
Abstract 

Dengue Haemorrhagic Fever (DHF) remains a public health burden in Indonesia with substantial provincial variation. We modelled 
province-level DHF counts in 2023 using Bayesian spatial conditional autoregressive Poisson models with population offsets. 
Predictors were average annual temperature (per 1°C) and the number of public health workers (province-level count). Spatial 
dependence was supported by Moran’s I=0.4689 (p=0.021). We fitted models using Besag-York-Mollié (BYM) and Leroux priors 
via Markov chain Monte Carlo and compared fit using the Deviance Information Criterion  (DIC) and the Watanabe–Akaike 
Information Criterion (WAIC). In the BYM model, temperature was associated with lower risk (RR=0.90; 95% CrI: 0.76 to 1.07), 
with uncertainty including unity, whereas workforce density was associated with higher reported risk (RR=1.05; 95% CrI: 1.03 to 
1.07). Estimates were similar under the Leroux prior (temperature RR=0.89; 95% CrI: 0.74 to 1.07; workforce RR=1.04; 95% CrI: 
1.02 to 1.07), and BYM showed marginally better fit. Risk mapping indicated elevated burden in parts of Kalimantan and eastern 
Indonesia. Findings may inform geographically targeted surveillance and vector control; the workforce association should be inter-
preted cautiously because it may reflect reporting capacity or reactive deployment.
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Introduction 
Dengue Haemorrhagic Fever (DHF) remains a major public 

health concern in Indonesia. As an archipelagic country with wide 
differences in climate, urbanisation and connectivity, Indonesia 
shows clear geographic differences with regard to dengue burden 
(Aswi et al., 2020). Provinces can vary greatly in incidence within 
the same year, so a uniform, ‘one size fits all’ control approach can 
spread efforts too thin in high-risk areas and spend too much where 
risk is lower. 

Risk mapping helps turning routine surveillance counts into 
practical signals for decision-makers. In Indonesia, two research 
gaps remain: the geographic and the methodological one. First, 
national scale dengue risk maps that allow direct comparison 
across all provinces within one consistent modelling framework 
are still limited. Many studies focus on selected regions, particular 
cities or short time periods, so they do not support prioritisation 
across provinces. Second, even when spatial models are used, stud-
ies rarely check how sensitive the risk pattern is to the choice of 
Conditional Autoregressive (CAR) priors (spatial smoothing 
assumptions). This is important because different CAR choices can 
lead to different levels of smoothing, different views of clustering, 
and different uncertainty, which can affect which provinces are 
labelled “high risk” for policy action (Franco-Villoria et al., 2022). 
This study addresses both gaps using a national scale modelling 

setup designed for a fair, like for like comparison. We analysed 
dengue case counts from all 34 Indonesian provinces in 2023 using 
a Bayesian hierarchical Poisson model with a population offset, 
and we produced province specific estimates of relative risk using 
the same data structure and covariates. Spatial dependence was 
modelled using two widely used CAR specifications, the Besag–
York-Mollié (BYM) model and the Leroux model (Lee, 2011), fit-
ted with identical covariates and estimation settings. The key 
methodological feature is that we keep the data, covariates and 
other model parts the same, so any differences in the national risk 
maps can be linked to the CAR choice rather than to changes in 
inputs or model components (Lee et al., 2018). 

The outputs include province level posterior relative risk esti-
mates, credible intervals (Bayesian uncertainty ranges) and proba-
bility-based flags such as the posterior probability that relative risk 
exceeds 1 (Jaya et al., 2023). These outputs support practice in 
three concrete ways. For targeted surveillance, provinces with high 
estimated risk and high exceedance probability can be prioritised 
for stronger case finding, reporting checks and expansion of sen-
tinel sites, while wide uncertainty can indicate where surveillance 
needs to be strengthened before major operational changes are 
made (Nazia et al., 2022). For vector control, the maps help focus 
larval source management and adult mosquito control in provinces 
that show consistently higher risk under both CAR priors, which 
offers a practical definition of “robust priority areas.” For resource 
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allocation, risk and uncertainty together can guide how diagnos-
tics, outbreak response teams and workforce capacity are 
deployed, and also support transparent decisions by showing 
where evidence is strong and where it remains uncertain. In this 
way, the study provides a nationally comparable risk map for 
Indonesia and an explicit sensitivity check that shows how stable 
policy relevant conclusions are under different CAR priors (Palmí-
Perales et al., 2021; Yanuar, Abrari, Zetra, et al., 2023). 

