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Abstract

This study applies and evaluates a Bayesian hierarchical lognormal model for dengue fever incidence
rates across 27 regencies/cities in West Java, Indonesia, from 2014 to 2022, while accounting for area-
level heterogeneity. Six predictors were considered: population density, population growth rate, net
enrollment rate at junior secondary education level, access to adequate sanitation, poverty rate, and
GRDP growth rate at constant prices. The model included area-specific random intercepts and random
slopes for year to represent differences in baseline incidence and temporal patterns. Prior sensitivity
was assessed using three scenarios for the predictor coefficients. The results showed that population
density had the clearest positive association with dengue incidence, whereas the other covariates did
not show clear independent effects based on posterior credible intervals. Random-effect estimates
indicated stronger area-level heterogeneity in baseline incidence than in temporal trends. Evaluation
on the 2022 testing data yielded MAE and RMSE values of 32.38 and 51.57, respectively, indicating
moderate predictive performance. These findings suggest that Bayesian hierarchical modeling is useful
for describing regional heterogeneity, although additional spatial, climatic, or temporal components
may improve predictive accuracy.
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1. INTRODUCTION

Dengue fever remains a recurring public health problem in Indonesia, particularly in West Java.
Previous studies have shown that dengue incidence in West Java varies across regencies/cities and
over time, with evidence of temporal trends, spatial clustering, and high-risk areas in densely
populated regions [1], [2]. These patterns indicate that dengue incidence should not only be
analyzed through average population-level associations, but also through a modeling framework
that can accommodate regional heterogeneity and temporal variation.

Several studies on dengue incidence in Indonesia have applied classical regression, mixed
models, time-series analysis, clustering, or spatial-temporal approaches to identify risk patterns
and associated factors [1], [3], [4], [5]. These studies provide important empirical evidence that
dengue incidence is related to regional conditions such as population density, sanitation,
education-related indicators, poverty, and other local socioeconomic or environmental factors [2],
[3]. However, many existing studies focus mainly on point estimates or local association patterns,
whereas uncertainty in area-level effects, prior sensitivity, and predictive validation are not
always discussed in detail.

Bayesian hierarchical models offer a relevant framework for this problem because they
allow fixed effects and random effects to be estimated jointly, quantify posterior uncertainty, and
represent unobserved heterogeneity across areas [6]. In epidemiological modeling, Bayesian
spatial and spatio-temporal models have been widely used to incorporate spatial or temporal
random effects, assess predictive uncertainty, and improve risk mapping [7], [8]. A systematic
review of Bayesian spatial and spatio-temporal models for dengue highlighted the importance of
model structure, prior specification, covariate selection, and opportunities for further
methodological development in dengue modeling [7].

In the Indonesian context, recent Bayesian dengue studies have increasingly considered
spatial and temporal structures, including Bayesian spatio-temporal models for dengue
prediction and risk mapping [8], [9]. Nevertheless, applications focusing on regency/city-level
dengue incidence in West Java using a Bayesian hierarchical lognormal model with area-specific
random intercepts and area-specific random slopes for year remain limited. Such a structure is
useful because the random intercept captures differences in baseline dengue incidence among
regencies/cities, while the random slope for year allows temporal patterns to vary across areas.

Therefore, this study applies and evaluates a Bayesian hierarchical lognormal model for
dengue incidence rates across 27 regencies/cities in West Java from 2014 to 2022. The model
includes six area-level predictors: population density, population growth rate, net enrollment rate
at junior secondary education level, access to adequate sanitation, poverty rate, and GRDP
growth rate at constant prices. Model evaluation is conducted through prior sensitivity analysis,
MCMC diagnostics, LOOIC, Pareto-k diagnostics, and predictive accuracy on the 2022 testing
data using MAE and RMSE [10].

2. METHOD
2.1. Data

This study used secondary panel data for 27 regencies/cities in West Java Province from
2014 to 2022, yielding 243 area-year observations. The response variable was the annual dengue
incidence rate, measured as the number of dengue cases per 100,000 population in each
regency/city. The explanatory variables consisted of population density, population growth rate,
net enrollment rate at junior secondary education level, household access to adequate sanitation,
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poverty rate, and gross regional domestic product (GRDP) growth rate at constant prices [11],
[12], [13], [14]. The complete list of variables used in this study is presented in Table 1.

