW2 model using WAIC and DIC 
criteria, as summarized in Algorithm 3.1. 

 
Algorithm 3.1 

Input:  
• DHF monthly data  

            dhf= {(𝑘𝑠,𝑡𝑡 , 𝑦𝑠𝑡)},𝑘𝑠 district 𝑠, 𝑡𝑡 time 𝑡, and   

           𝑦𝑠𝑡 ⁡is DHF cases  

• Environmental data per district 
env= {(𝑘𝑠,𝑡𝑡 , 𝑥𝑠𝑡)} 

• District shapefile of Kendari 
Data Pra-Processing  

• Convert time index to numeric variable: 
𝑡𝑗 ← as.numeric(as.factor(time)) 

 
• Data aggregate 

𝑦𝑠𝑡 = ∑𝑦𝑠𝑡  
 

• Merge the data into a district shapefile. 

• Transform the coordinate system to a metric CRS (UTM). 

• Assign the district numeric index. 
𝑠𝑑𝑠 = 1,2, … , 𝑛 

GLM Poisson 

• Parameter estimation  
𝑦𝑠𝑡 ∼ Poisson(𝜆𝑠𝑡),log⁡(𝜆𝑠𝑡) = 𝛽0 

 

• Extract the posterior mean 

𝑦̂𝐺𝐿𝑀 
CAR (ICAR) 

• Queen contiguity adjacency matrix. 

• Adjacency graph. 
log⁡(𝜆𝑠𝑡) = 𝛽0 +𝑢𝑠, 𝑢𝑠 ∼ 𝐼𝐶𝐴𝑅 

 

• Extract: 
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𝑦̂𝐶𝐴𝑅 
RW2 + ICAR 

• Add temporal effect RW2: 
log⁡(𝜆𝑠𝑡) = 𝛽0 +𝑢𝑠 +𝑢𝑡 

 

• Extract: 

𝑦̂𝑅𝑊2+𝐼𝐶𝐴𝑅 
 
SPDE Matérn 

• Construct a triangular mesh from the district centroids. 

• Define the Gaussian random field Matérn of SPDE. 

• Form the projection matrix A. 

• Estimate the model. 
log⁡(𝜆𝑠𝑡) 

• Extract 

𝑦̂𝑆𝑃𝐷𝐸 
Model evaluation and comparation 

 
The estimated of all evaluation criteria are summarized in Table 3.2. 

 
Table 3.2. Comparison of information criteria and predictive performance across models 

Model WAIC DIC RMSE MAE Spatial R² 

GLM Poisson 5132 4981 5.31 3.82 0.41 
CAR (ICAR) 4217 4039 3.47 2.51 0.61 
RW2 temporal 4478 4301 3.32 2.40 0.64 
SPDE + RW2 + interaction 3547 3481 2.41 1.33 0.82 

 
Model comparison results summarized demonstrate substantial performance gains 

achieved by the proposed SPDE-INLA framework. Relative to the Poisson GLM, all spatially or 
temporally structured models exhibit marked improvements, with the SPDE + RW2 + interaction 
specification yielding the lowest WAIC and DIC values alongside the strongest predictive accuracy. 
Notably, the reduction in WAIC exceeding 700 points relative to the CAR model highlights the 
advantage of SPDE in representing spatial dependence over continuous domains. 

While CAR models constrain spatial dependence to administrative units, producing 
blocklike risk patterns aligned with district boundaries, the SPDE formulation operates on a 
continuous spatial domain, allowing it to capture fine scale local variation consistent with 
ecological mechanisms of vector dispersal. By leveraging a geometry based triangulated mesh, 
SPDE effectively generalizes spatial patterns and reproduces smoothly varying risk surfaces.  

The SPDE based model achieved the highest spatial predictive performance, with a Spatial 

𝑅2of 0.82, substantially exceeding that of competing models. Prediction error was reduced by 
approximately 30% compared with the CAR specification. Moreover, the combined SPDE and 
RW2 temporal structure produced an RMSE of 2.41, markedly lower than that obtained from the 
RW2 only model (RMSE = 3.32). These results underscore the complementary contributions of 
continuous domain spatial modeling and nonparametric temporal smoothing in improving 
predictive accuracy across both space and time. 
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Spatial analysis revealed pronounced clustering of dengue risk, particularly in Kambu and 
Anduonohu districts, characterized by high residential density and accelerated urban expansion. 
This aligns with ecological indicating that urbanization intensity, housing density, and the 
abundance of domestic water containers are key drivers of Aedes aegypti proliferation. The spatial 
range estimated from the SPDE model was approximately 11 km, suggesting that dengue risk at a  
given location remains influenced by surrounding environmental conditions within this radius. 
Such spatial dependence is consistent with population mobility patterns and the structural 
configuration of urban space. 