 
 
 

Materials and Methods 

Data and study area 
This cross-sectional ecological study covered all 34 provinces 

of Indonesia using 2023 data. The primary outcome was the annual 
number of dengue cases in province i (Yi), aggregated from the 
monthly national dengue surveillance database of the Ministry of 
Health. Population projections for 2023 from Statistics Indonesia 
were used to compute expected cases via indirect standardisation: 
Ei=Pi × r, where Pi is the projected population and r=ΣiYi/ ΣiPi is 
the national 2023 incidence rate. In the Poisson log-linear model, 
log(Ei)  was included as an offset with its coefficient fixed at 1. 
Prior to model fitting, we evaluated collinearity between the 
covariates using the Variance Inflation Factor (VIF); a diagnostic 
that measures how much the variance of a regression coefficient is 
inflated due to correlations among predictors. We used a rule-of-
thumb threshold of VIF > 5 to indicate potentially problematic 
multicollinearity. Two key covariates were selected based on their 
established relevance in dengue epidemiology. First, the average 
annual temperature (°C) was included as a proxy for environmen-
tal suitability for the Aedes aegypti vector, with data obtained from 
the Meteorological, Climatological and Geophysical Agency 
(BMKG) of Indonesia (http://wis.bmkg.go.id/openwis-user-por-
tal/srv/en/about.home). Second, the number of public health work-
ers (province-level count) was included as a proxy for surveillance 
and reporting capacity across provinces. This variable was derived 
from the Ministry of Health’s annual health profile report. The spa-
tial framework was delineated using a digital polygon map of the 
34 provincial boundaries. The detail descriptive statistics about 
these candidate variables are presented in Table 1.From Table 1, it 
is apparent that the mean of DHF cases for 2023 in all provinces in 
Indonesia was 3,644 cases. Gorontalo Province had the lowest 
number of cases (683) and West Java Province  the highest 
(19,328). 

Spatial dependency assessment 
To formally quantify the degree of spatial clustering in dengue 

case, a preliminary spatial analysis was performed. A spatial 
weights matrix (W) was constructed based on a first-order queen 
contiguity criterion, where two provinces were considered neigh-
bours if they shared a common border or vertex (Jaya et al., 2023; 
Yanuar, Abrari,  Hg, 2023). This binary matrix was then row-stan-
dardized to ensure that the weights for each province summed to 
one (Lee, 2011). We then calculated the global Moran’s I statistic 
to test the null hypothesis of spatial randomness in the 
Standardised Incidence Ratios (SIRs) of DHF across provinces 
(Lee et al., 2018). A statistically significant and positive Moran’s I 
value would confirm the presence of positive spatial autocorrela-
tion, thereby justifying the application of spatial regression models 
(Leroux et al., 2000; Yanuar, Abrari, Rahmi, Zetra, 2023). 

Bayesian spatial modelling framework 
In spatial regression, residual spatial autocorrelation often arises 
when observations are geographically dependent, violating the 
independence assumption of classical regression. Such correlation 
typically results from environmental effects (units influenced by 
neighbouring areas) or grouping effects (similar units clustering 
together) (Aswi, Cramb, Duncan, et al., 2020; MacNab, 2022).  

To model the provincial DHF case counts while accounting for 
spatial dependence, we employed a Bayesian Spatial Conditional 
Autoregressive (BSCAR) framework. The observed number of 
DHF cases (yi) in each province i was assumed to follow a Poisson 
distribution, conditioned on an expected number of cases (Ei) and 
a relative risk (θi) (MacNab, 2022; Sukarna et al., 2025; Yanuar et 
al., 2025). 

Offset formulation: We parameterised the Poisson mean as 
μi=Ei ri, where ri is the province-specific relative risk. 
Equivalently, the linear predictor can be expressed as 
log(μi)=log(Ei) + α + β1x1i + β2x2i + φi, so log(Ei) enters the model 
as an offset with its coefficient fixed at 1. This adjustment accounts 
for population size differences across provinces, so covariate and 
spatial effects capture departures from the national baseline risk. 

