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Abstract. Diarrhea becomes a severe problem for children under five years of age. A preventive 

action is needed to minimize the negative effect of diarrhea. Gender risk assessment may be 

necessary to control diarrhea transmission as different sexes have distinct healthy behaviour. We 

develop a collection of candidate models of Bayesian shared component random intercept 

models to identify a gender group’s spatial risk of diarrhea. The candidate models include 

Poisson-Inverse Gamma and Negative Binomial-Inverse Gamma models with different values 

hyperprior parameters. The results showed that the Negative-Inverse Gamma model performed 

better than the Poisson-Inverse Gamma with respect to the existence of overdispersion in the 

data. The spatial patterns of diarrhea for men and women were similar. In some sub-districts, 

however, it indicated that women at two different locations had a higher risk of diarrhea 

compared to men.  

1. Introduction 
Diarrhea is a serious public health issue, especially for children under five years of age. The World 

Health Organization (WHO) reported that every year approximately 525,000 children under the age of 

five died of diarrhea [1].  Many cases of diarrhea have been found in low-and-middle-income countries 

like Indonesia, Philippines, and Thailand. According to United Nations Children’s Fund (UNICEF) 

Indonesia report, 10% of all children under the age of five died of diarrhea in 2016 [2]. In Indonesia, 

clean water supply and sanitation are the main factors that influence the high incidence of diarrhea in 

several places [3]. 

In developing effective strategies for preventing and controlling diarrheal diseases, it is essential 

to consider the characteristics of diarrhea patients. Women's health website said that women have more 

issues with excrement than men [4]. In this study, we assume there is a different diarrheal risk for men 

and women.  Thus, we develop a spatial modelling of diarrheal risk by incorporating gender differences.  

A spatial disease mapping study is useful to understand the spatial distribution of particular diseases 

( [5]; [6]; [7]). This includes a visual representation of high/low-risk areas. It can therefore be used to 

create a strategy to reduce, prevent, and control infectious disease spread [8]. The spatial disease 

mapping allows public policy making and resource utilization [5].  

 A spatial shared component random intercept model is applied to accommodate the spatial 

autocorrelation between spatial units and share variation between gender. The model has an advantage 

to produce a more reliable estimation of the diarrhea risk [5].  

This paper is organized as follows. Section 2 gives a brief overview of the Bayesian smoothing 

technique to resolve the unreliable maximum likelihood estimate of relative risk, assign conditionally 

autoregressive (CAR) prior to the spatial dependency and exchangeable prior to the spatial 
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heterogeneity, and introduce the shared component model through the Bayesian numerical method. The 

methodology is illustrated in Section 3 by analyzing and discussing diarrheal cases in the 30 sub-districts 

of Bandung, 2017. Section 4 contains a conclusion. 

 

2. Material and methods 

2.1 Material 

Data used in this study are diarrheal data obtained from Bandung’s health department in 2017. Bandung 

is the capital city of West Java province in Indonesia. Bandung has 30 sub-districts with a total 

population reaching 2,497,937 in 2017. A total number of cases of diarrhea is 57,525. The number of 

cases diarrhea for women is slightly higher than that of men, which is around 50.33% [9]. 

 

2.2 Method 

To evaluate the spatial distribution of gender-based diarrhea, we develop a Bayesian shared component 

analysis and take into account the spatial dependency through a random intercept model ( [10], [5] , 
[11]). 

 

2.2.1 Risk assessment 

Standardized incidence ratio (SIR) is commonly used to evaluate the risk assessment of particular 

disease. First, we assume that a number of incidences  𝑦𝑖 follows a Poisson distribution with parameter 

𝜆𝑖 = 𝐸𝑖𝜃𝑖. 

       𝑦𝑖~𝑃𝑜𝑖𝑠𝑠𝑜𝑛(𝐸𝑖𝜃𝑖) 

𝑝(𝑦𝑖|𝐸𝑖𝜃𝑖) =
exp(−𝐸𝑖𝜃𝑖) (𝐸𝑖𝜃𝑖)𝑦𝑖

𝑦𝑖!
 

 

(1) 

 

where 𝐸𝑖 is the expected rate and 𝜃𝑖 is the parameter of the relative risk in region i, (𝑖 = 1, 2, … , 𝑛). 