The observed spatial correlation likely reflects multiple interacting ecological mechanisms, 
including surface water flow and drainage networks, land use transitions, and microenvironmental 
changes induced by urban densification. High risk zones were primarily concentrated in the 
northern to central parts of Kendari City, whereas several western areas exhibited comparatively 

lower risk levels (Figure 3.6).  
Figure 3.6. Kendari City Relative risk map of DHF (SPDE) 

 
Dengue control strategies in Kendari City should be implemented in a spatially explicit and 

targeted manner. Districts exhibiting high risk and steep contour gradients in the urban core, namely 
Kendari Barat, Kendari, Kadia, Mandonga, Baruga, Kambu, and Wua-Wua districts are 
recommended as primary priority zones for strengthening vector surveillance. Interventions in these 
areas should emphasize intensified household-based source reduction and larval source 
management, including the elimination of water-holding containers, improved solid waste 
handling, and enhancement of local drainage systems. Within hotspot areas characterized by closed 
risk contours, control efforts can be further refined at a microspatial scale (approximately 100–300 
m) through case triggered selective fogging, complemented by environmental contact tracing to 
disrupt localized transmission pathways. 

In moderate risk zones, interventions should focus on sustained preventive measures, such 
as community behavior change programs (3M Plus), routine monitoring of larval indices, and the 
integration of environmental health initiatives with residential planning. Low risk districts may 
function as buffer zones through the reinforcement of climate informed early warning systems and 
enhanced passive surveillance capacity, enabling early detection of potential spatial expansion from 
urban centers. The modeling results also support the implementation of cross sectoral strategies, 
including the restructuring of densely populated neighborhoods, improvements in sanitation 
infrastructure, and the management of urban green spaces as part of long-term mitigation efforts. 
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The continuous risk surface extending beyond administrative boundaries highlights the necessity 
of inter district coordination, particularly along corridors with pronounced risk gradients. Beyond 
improving hotspot delineation, the SPDE framework provides a quantitative foundation for 
adaptive, efficient, and sustainable intervention planning (Table 3.3). 

 

Table 3.3. Risk levels and recommended intervention strategies by district 

District Risk Level Primary Interventions Intervention strategy 

Kendari 
Barat 

Very High 

Hotspot-focused 
fogging, intensified 
source reduction (PSN), 
environmental contact 
tracing 

• Household source reduction (PSN): 
October–November 

• Fogging: onset of peak rainfall (December–
January) 

• Weekly monitoring throughout the rainy 
season 

Kendari Very High 
Household-based PSN, 
weekly larval 
surveillance 

• PSN initiated 1–2 months prior to rainy 
season 

• Active surveillance during December–
March 

Kadia High 
Selective fogging, solid 
waste management 

• Fogging during early case escalation 

• Routine waste management year-round 

Mandonga High 
Community education 
and community health 
worker engagement 

• Intensive education before rainy season 

• Strengthening community volunteers 
during wet months 

Baruga High 
Drainage improvement 
and larval control 

• Drainage normalization: September–
November 

• Larviciding: December–February 
Kambu High Microclimate monitoring Continuous surveillance 

Wua-Wua High Early case detection 
Active screening at the start of rainy season 
and during relative risk surges 

Abeli Moderate 
Preventive source 
reduction (PSN) 

PSN before rainy season, repeated every two 
months 

Poasia Moderate 
Behavioral change 
campaigns 

October–November campaigns with 
reinforcement in January–February 

Puwatu Moderate Larval index monitoring Assessments during rainy season 
Lalodati Low Passive surveillance Quarterly evaluations 

Soropia Low 
Buffer-zone monitoring 
(case migration tracking) 

Intensified when neighboring subdistricts 
report rising cases 

Sampara Low 
Climate-informed early 
warning 

Activation of early warning systems during 
increases in urban core relative risk 

 

 

4. CONCLUSION AND FUTURE RESEARCH 
Study findings reveal pronounced spatio-temporal heterogeneity in DHF risk across Kendari City, 
with the highest accumulation of risk concentrated in the urban core and along major urban 
corridors. The Bayesian SPDE–INLA framework consistently outperformed GLM, ICAR, and 
RW2 models in capturing spatial dependence and continuous risk gradients.  Estimated RR 
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identified Kendari Barat and Kendari districts as the primary transmission epicenters. Kadia, 
Mandonga, Baruga, Kambu, and Wua-Wua districts were classified as higher risk areas, whereas 
Abeli, Poasia, and Puuwatu districts exhibited moderate risk levels. In contrast, Lalodati, Soropia, 
and Sampara districts demonstrated comparatively lower relative risk. Risk contour visualizations 
revealed distinct spatial clusters aligned with patterns of urban expansion and residential density, 
highlighting the role of inter district connectivity in shaping dengue transmission dynamics. 
Integrating RR estimates with intervention timing enabled the formulation of spatially targeted 
control strategies. In epicentral zones, priority should be given to PSN beginning in October–
November, followed by reinforcement during peak rainfall in December–January. High-risk 
districts require tailored, integrated measures, including selective fogging (Kadia), community  
education (Mandonga), intensive larval control during December–February (Baruga), microclimate 
monitoring (Kambu), and active case screening at the onset of the rainy season (Wua-Wua). For 
moderate risk areas, interventions should emphasize preventive PSN, strengthened behavioral 
education, and periodic monitoring of larval indices. Low risk districts are best managed through 
enhanced passive surveillance, development of climate informed early warning systems, and 
establishment of buffer zones to mitigate spatial spillover from urban centers.  Future work will 
extend the SPDE–INLA framework by integrating mechanistic human vector transmission models, 
such as SIR–SI or SEI–SEIR structures. In addition, Bayesian predictive control scenario 
simulations may be employed to evaluate the relative effectiveness of alternative interventions prior 
to field implementation, with outputs subsequently incorporated into a real time spatial dashboard 
linked to routine surveillance systems. 
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