 

                                                        (Eq. 1) 
 
for the ith area, i=1,…,n. The model was specified on the log scale 
as follows: 
 

                                 (Eq. 2) 
 
where β0 represents the overall log relative risk for the entire study 
area; xi1 and xi2 are the province specific covariates (temperature 
and health worker density, respectively); β1 and β2 their corre-
sponding regression coefficients; ψi  a spatial random effect that 
captures latent, unobserved spatial heterogeneity not explained by 
the covariates (Yanuar et al., 2023). This component is crucial for 
borrowing strength from neighbouring provinces to produce more 
stable and reliable risk estimates, a hallmark of modern disease 
mapping (Leroux et al., 2000). The formulation above allows the 
model to capture both fixed effects of covariates and latent spatial 
processes that may drive clustering in disease risk, thereby improv-
ing the accuracy and interpretability of risk estimates in spatial epi-
demiology. 

Conditional autoregressive (CAR) priors 
We compared two distinct prior specifications for the spatial 

random effect term, ψi, which are prominent in the spatial epidemi-
ology literature: the BYM model and the Leroux CAR model. 

The BYM model is a widely adopted specification that decom-
poses the spatial random effect, ψi, into two components: 

 

                                                        (Eq. 3) 
 

where ui represents a spatially structured effect, which captures 
spatial correlation among neighbouring provinces and is assigned 
an Intrinsic CAR (ICAR) prior (Nazia et al., 2022) and  an unstruc-
tured random effect, assumed to be independent and identically 
distributed (e.g., vi  ~ N(0 ,σν

2), which accounts for non-spatial het-
erogeneity or overdispersion (MacNab, 2022). This dual compo-
nent structure provides a flexible approach to modelling different 
sources of variation in disease risk (Palmí-Perales et al., 2021). 
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This model has been applied extensively to binomial, Poisson and 
zero-inflated Poisson data, particularly in disease mapping studies, 
due to its ability to capture heterogeneity across regions (Lee et al., 
2018). The hypotheses model for CAR BYM model is as presented 
in Eq. (3). An ICAR prior was assigned to , such that 

 

                              (Eq. 4) 
 

where the variance components σu
2 and σν

2 were endowed with 
weakly informative priors, specified as InverseGamma distribu-
tions (1, 0.01), consistent with the default hyperprior parameteriza-
tion implemented in CARBayes. 

To improve flexibility, Leroux et al. (2000) proposed an alter-
native CAR specification with a spatial dependence parameter, ρ, 
bounded between 0 and 1. When ρ  approaches 1, strong spatial 
correlation is present, resembling the BYM model, while values 
near 0 indicate little to no spatial dependence. This formulation 
provides more stable parameter estimation and improved inter-
pretability compared to BYM, particularly for health applications. 

While the BYM CAR model incorporates two distinct random 
effect components, the Leroux specification employs only a single 
spatial random effect, ui. The hypothesis model for Leroux CAR 
model is presented by: 

 

                     

(Eq. 5)

 
 
where hyperpriors are given by σu

2∼InversGamma (1 , 0.01) 
and ρ∼Uniform (0, 1). 

Model implementation and comparison 
Posterior inference for all models was conducted using 

Markov Chain Monte Carlo (MCMC) simulation, implemented in 
R software with the CARBayes package (Lee, 2013). Vague (dif-
fuse) normal priors were assigned to all fixed effect coefficients 
(β2), while the standard Inverse-Gamma (1, 0.01) hyperpriors were 
specified for the variance components. Two parallel MCMC chains 
were run with 500,000 iterations, following a burn-in period of 
100,000 iterations, applying a thinning interval of 200 to reduce 
autocorrelation in the posterior samples. Model convergence was 
assessed through visual inspection of trace plots and by ensuring 
the Gelman-Rubin diagnostic (Brooks & Gelman, 1998). Model 
performance and fit were rigorously compared using the Deviance 
Information Criterion (DIC) and the Watanabe-Akaike Information 
Criterion (WAIC). Both criteria balance model fit against complex-
ity, with lower values indicating a more parsimonious and better-
fitting model. The model with the superior fit was subsequently 
used for generating the final spatial risk estimates. 

 
 
 

Results  
Before presenting the model-based risk estimates, we first 

summarised the observed provincial distribution of dengue 
incidence and its bivariate patterns with key environmental 
variables. This descriptive overview provides context for the 
subsequent spatial modelling results and helps clarify where the 
raw burden is concentrated in the 2023 cross-section. 

Figure 1 shows that the DHF incidence was highest in 
Kalimantan, led by Central Kalimantan (about 174 cases per 
100,000), followed by West Kalimantan (about 160), East 
Kalimantan (about 143), and North Kalimantan (about 135). North 
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Sulawesi was the next highest province, remaining below 100 per 
100,000. Several populous provinces recorded large absolute case 
counts but moderate incidences; for example, West Java had the 
largest number of cases but an incidence of around 39 per 100,000, 
while Jakarta was about 37 per 100,000. 

