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 Pneumonia has a notable influence on public health, especially 
among susceptible demographics like children and the elderly. This 
respiratory disease can be transmitted through human interaction. 
Analyzing the spread of the illness within a community requires 
assessing the characteristics of the community itself. The objective of 
this research is to describe the distribution of pneumonia cases and 
their causes in the West Java Province using RStudio software. The 
analytical method employed is the Integrated Nested Laplace 
Approximations (INLA) approach, a Bayesian statistical method used 
for estimation in complex Bayesian models, particularly in 
hierarchical or nested structure. The sample utilized comprises the 
entire population, totaling 27 Districts/Cities within West Java 
Province. The influence of differences in population size, number of 
people living in poverty, waste production, the quantity of primary 
healthcare facilities, total number of vehicles, and the count of HIV 
patients in Cities/Regencies in West Java on the spread of pneumonia 
will be analyzed. The result of analysis show that the population and 
number of health centers variables had a significant influence on the 
mapping of pneumonia disease in each location. And also, the 
Relative Risk (RR) and Standardized Incidence Ratio (SIR) maps show 
that some regions have a higher risk of pneumonia compared to other 
regions. These findings are expected to provide insights for public 
policies in addressing health issues, particularly in the efforts to 
prevent and control diseases like pneumonia. Moreover, these results 
serve as a foundation for further studies regarding other factors that 
might contribute to the spread of this disease at the local level.  
 

http://ejournal.radenintan.ac.id/index.php/desimal/index 

INTRODUCTION 

Pneumonia has significant impact on 
public health, particularly among 
vulnerable groups such as children and 

the elderly (Sun, 2020). Pneumonia is a 
respiratory disease that can be spread 
through human contact (Chakraborty, 
2020). To understand how the 
distribution of the disease in the 
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community, it can be seen how the 
character of the community itself (Gajdács, 
2020). The deeper insight of how 
pneumonia distribute among community 
will support more effective planning of 
public health (Cillóniz, 2022). In this case, 
the character of the community chosen as 
an explanatory variable, namely 
differences in population size, number of 
people living in poverty, waste production, 
the quantity of primary healthcare 
facilities (Puskesmas), total number of 
vehicles, and the count of HIV patients 
(Wang, 2022). Statistical analysis will be 
conducted to evaluate whether there are 
correlations between these variables and 
the incidence of pneumonia in each city or 
district, with the hope that this research 
will offer a comprehensive insight about 
how pneumonia distribute in West Java 
Province (Zhong, 2021). The statistical 
analysis used is a spatial Bayesian model 
with INLA (Satria, 2021). INLA is a 
statistical method used to estimate 
complex hierarchical or Bayesian models 
(Gómez, 2020). INLA approach is highly 
beneficial for understanding the spread of 
a disease, especially infectious diseases 
significantly influenced by their 
surrounding environments, such as 
pneumonia (Soh, 2022). Proximity to an 
affected area increases the risk of 
transmission compared to distant 
locations. Information about the 
geographical layout of an area and the 
pattern of disease spread becomes more 
apparent when utilizing spatial 
approaches (Murugesan, 2020). 
Therefore, data about pneumonia will be 
better monitored, focusing not only on 
who is affected but also on the 
geographical proximity between areas 
and the occurring cases (Wang, 2020).  

The main objective of this paper is to 
describe the distribution of pneumonia 
cases and their causes in the West Java 
Province. Interventions in the future 
consideration of factors above is expected 

to provide a more holistic understanding 
of the dynamics of this disease spread in 
the West Java region (Purwanto, 2023). 
The novelty of this research lies in the 
selection of variables that influence the 
spread of pneumonia itself. By combining 
the influences of the aforementioned 
variables, the spread of pneumonia can be 
described in terms of its distribution 
patterns (Suaya, 2020). According to 
Yatnaningtyas, R., et al (2016), the 
conceptual framework used in the causal 
factors of pneumonia is a modified 
concept of The Epidemiological Triad or 
causal components proposed by John E. 
Gordon (1950), one of which is population 
and waste production. Multilevel 
modeling analysis of pneumonia showed 
that socioeconomics is a contributing 
factor (Machmud, R. 2009). Influential 
extrinsic risk factors are the number of 
health centers, and the percentage of the 
population that has access to proper 
sanitation facilities, as well as air quality, 
one of which comes from motor vehicles 
(Renika, I., & Amin, C. 2021). A person 
infected with pneumonia is certainly 
infected with HIV but not all those infected 
with HIV experience pneumonia infection 
(Carolin, B. T., et al. 2020). 