Table 1. List of variables used in the study

Types of Variable in

Variables dataset Description Unit/Scale
Response IR Annual dengue incidence rate in each regency/city Cases per
100,000
population
Fixed pop_density Population density of each regency/city 1000 persons per
Effect km?
pop_growth Annual population growth rate Percent (%)
ner_junior Net enrollment rate at junior secondary education Percent (%)
level
Sanitation Percentage of households with access to adequate Percent (%)
sanitation
Poverty Percentage of population living below the poverty Percent (%)
line
GRDP_growth Growth rate of gross regional domestic product at Percent (%)
constant prices
Random Area Administrative area in West Java Province Categorical
Effect Year Observation year Time index,
2014 =0

The variables sanitation, ner_junior, and pop_density were divided by 10 to improve
numerical stability. All continuous predictors were then centered using the training-data means.
Regency/city was included as a random intercept to capture differences in baseline dengue
incidence across areas, while year was included as an area-specific random slope to capture
heterogeneity in temporal trends.

2.2 Research Model

In this study, the incidence rate of dengue fever was modeled using a Bayesian hierarchical
lognormal model. The model was specified based on a panel structure consisting of 27
regencies/cities observed annually from 2014 to 2022. The year variable was transformed into a
time index by subtracting 2014, so that T, = 0 corresponds to 2014 and T; = 8 corresponds to 2022.
The hierarchical model is written in Equation (1) [15].

log(th) =Nj¢ T &t
6

Njt = Bo+ ) BrXkje + Uoj + uq;T;
k=1
Sjt ~ N(O, UZ)

(qurulj)T ~N,(0,%,)

2
5 = To PToTy
u = 2
PToTy T1

Here, Y}, denotes the dengue incidence rate in regency/city j at year t, where j = 1, ...,27 and t =

ey

where

0,...,8. The term X, ;; denotes the k-th explanatory variable for regency/city j at year t. The
parameter f3; is the overall intercept, and [ represents the fixed effect of the k-th covariate. The
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term uy; represents the regency/city-specific random intercept, while u;; represents the
regency/city-specific random slope for year. The residual error is represented by ¢j;, and the
covariance matrix X, allows the random intercept and random slope for year to be correlated.
The Bayesian hierarchical model is completed by assigning prior distributions to the unknown
parameters. Prior distributions represent initial assumptions about the model parameters before
observing the data. Let

0 - {ﬁo, ...,ﬂ6,u1, ...,u27,2u, O-}

denote the set of unknown parameters in the model. The joint prior distribution can be written
as Equation (2).

6 27
p© =) | [p60 ] [p(w1z) pEIP@) @
k=1 j=1

where u; = (uoj,ulj)T.

Prior sensitivity was assessed using three scenarios that differed only in the prior scale
assigned to the predictor coefficients, while the priors for the intercept, random-effect standard
deviations, correlation matrix, and lognormal residual standard deviation were held constant.
Model 1 imposed stronger shrinkage toward zero, Model 2 represented an intermediate prior
specification, and Model 3 allowed more diffuse predictor effects. Because the lognormal model
is defined on the logarithmic scale, the priors for the intercept and predictor coefficients were
specified on the log-incidence-rate scale. The intercept prior was centered at 3.679, corresponding
to the logarithm of the median incidence rate in the training data. The random-effect correlation
matrix was assigned an LKJ(2) prior, providing mild regularization toward zero correlation
while allowing either positive or negative correlation. The prior specifications are summarized in
Table 2, and their implications for exp(fy) are illustrated in Figure 1.

Table 2. Prior specifications for each model scenario
Model 1:

Parameter Notation .. Model 2: Main  Model 3: Diffuse
Regularizing

Intercept Bo N(3.679,1.00%) N(3.679,1.00%) N(3.679,1.00%)
Predictor coefficients Br, k=1,..,6 N(0,0.05%) N(0,0.10%) N(0,0.30%)
SD of random intercept T t5(0,0.75) t3(0,0.75) t$(0,0.75)
SD of random slope for T, t5(0,0.15) t3(0,0.15) t7(0,0.15)
year
Correlation matrix of Ry LK](2) LKJ(2) LKJ](2)
random effects
Lognormal residual SD o t5(0,0.75) t5(0,0.75) t7(0,0.75)
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Model 3: Diffuse { e —

Model 2: Main < — o

Model 1: Regularizing +

05 06 07 08 09 10 11 12 13 14 15 16 1.7 18
Multiplicative effect on median incidence rate, exp(By)

Thick, medium, and thin intervals represent 50%, 80%, and 95% prior intervals, respectively.