Figure 2a indicates a moderate negative bivariate association 
between average temperature and dengue incidence in this cross-
section. This pattern should be interpreted cautiously because rain-
fall alone may not capture key drivers of transmission, including 
water storage practices, urban density, housing conditions, and 
local vector control. Figure 2b shows little evidence of a positive 
relationship between average temperature and incidence across 
provinces in 2023. 

To ensure that subsequent regression estimates were not com-
promised by strong correlations among predictors, we screened the 
covariates for collinearity using VIF, which quantify the extent to 
which predictor correlations inflate coefficient uncertainty. The 
VIF values were essentially 1 for both predictors, with the average 
annual temperature (X1)=1.000194 and the number of public health 
workers (X2)=1.000194, indicating negligible collinearity and vir-
tually no inflation of coefficient variance. Thus, the estimated 
covariate effects were unlikely to be distorted by multicollinearity. 
Beyond covariate relationships, the dengue incidence may also 
exhibit geographic clustering that cannot be captured by non-spa-
tial models. Accordingly, we tested spatial dependence using 
Moran’s I, which in this study was 0.4689 with p= 0.021 
(α=0.05), indicating statistically significant spatial autocorrelation 
across provinces and motivating the use of spatial random effects. 

Model BSCAR DHF cases in Indonesia 
We fitted Bayesian spatial conditional autoregressive (CAR) 

models and report results under the two common priors: BYM and 
Leroux. Parameter estimates based on BSCAR BYM model are 
presented in Table 2. 

Based on the estimated model provided in Table 2, the pro-
posed model based on BSCAR BYM was the following: 

 

 (Eq. 6) 

The BSCAR BYM model revealed several important determi-
nants of dengue incidence across the Indonesian provinces. The 
estimated coefficient for the average annual temperature (X1) was 
negative (−0.1054) suggesting a 10% reduction in dengue inci-
dence for each one-degree Celsius increase after adjusting for 
other covariates. However, the 95% Credible Interval (CI) includ-
ed zero implying that this association was not statistically signifi-
cant within the model’s uncertainty range. In contrast, the number 
of public health workers (X2) exhibited a small but statistically sig-
nificant positive effect (0.0005) corresponding to an approximate 
0.05% increase in the mean number of cases per additional health 
worker. This finding should be interpreted cautiously as it likely 
reflects a reactive allocation of health resources to high-burden 
provinces rather than a causal effect whereby additional health 
workers increase case counts, a phenomenon consistent with 
reverse causality. The structured spatial variance was noticeably 
larger than the unstructured variance indicating that a substantial 
share of residual heterogeneity was spatially correlated rather than 
independent noise. 

Estimation under the BSCAR Leroux model (Table 3) yielded 
comparable results, with the health worker variable again positive-
ly associated with dengue risk. The spatial dependence parameter 
ρ was estimated at approximately 0.68, indicating moderate spatial 
correlation across provinces. This supports the interpretation that 
dengue risk in Indonesia is shaped by both local conditions and 
regional spillover effects. 

Based on the parameter estimates reported in Table 3, the pro-
posed model under the BSCAR Leroux specification can be 
expressed as follows: 

 

 (Eq. 7) 
 
The results of the Bayesian spatial Leroux model demonstrate 

a clear and statistically significant spatial structure in dengue inci-
dence across Indonesian provinces. The estimated coefficient for 
average annual temperature (X1=-0.1114) suggests a negative asso-
ciation with dengue incidence, implying roughly a 10% reduction 
in expected cases per one-degree Celsius increase, although the 
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Figure 2. DHF incidence in relation to temperature and the number of public health workers by province in the year 2023.



95% CI includes zero, which indicates that this effect is not statis-
tically conclusive. In contrast, the number of public health workers 
(X2= 0.0004) was positively and significantly associated with 
dengue incidence, although the magnitude was small (about 0.04% 
per additional worker). This result is best interpreted as evidence 
of a reactive allocation of health resources to high-burden areas 
rather than a causal driver of increased case counts. The posterior 
mean of the spatial variance component (σu

2=0.5451) confirms sub-
stantial spatial heterogeneity, and the spatial dependence parameter 
(ρ=0.6946) indicates moderate-to-strong spatial autocorrelation, 
suggesting that neighbouring provinces exhibited correlated risk 
patterns. Collectively, these findings highlight the importance of 
spatially explicit modelling for accurately characterizing disease 
risk and support geographically targeted surveillance and interven-
tion strategies. 