 From these modelling, we obtained 
satisfying results including pneumonia 
distribution mapping with relative risk 
and colour grading in it. In the remainder 
of this paper, we present the dataset, the 
brief methodology and INLA inference 
which are explained in Section 2. Results 
and discussions are reported in Section 3. 
Some concluding remarks and possible 
future development are summarized in 
Section 4.   

METHOD  

Dataset 
The dataset in this study consists of 

the number of pneumonia cases in 27 
cities/districts in West Java Province 
throughout 2021. The data was obtained 
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from the official open data portal of the 
West Java Provincial Government, namely 
Open Data Jabar and the West Java Central 
Bureau of Statistics. Pneumonia cases are 
spread across 27 cities/districts of West 
Java Province in units of population. From 
the sources described in previous section, 
the variables selected are the population, 
the number of poor people in units of 
people, the amount of waste production in 
units of tons/day, the number of health 
center units, the number of vehicle units, 
and the number of HIV cases in 27 
cities/districts in West Java Province 
throughout 2021. It is defined that 
variable population is  
𝑥𝑝𝑜𝑝 , the number of poor people is  
𝑥𝑝𝑜𝑜𝑟 , the amount of waste production is  
𝑥𝑤𝑎𝑠𝑡𝑒, the number of health center is  
𝑥ℎ𝑐 , the number of vehicle  
𝑥𝑣𝑒ℎ𝑖𝑐𝑙𝑒 , the number of HIV cases is  
𝑥ℎ𝑖𝑣 . 
 
The West Java Province shapfile data 
format is also used to view the geographic 
information system obtained from geo-
sai.my.id. The next process is mapping the 
existing dataset with SIR method. And 
after the data already plotted, next the 
data will be analyzed with Bayesian 
Spatial model as the next step.  

Bayesian Spatial Model 

We describe the spatial modeling of 
Pneumonia disease in West Java province 
in several steps below. 

 
Stage 1.  It's important to note that there 
is no need to include an intercept term as 
it is automatically included. In the random 
effect, we specify the index variable 
'idarea' with the respective indices of the 
random effect. We establish a Penalized 
Compelxity prior for the marginal 

precision 𝜏𝑏 using 𝑃 ((
1

√𝜏𝑏
) > 𝑈) = 𝑎. 

Assuming a reasonable upper bound for 
the marginal standard deviation is 

approximately 0.5. This choice is 
conservative and assumes that the 
unstructured random effect contributes 
more to the variability than the spatially 
structured effect. 

Stage 2. After the prior is obtained and 
entered into g. then the data frame g is 
ready to be modeled into the model 
formula 'bym2'. But before the data frame 
modeled into ‘bym2’ the equation is 
established to incorporates the dependent 
variable Y on the left side and the random 
effect 'bym2' on the right side. the 
observed counts 𝒀𝒊 in each area i are 
modeled using a Poisson distribution with 
a mean of 𝑬𝒊𝜽𝒊, where 𝑬𝒊 represents the 
expected counts and 𝜃𝒊 represents the 
relative risk in that specific area. The 
logarithm of the relative risk 𝜃𝒊 is 
expressed as the sum of an intercept, 
which captures the overall disease risk 
level, and random effects that account for 
additional variability beyond what is 
expected from a Poisson distribution. The 
relative risk 𝜃𝒊 indicates whether area i 
has a higher (𝜃𝒊 > 1) or lower (𝜃𝒊 < 1) risk 
compared to the average risk in a standard 
population. For instance, if 𝜃𝒊 = 2, it means 
that the risk in area i is twice the average 
risk in the standard population. 