Figure 1. Prior implications for predictor coefficients

Figure 1 shows that all three scenarios are centered around exp(f;) = 1, which corresponds
to no covariate effect. However, the scenarios differ in their dispersion. Model 1 has the narrowest
interval, indicating stronger shrinkage toward no effect. Model 3 has the widest interval, allowing
larger positive or negative covariate effects. Model 2 lies between these two scenarios,
representing an intermediate prior specification.

The incidence rate (IR) of dengue fever is defined as Equation (3).

the number of dengue fever cases
R= - x 100000 3)
total population

Because the incidence rate is a positive continuous measure, it was modeled using a lognormal
distribution. The probability density function is given by Equation (4).

2

1 (log Yii — 1 -t)

e e e I @
J

The likelihood function for the training data can be written as Equation (5).

1 (_ (log ¥y — th)2>

Y|9) = — ex
p(Y16) VeovZr p 557

(J,)ED¢rain

©)

where Dy, denotes the set of observations used for model fitting. In this study, the training
data consist of observations from 2014 to 2021, while the 2022 data were used for testing model
predictions.

The posterior distribution represents the updated distribution of the model parameters
after observing the data. Based on Bayes’ theorem, the posterior distribution is proportional to
the product of the likelihood and the prior distribution. Using the prior structure in Equation (2),
the posterior distribution can be written as Equation (6).

6 27
pOIY) < pr10)p(Bo) | [p8) | [p(w12) pEP@ ©)
k=1 j=1
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2.3 Analysis Data

The analysis was conducted using R version 4.3.2. The Bayesian hierarchical lognormal
models were fitted using the brms package [16], which interfaces with Stan through rstan. The
models were fitted using four chains, 10,000 iterations per chain, and 7,000 warm-up iterations.
The panelr [17] package was also used to support the management of panel data structures. The
overall data analysis procedure is presented in Figure 2.

Figure 2 presents the research flow used in this study. The analysis began with data
preparation and exploration, including checking and handling missing values when necessary.
The dataset was then split into training data from 2014 to 2021 and testing data from 2022. The
training data were used to specify and fit the Bayesian hierarchical lognormal model under
several prior distribution scenarios. Model performance was evaluated using LOOIC-based
criteria, and the selected model was then applied to testing data. Finally, predictive performance
was assessed using MAE and RMSE, followed by interpretation of the model results.

Raw Dataset
Data Exploration

| Missing value handling

No

Trammg Data

Testing Data
'l_:l

| \"Iod el Spemf ication

Implemematlon of Bayesian Customized Model
Hierarcical Model Implementation

Performance evaluation Model interpretation |

Figure 2. Research flow

3 RESULTS AND DISCUSSION

The research dataset contains information on dengue fever rates and several predictor
variables from 27 regencies/cities in West Java during 2014 to 2022. Figure 3 presents the annual
incidence rate patterns for each regency/city. The figure shows that dengue incidence varied
substantially across regions, both in terms of baseline levels and temporal fluctuations. Some
regencies/cities showed relatively stable patterns, whereas others experienced sharp increases or
decreases in certain years. These descriptive patterns provide an empirical motivation for using
a hierarchical model with regency/city-specific random intercepts and regency/city-specific
random slopes for year, allowing baseline incidence and temporal variation to differ across
regions.
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BOGOR CITY BOGOR REG. CIAMIS REG. CIANJUR REG. CIMAHI CITY CIREBON CITY

CIREBON REG. DEPOK CITY GARUT REG. INDRAMAYU REG. KARAWANG REG. KUNINGAN REG.

MAJALENGKA REG. PANGANDARAN REG. PURWAKARTA REG. SUBANG REG. SUKABUMI CITY SUKABUMI REG.

SUMEDANG REG. TASIKMALAYA CITY TASIKMALAYA REG.

Year

Figure 3. The time series data of the incidence rate in each regency/city

The MCMC diagnostics are summarized in Table 3. Overall, the posterior sampling
showed satisfactory convergence across the three prior scenarios. The maximum Rvalues ranged
from 1.001 to 1.004, which are very close to 1, indicating good convergence of the Markov chains.
The effective sample sizes were also sufficiently large, with minimum bulk ESS values above
2,200 and minimum tail ESS values above 4,000 across all models. In addition, no divergent
transitions were detected in any model. These results indicate that the posterior samples were
stable and reliable for subsequent inference and model comparison.