Model fit was compared using both DIC and WAIC, where 
smaller values indicate better expected out-of-sample perfor-
mance. The BYM specification yielded marginally lower DIC and 
WAIC than the Leroux specification (DIC: 316.87 vs 317.50; 
WAIC: 309.84 vs 310.66). However, the absolute differences were 
very small (less than 1 point for both criteria) indicating that the 
two CAR priors provide essentially comparable fit for these data. 
Therefore, substantive conclusions about spatial risk patterns and 
covariate associations were unlikely to be sensitive regardless 
which approach was used, and the choice between BYM and 
Leroux can reasonably be guided by interpretability and reporting 

preference rather than fit alone. This result is broadly consistent 
with the parameter estimates reported earlier, where both models 
produced similar covariate effects and confirmed the presence of 
significant spatial heterogeneity. The slightly better performance 
of the BYM specification may reflect its ability to decompose spa-
tial random effects into structured (ui) and unstructured (vi) compo-
nents, thereby providing a more flexible representation of residual 
variability. Nevertheless, the difference between the two models 
was relatively small indicating that both models adequately cap-
ture the spatial dependence structure. For policy and communica-
tion purposes, the Leroux model remains attractive due to its par-
simony and interpretability, even if the BYM model exhibits a 
minor advantage in terms of information criteria. 

 

Spatial risk estimates 
Province-specific risk was summarised using the Standardised 

Incidence Ratio (SIR), defined as , where Oi is the 
observed number of cases and Ei is the expected number of cases 
from indirect standardisation. Values above 1 indicate higher-than-
expected risk relative to the national baseline. Using the best-fit-
ting BYM model, province-specific SIRs were estimated and pre-
sented in Table 4. Elevated risks were observed in several 
provinces of the Kalimantan region (e.g. Central, East and North 
Kalimantan), where the SIR values exceeded 3.5, indicating more 
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Table 1. Descriptive statistics of the variables. 

Variable                                                          Mean              Minimum              Q1                  Median                        Q3               Maximum 

Number of DHF case (Y)                                          3,644                        683                     1,302                      2,181                            4,366                    19,328 
Average annual temperature (X1)                             28.54                      25.36                   27.91                      28.82                            29.25                     30.20 
Number of public health workers (X2)                   1,687.9                      318                     835,5                      1126                             2879                      4326 
DHF, dengue haemorrhagic fever; Q1 and Q2 denote the first and third quartiles, representing the 25th and 75th percentiles of the distribution, respectively. These statistics help 
describe the variability and distributional pattern of the observed values across provinces. 

Table 2. Parameter estimated for number of DHF cases using the BSCAR BYM model. 

Variable                                                                   Estimated Mean                        Lower Bound                               Upper Bound 

Intercept                                                                                        9.7589*                                             4.7485                                                  14.5776 
Average annual temperature (X1)                                                 -0.1054                                            -0.2749                                                  0.0703 
Number of public health workers (X2)                                        0.0005*                                             0.0003                                                   0.0007 
σu

2                                                                                                                                                                  0.5266*                                             0.0458                                                   1.0351 
σv

2                                                                                                                                                                   0.0310*                                             0.0023                                                   0.2603             
*Posterior probability of the coefficient being above (or below) 0 exceeds 0.95. 

Table 3. Parameter estimated for number of dengue risk using BSCAR Leroux Model. 

Variable                                                                   Estimated Mean                        Lower Bound                               Upper Bound 

Intercept                                                                                      10.2593*                                            5.2154                                                  15.6498 
Average annual temperature (X1)                                                 -0.1114                                             -0.3027                                                  0.0671 
Number of public health workers (X2)                                        0.0004*                                             0.0002                                                   0.0007 
σu

2                                                                                                                                                                  0.5451*                                             0.3081                                                   0.9540 
ρ                                                                                                                                                                      0.6946*                                             0.3317                                                   0.9246             
*Posterior probability of the coefficient being above (or below) 0 exceeds 0.95. 



than threefold higher dengue incidence compared with expecta-
tion. These provinces, characterized by rapid urban expansion, 
environmental change, and uneven health infrastructure, appear 
particularly vulnerable. Other provinces such as Bengkulu, West 
Java and South Kalimantan also displayed excess risk, though at 
more moderate levels (SIR between 1.0 and 2.0). Conversely, 
provinces in Java (Central Java, Yogyakarta, East Java) and 
Lampung exhibited lower-than-expected risk (SIR < 0.6). 