The general equation model for 
spatial data can be represented as follows 
(Moraga, 2020): 

𝒀𝒊~𝑷𝒐(𝑬𝒊𝜽𝒊), 𝒊 = 𝟏, . . , 𝒏, 

            𝑙𝑜𝑔 𝒍𝒐𝒈 (𝜽𝒊)  = 𝜶 + 𝝁𝒊 + 𝒗𝒊        (1) 

Here, 𝛼 represents the overall risk in 

the region of study, 𝜇𝑖 is a random effect 

specific to area i to model spatial dependence 

between the relative risks, and 𝑣𝑖 is an 

unstructured exchangeable component that 

models uncorrelated noise, 𝑣𝑖 ∼ 𝑁 (0, σ2
v) 

(Moraga, 2020). 
After the general equation model is 

established above ‘bym2’ model will be 
used. From (Moraga, 2020) Besag-York-
Mollié (BYM) is a popular spatial model in 
disease mapping applications (Besag et al., 
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1991). In this model, the spatial random 
effect 𝜇𝑖 is assigned a Conditional 
Autoregressive (CAR) distribution which 
smoothes the data according to a certain 
neighborhood structure that specifies that 
two areas are neighbors if they share a 
common boundary. In this case, ‘bym2’ is 
the development of BYM model above. 
Simpson et al. (2017) proposed a new 
parametrization of the BYM model called 

BYM2 which makes parameters 
interpretable and facilitates the 
assignment of meaningful Penalized 
Complexity (PC) priors. The BYM2 model 
uses a scaled spatially structured 
component u* and an unstructured 
component v* 

𝒃 =
𝟏

√𝝉𝒃
(√𝟏 −  𝝋𝒗∗ + √𝝋𝒖∗  (2) 

Here, the precision parameter τb > 0 
controls the marginal variance 
contribution of the weighted sum of u* 
and v*. The mixing parameter 0 ≤ φ ≤ 1 
measures the proportion of the marginal 
variance explained by the structured 
effect u*. Thus, the BYM2 model is equal to 
an only spatial model when φ = 1, and an 
only unstructured spatial noise when φ = 
0 (Riebler et al., 2016).  After the ‘bym2’ 
model used, the analysis of Bayesian 
inference next will be done by INLA. In the 
next sub-chapter Bayesian Inference with 
INLA will be explained. 

Bayesian inference with INLA 

The Integrated Nested Laplace 
Approximation (INLA) is a method that 
enables approximate Bayesian inference 
in latent Gaussian models, including 
generalized linear mixed models and 
spatial/spatio-temporal models. These 
models can be represented in the 
following form: 

 
𝑦𝑖|𝑥, 𝜃~𝜋(𝑥𝑖, 𝜃), 𝑖 = 1, . . , 𝑛, 

𝑥|𝜃~𝑁(𝜇(𝜃), 𝑄(𝜃)−1), 𝜃~𝜋(𝜃),     (3) 
 

In the given model, 𝑦 represents the 
observed data, 𝑥 represents a Gaussian 
field, and 𝜃 represents the 
hyperparameters. The mean of the 
Gaussian field is denoted as 𝜇(𝜃), and the 
precision matrix (the inverse of the 
covariance matrix) is represented as 𝑄(𝜃). 
It is important to note that both 𝑦and 𝑥 can 
have high dimensions. However, to ensure 
efficient and fast inferences, it is 
preferable to have a small dimension for 
the hyperparameter vector 𝜃. This is 
because approximations are computed 
using numerical integration over the 
hyperparameter space (Moraga, 
2020)(Djuraidah, 2021).  

RESULTS AND DISCUSSION 

Table 1 presents the values of the 
intercept (𝛽𝑖𝑛𝑡) and the coefficients (𝛽𝑖) 
for the explanatory variables in Equation 
(1). It is found that the intercept and all 
explanatory variables have a not 
significant effect on the estimation of 
pneumonia disease mapping in each 
location, except for population and 
number of health center. This can be seen 
from the credibility interval value which 
does not contain 0. 