Table 3. MCMC diagnostics for the three prior scenarios
Min Bulk Min Tail Divergent

Model Prior scenario Max R ESS ESS transitions
Model 1 Regularizing prior 1.001 2239.81 4033.74 0
Model 2 Main prior 1.004 2284.88 4822.49 0
Model 3 Diffuse prior 1.002 2252.30 4277.51 0

After confirming MCMC convergence, model comparison was conducted using LOOIC
and predictive accuracy on the held-out 2022 testing data. LOOIC was used to assess expected
out-of-sample predictive performance, while Pareto-k diagnostic evaluated the reliability of the
PSIS-LOO approximation. Testing MAE and RMSE were then used to assess prediction accuracy
on unseen observations. Lower LOOIC, MAE, and RMSE values indicate better predictive
performance.

Table 4. Model comparison based on information criteria and testing accuracy

LOOIC Testin -

Model — PriorScenario g i mate SE MAE  RMSE k307
Model 1 Regularizing prior 2080.00 29.78 32.66 51.90
Model 2 Main prior 2080.99 29.76 32.38 51.57
Model 3 Diffuse prior 2082.42 29.63 32.02 50.76
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Table 4 shows that the three prior scenarios produced comparable predictive performance.
Model 1 yielded the lowest LOOIC, whereas Model 3 produced the lowest testing MAE and
RMSE. However, the differences were small. The LOOIC difference between Model 1 and Model
2 was only 0.99, which is negligible relative to the corresponding standard error of approximately
29.8. Similarly, the differences in testing MAE and RMSE among the three models were modest.
All models had no observations with Pareto-k > 0.7, indicating that the PSIS-LOO approximation
was stable across all prior scenarios. Therefore, there was no strong evidence that one prior
scenario clearly outperformed the others. Model 2 was retained as the main inferential model
because it represents the intermediate prior specification, balancing regularization and flexibility
while maintaining competitive performance across both LOOIC and testing-error metrics.
Accordingly, the posterior parameter estimates from Model 2 are reported in Table 5.

Table 5. Parameter estimation for Model 2
Estimate Est.Error 1-95%CI u-95%CI

sd(Intercept) (z4) 0.45 0.09 0.29 0.66
sd(year) (1) 0.06 0.03 0.00 0.13
Cor(Intercept, year) (p) 0.07 0.37 -0.67 0.76
Intercept (5,) 3.64 0.10 3.44 3.84
pop_density (B;) 0.13 0.03 0.08 0.18
pop_growth (5;) 0.03 0.07 -0.11 0.17
ner_junior (f3) 0.02 0.08 -0.14 0.19
sanitation (f5,) -0.02 0.04 -0.09 0.04
poverty (Bs) 0.05 0.03 -0.02 0.11
GRDP_growth () -0.02 0.02 -0.07 0.02
Sigma (o) 0.74 0.04 0.66 0.82

The posterior estimate of the random intercept standard deviation was 0.45, with a 95%
credible interval of [0.29, 0.66]. This result indicates meaningful variation in baseline dengue
incidence across regencies/cities on the log scale. In contrast, the random slope standard deviation
for year was smaller, with an estimate of 0.06 and a 95% credible interval of [0.00, 0.13], suggesting
that temporal trends varied only weakly across regions. The correlation between the random
intercept and random slope was uncertain, indicating no clear relationship between regional
baseline incidence and annual temporal change. These findings suggest that regional differences
in dengue incidence were more evident in baseline levels than in temporal trends, which is
consistent with previous studies reporting spatial variability in dengue incidence rates [18].

The fixed-effect estimates indicate that population density had the clearest positive
association with dengue incidence, as its 95% credible interval excluded zero. This finding is
consistent with previous dengue studies showing that densely populated areas tend to be
associated with higher dengue risk or exposure [19], [20]. Since the model is specified on the
logarithmic scale, the coefficient is interpreted on the log incidence-rate scale. Exponentiating the
estimate gives exp(0.13) = 1.14, suggesting that a 1,000 persons/km? increase in population
density from its centered value was associated with approximately 14% higher median dengue
incidence rate, holding other covariates constant. The remaining covariates had credible intervals
that included zero, indicating limited posterior evidence of independent associations after
accounting for area-level random effects. The residual standard deviation of the lognormal model
was estimated at 0.74, indicating remaining within-area and temporal variability not fully
explained by the observed covariates and random effects. Overall, these results suggest that area-
level heterogeneity in baseline dengue incidence was more pronounced than heterogeneity in
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temporal trends, and that population density was the most consistently supported covariate in
the model.