 
 
 

Discussion 
The observed spatial clustering suggests that geographically 

targeted strategies are appropriate. Provinces with consistently 
high SIRs can be prioritised for intensified vector control, environ-
mental management, and community-based prevention. The posi-
tive association between health worker density and reported cases 
should be interpreted as a signal of surveillance and reporting 
capacity, or resource allocation responding to burden, rather than 
evidence of causation. This implies that comparisons of incidence 
across provinces should consider potential differences in detection 
and reporting alongside true transmission risk. 

These findings presented here align with previous Bayesian 
spatial analyses in Southeast Asia, which consistently demonstrate 
that dengue risk is unevenly distributed and strongly influenced by 
both ecological and health system factors (Aswi et al., 2020; Jaya 
et al., 2021; MacNab, 2022). This study provides, to our knowl-
edge, one of the first province-level Bayesian spatial dengue risk 
maps for Indonesia at the national scale, alongside a like-for-like 
sensitivity assessment to alternative CAR priors. 

This study is ecological, using province-level aggregates for a 
single year, so individual-level causal inference is not supported 
and ecological bias is possible. Reported case counts may be 
affected by underreporting and heterogeneous surveillance quality 
across provinces, which could partly explain the positive associa-
tion with health worker density. In addition, the covariate set was 
restricted and measured at coarse spatial and temporal resolution, 
so important drivers such as urbanisation intensity, housing and 
water storage practices, mobility, land use, and entomological 
indices were not directly captured. Future work should extend to 
multi-year spatio-temporal modelling, incorporate richer socio-
environmental and health-system covariates, evaluate alternative 
adjustments for reporting completeness and, where feasible, move 
to finer geographic units to support more operational targeting. 
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Table 4. Estimate for Standardised Incidence Ratios (SIRs). 

No.                                             Province                                               Yi
  ̂                                               Ei                                   SIRi 

1                                                            Aceh                                                    2178.65                                       2105.06                                  1.03* 
2                                                   North Sumatera                                           4576.97                                       5907.83                                   0.77 
3                                                    West Sumatera                                            1928.51                                       2210.53                                   0.87 
4                                                             Riau                                                    2152.36                                       2550.61                                   0.84 
5                                                            Jambi                                                   1413.66                                       1412.66                                  1.00* 
6                                                   South Sumatera                                           2982.64                                       3357.15                                   0.88 
7                                                        Bengkulu                                                 929.20                                         800.94                                   1.16* 
8                                                         Lampung                                                2179.87                                       3576.20                                   0.60 
9                                                       DKIJakarta                                               3907.91                                       4097.65                                   0.95 
10                                                      West Java                                              19325.02                                     19144.36                                 1.01* 
11                                                    Central Java                                              6660.01                                      14414.24                                  0.46 
12                                                   DIYogyakarta                                              702.45                                        1434.66                                   0.46 
13                                                       East Java                                                9399.26                                      15945.05                                  0.58 
14                                                         Banten                                                  4153.74                                       4725.66                                   0.87 
15                                                West Kalimantan                                          9001.30                                       2159.12                                  4.16* 
16                                              Central Kalimantan                                        4833.17                                       1064.99                                  4.53* 
17                                               South Kalimantan                                         3073.42                                       1621.19                                  1.89* 
18                                                 East Kalimantan                                          5589.83                                       1501.16                                  3.72* 
19                                               North Kalimantan                                          987.92                                         280.29                                   3.52* 
20                                                  North Sulawesi                                           2640.29                                       1029.58                                  2.56* 
21                                                Central Sulawesi                                          1803.83                                       1185.20                                  1.52* 
22                                                  South Sulawesi                                           2702.16                                       3594.74                                   0.75 
23                                              Southeast Sulawesi                                        1574.92                                       1055.51                                  1.49* 
24                                                      Gorontalo                                                 684.70                                         465.82                                   1.46* 
25                                                  West Sulawesi                                            1190.33                                        568.68                                   2.09* 
26                                                         Papua                                                    897.67                                        1721.17                                   0.52 
27                                                     West Papua                                               916.43                                         455.87                                   2.01* 
*high risk (SIR>1) 
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