Table 1. Estimator of Fixed Effect in 
Equation 1 

Fixed  
Effect 

Mean 
Standard 
Deviation 

Credibility 
Interval 

𝜷
𝒊𝒏𝒕

 1.28 0.88 (-0.45, 2.98) 

𝜷
𝒑𝒐𝒑

 -0.837 0.33 (-1.49, -0.2) 

𝜷
𝒑𝒐𝒐𝒓

 -0.01 0.3 (-0.6, 0.59) 

𝜷
𝒘𝒂𝒔𝒕𝒆

 -1.08 0.76 (-2.59, 0.42) 

𝜷
𝒉𝒄

 0.34 0.14 (0.06, 0.62) 

𝜷
𝒗𝒆𝒉𝒊𝒄𝒍𝒆

 0.05 0.06 (-0.07, 0.17) 

𝜷
𝒉𝒊𝒗

 -0.17 0.17 (-0.5, 0.16) 

 
Can be seen in Table 1, it shows the 

value of the effect seen from the mean 
which shows the magnitude of the 𝛽 value, 
there are two variables that show a 
significant effect. namely the population 
variable and the number of health centers 
variable with the coefficient value of the 
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Figure 2. Top: Ciamis leaflet Plot; 
Bottom: Banjar City leaflet Plot 

population variable is -0.837 and the 
number of health centers variable is 0.34. 
If the population increases by one million, 
the number of pneumonia cases will 
decrease by -0.837, while if the number of 
health centers increases by 10 health 
centers, the number of pneumonia cases 
will increase by 0.34. Next, the relative risk 
of each region will be estimated and 
plotted using the library (leaflet). We get 
the summary of fitted values which 
contains a summary of the relative risk 
including the posterior mean, lower limit 
limit, upper limit limit. Specifically the 
mean column is the posterior mean. From 
the posterior mean that has been 
obtained,   the value will be adjusted to the 
location in the shp file to be plotted 
according to the SIR and RR values of each 
location. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
 

 
 

 
In general, the comparison of RR 

and SIR plots shows that the mapping of 
pneumonia in each region of West Java is 

quite similar, meaning that these two data 
support the hypothesis that certain areas 
have a much higher risk of being exposed 
to pneumonia than other areas. For more 
specific analysis, plots (leaflet) were used 
to provide more detailed information and 
data visualization of each region. The 
areas that show the most prominent 
distribution of pneumonia will be shown 
more easily in the plot image (leaflet) 
below. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
For example, the Ciamis region has 

the highest risk of exposure to pneumonia 
among other regions at 3.88, meaning that 
the Ciamis region has a risk of exposure to 
pneumonia 3.88 times greater than other 
regions. In contrast, the city of Banjar has 
the smallest relative risk among other 
regions, which is 0.31, meaning that the 
city of Banjar has a 0.31 greater risk of 
pneumonia than other regions. It can be 
show in the figure 3. Dataset like this can 
be taken from each region and can be 
compared with each other. in this study 
these results are only limited to data 
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exposure. for the study of the causes of 
higher or lower disease exposure 
specifically can be developed in other 
papers further with the data already in 
this paper. 

CONCLUSIONS AND SUGGESTIONS 

From this research, it can be 
concluded that this study aims to analyze 
the effect of differences in population size, 
the number of poor people, waste 
production, the number of health centers  
(Puskesmas), total motor vehicles, and the 
number of HIV patients in 
Municipalities/Districts in West Java on 
the spread of pneumonia. The analysis 
method used is the Integrated Nested 
Laplace Approximations (INLA) approach, 
a complex Bayesian statistical method 
used for estimation in hierarchical or 
nested Bayesian models. The results 
showed that the population and number of 
health centers variables had a significant 
influence on the mapping of pneumonia 
disease in each location. This can be seen 
from the confidence intervals that do not 
contain the value 0, indicating that an 
increase of one million population will 
reduce pneumonia cases by -0.837, while 
an increase of 10 health centers will 
increase pneumonia cases by 0.34. The 
Relative Risk (RR) and Standardized 
Incidence Ratio (SIR) maps show that 
some regions have a higher risk of 
pneumonia compared to other regions. 
For example, the Ciamis region has a 3.88 
times higher risk of pneumonia than other 
regions, while Banjar City has a lower risk 
of 0.31. 

These results are expected to 
provide insights for public policies in 
addressing health issues, especially in 
prevention and control efforts of diseases 
such as pneumonia. In addition, these 
results also serve as a basis for further 
research on other factors that may 
contribute to the spread of this disease at 
the local level. This study is expected to 
make a significant contribution to the 

understanding of the factors that influence 
the spread of pneumonia, helping in the 
formation of more effective health policies 
for the welfare of the community. 
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