Table 6. Parameter estimation of random effect

Random Intercept Random Slope
Area Estimate Elii:r Q25 Q975  Estimate E]i:)r Q25 Q975
}S{ggDUNG BARAT 0.2615 0.2446  -0.2130 0.7404 -0.0211 0.0564 -0.1563 0.0779
BANDUNG CITY 0.1140 0.3111 -0.4824  0.7378 -0.0008  0.0520 -0.1104  0.1089
BANDUNG REG. 0.4342 0.2438 -0.0351 0.9187 0.0228 0.0566 -0.0799 0.1534
BANJAR CITY 0.5285 0.2608  0.0242  1.0575 -0.0276  0.0606 -0.1721 0.0745
BEKASI CITY -0.3327 0.2783  -0.8986 0.2046 0.0115 0.0549  -0.0958 0.1356
BEKASI REG. -0.3027 0.2819 -0.8707  0.2380 -0.0433  0.0629 -0.1931 0.0523
BOGOR CITY 0.0118 0.2527  -0.4875 0.5144 -0.0360 0.0588 -0.1801 0.0554
BOGOR REG. -0.0250 0.2460 -0.5094  0.4644 -0.0169  0.0545 -0.1446  0.0883
CIAMIS REG. -0.1254 0.2520 -0.6172 0.3652 0.0207  0.0543 -0.0787  0.1484
CIAN]JUR REG. -0.2495 0.2401 -0.7299  0.2098 -0.0018  0.0523 -0.1126  0.1098
CIMAHI CITY -0.0767 0.2935 -0.6561 0.5086 -0.0094 0.0528 -0.1271 0.0981
CIREBON CITY -0.3405 0.2748 -0.8903  0.1899 -0.0500  0.0660 -0.2088  0.0465
CIREBON REG. -0.0559 0.2486 -0.5527 0.4216 -0.0127  0.0519 -0.1311 0.0878
DEPOK CITY 0.2713 0.2795 -0.2626  0.8334 0.0063  0.0533 -0.1031 0.1219
GARUT REG. -0.1660 0.2399  -0.6392 0.2946 0.0173 0.0542  -0.0840 0.1443
INDRAMAYU REG. -0.4432 0.2688 -0.9933 0.0687 -0.0303 0.0590 -0.1716 0.0698
KARAWANG REG. -0.3547 0.2455 -0.8394  0.1232 -0.0113  0.0537 -0.1305  0.0969
KUNINGAN REG. 0.4174 0.2590 -0.0894 0.9395 -0.0267  0.0587 -0.1678 0.0743
MAJALENGKA REG. -0.1638 0.2495 -0.6663 0.3144 0.0444  0.0639 -0.0478  0.2009
PANGANDARAN REG. -0.2580 0.2467 -0.7431 0.2216 0.0591 0.0712  -0.0356 0.2298
PURWAKARTA REG. 0.2341 0.2488 -0.2441 0.7190 -0.0051 0.0530 -0.1224 0.1031
SUBANG REG. -0.2314 0.2492  -0.7298 0.2455 -0.0345 0.0593 -0.1762 0.0615
SUKABUMI CITY 0.7480 0.2641 0.2412 1.2786 -0.0122 0.0590 -0.1470 0.0992
SUKABUMI REG. -0.2812 0.2517 -0.7804 0.2060 -0.0149 0.0532 -0.1362 0.0875
SUMEDANG REG. 0.4927 0.2549  0.0151 1.0094 0.0163  0.0553 -0.0926  0.1420
TASIKMALAYA CITY 0.3929 0.2714 -0.1241 0.9423 0.0083 0.0544 -0.1033 0.1257
TASIKMALAYA REG. -0.6369 0.2549 -1.1416 -0.1439 -0.0528 0.0693 -0.2191 0.0496

Table 6 presents the area-specific random effect estimates from Model 2. The random
intercepts represent deviations of each regency/city from the overall baseline log incidence rate
after accounting for the observed covariates. Most regencies/cities had random intercept credible
intervals that included zero, indicating that their baseline incidence was not clearly different from
the overall average. However, Sukabumi City, Banjar City, and Sumedang Regency showed
positive random intercept estimates with 95% credible intervals above zero, suggesting higher
baseline dengue incidence than the overall average. In contrast, Tasikmalaya Regency had a
negative random intercept estimate with a 95% credible interval below zero, indicating lower
baseline incidence. Because the model was specified on the logarithmic scale, the random
intercept estimates can also be interpreted multiplicatively after exponentiation. For example, the
random intercept of Sukabumi City was 0.7480, corresponding to exp(0.7480) ~ 2.11, indicating
that its baseline median dengue incidence was estimated to be about twice the overall baseline
level, holding other covariates constant. Conversely, Tasikmalaya Regency had a random
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intercept of —0.6369, corresponding to exp(—0.6369) =~ 0.53, indicating a lower baseline
incidence than the overall average. The estimated random slopes for year were generally small,
and all corresponding 95% credible intervals included zero. This indicates limited posterior
evidence of strong area-specific differences in temporal trends. Therefore, the random effect
results suggest that heterogeneity in dengue incidence across West Java was more pronounced
in baseline incidence levels than in year-to-year temporal changes.

After evaluating the overall predictive accuracy, the prediction results were examined at
the regency/city level. Figure 5 compares the observed dengue incidence rates with the posterior
predictive mean estimates for each regency/city in the 2022 testing data. This comparison
highlights areas where the model performed well and areas where larger prediction errors
remained, providing additional insight into regional heterogeneity in dengue incidence.

Actual vs Predicted Values by Cluster

BANDUNG BARAT REG BANDUNG CITY BANDUNG REG BANJAR CITY BEKASI CITY BEKASI REG
.

i
N
i
il
\
i
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0C 300
SUMEDANG REG TASIKMALAYA CITY TASIKMALAYA REG \ i

<
g
AN

200 300
Actual Values

100 200 300 C 200
Figure 5. Predicted values for each regency/city

In Figure 5, the red line represents the ideal condition in which the predicted value equals
the observed value. Points close to this line indicate more accurate predictions, whereas points
far from the line indicate larger prediction errors. The results show that predictions were
reasonably close for several regencies/cities, but some regions displayed substantial
discrepancies. For example, in Tasikmalaya City, the predicted value was lower than the
observed value. This pattern explains why RMSE was larger than MAE, since RMSE is more
sensitive to large errors. These findings indicate that the model captures part of the regional
pattern of dengue incidence, but additional explanatory variables or more flexible temporal and
spatial structures may be required to improve prediction in areas with unusually high or low
incidence. This is consistent with Bayesian dengue modeling literature, which emphasizes the
importance of climatic variables, spatially structured random effects, and spatio-temporal
dependence in improving dengue risk modeling and prediction [21], [22].
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4 CONCLUSION

This study applied a Bayesian hierarchical lognormal model to analyze dengue fever
incidence rates across 27 regencies/cities in West Java from 2014 to 2022. The model incorporated
area-specific random intercepts and random slopes for year, allowing baseline incidence and
temporal variation to differ across regencies/cities. The results showed substantial area-level
heterogeneity in baseline dengue incidence, while the variation in year-specific slopes was
relatively weak. Among the six covariates considered, population density showed the clearest
positive association with dengue incidence, whereas population growth, junior secondary
education enrollment, sanitation, poverty rate, and GRDP growth rate did not show clear
independent effects based on their 95% credible intervals. The prior sensitivity analysis indicated
that the three prior scenarios produced comparable predictive performance. Model 2 was
retained as the main inferential model because it represented an intermediate prior specification
while maintaining competitive performance in terms of LOOIC and testing-error metrics. The
testing MAE and RMSE for Model 2 were 32.38 and 51.57, respectively, indicating moderate
predictive performance on the held-out 2022 data. These remaining prediction errors suggest that
although the model captured important regional heterogeneity, dengue incidence may also be
influenced by additional factors not included in the current model, such as climatic variables,
mosquito-vector indicators, spatial dependence, or more flexible temporal dynamics. Future
research may extend this framework by incorporating spatially structured random effects,
dynamic temporal components, and environmental covariates to improve predictive accuracy
and support more targeted dengue surveillance.
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