The expected rate 𝐸𝑖 is commonly defined as: 

𝐸𝑖 = 𝑁𝑖 ×
∑ 𝑦𝑖

𝑛
𝑖=1

∑ 𝑁𝑖
𝑛
𝑖=1

 
 

(2) 

 

where 𝑁𝑖 is the size of the population at risk in region i. If the data have a problem of over-dispersion, 

it is possible to use a Negative Binomial distribution [10]. The Negative Binomial (NB) distribution is 

defined as follows [12]: 

𝑝(𝑦𝑖|𝐸𝑖𝜃𝑖 , 𝜚) =
Γ(𝑦𝑖 + 𝜚)

Γ(𝑦𝑖 + 1)Γ(𝜚)
(

𝐸𝑖𝜃𝑖

𝐸𝑖𝜃𝑖 + 𝜚
)

𝑦𝑖

(
𝜚

𝐸𝑖𝜃𝑖 + 𝜚
)

𝜚

. (3) 

 

The NB distribution has a mean of 𝐸(𝑌𝑖) = 𝐸𝑖𝜃𝑖 and a variance of Var(𝑌𝑖) = 𝐸𝑖𝜃𝑖 + (𝐸𝑖𝜃𝑖)
2/𝜚 where 

𝜚 is an additional Poisson variation parameter.  

The maximum likelihood estimator of the standardized incidence ratio can be estimated as 

follows: 

 

𝜃𝑖 =
𝑦𝑖

𝐸𝑖
. (4) 

However, the maximum likelihood estimate for the relative risk is known to be unreliable due to small 

area issues and high variability across districts in population size ([5], [13]). To solve these problems, 

we use Bayesian smoothing technique based on a pure log-linear model. The pure log-linear model is a 

model without covariate. In this case, we assume that the relative risk is defined as 𝜃𝑖 = 𝑒𝑓𝑓𝑖𝑥𝑒𝑑+𝑓𝑟𝑎𝑛𝑑𝑜𝑚 

and it can be written as: 

log(𝜃𝑖) = 𝜂𝑖 = 𝑓𝑓𝑖𝑥𝑒𝑑 + 𝑓𝑟𝑎𝑛𝑑𝑜𝑚. (5) 
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The 𝑓𝑓𝑖𝑥𝑒𝑑 denotes the fixed intercept and 𝑓𝑟𝑎𝑛𝑑𝑜𝑚 is the random component including spatial 

dependency and heterogeneity.  The random intercept model can be written as: 

𝜂𝑖 = 𝛼 + 𝜔𝑖 + 𝜐𝑖   (6) 

where 𝛼 is an overall relative risk;  𝜔𝑖 and  𝜐𝑖 are spatial dependency and heterogeneity, respectively.  

A spatial dependency is modelled as an intrinsic Conditional Autoregressive (CAR) prior ( [10], [5], 
[14]). The CAR prior for the random effect 𝜔 is followed the normal distribution given by: 

𝜔𝑖|𝜔𝑗≠𝑖~𝑁 (
∑ 𝑤𝑖𝑗𝜔𝑗

𝑛
𝑗=1

∑ 𝑤𝑖𝑗
𝑛
𝑗=1

,
1

𝜅𝜔 ∑ 𝑤𝑖𝑗
𝑛
𝑗=1

) (7) 

where 𝑤𝑖𝑗 denotes spatial weight between areas 𝑖 and 𝑗, ∑ 𝑤𝑖𝑗
𝑛
𝑗=1 = 𝑛𝑖 and 𝑛𝑖 is number of neighbours 

of area i. We use a queen spatial contiguity matrix to present the spatial dependence. The 𝜅𝜔 denotes a 

precision hyperparameter related to the conditional variance of 𝜔𝑖 given the values of the other elements 

of 𝜔𝑗. A spatial heterogeneity is modelled using an exchangeable prior followed a normal distribution 

as (i.e. a sequence of random variables that are independent and identically normally distributed (iid)):  

𝜐𝑖|𝜏𝜐~𝑁 (0,
1

𝜏𝜐
) ∀𝑖 and 𝑖 = 1, … , 𝑛, (8) 

where 𝜏𝜐 is the precision parameter of 𝑣𝑖 [15].     

2.2.2 Shared Component Analysis  

In most societies, women are more likely to report infected diarrhea than men. To prove this hypothesis, 

we develop a Bayesian shared component analysis because the risk factors of diarrhea for women and 

men are similar. The following model formulation presents a typical shared component spatiotemporal 

for joint groups: 

log(𝜃𝑖1|𝝑) = log(𝐸𝑖1) + 𝛼1 + 𝜑𝑖𝛾 + 𝜔𝑖1 + 𝜐𝑖1 (9) 

log(𝜃𝑖2|𝝑) = log(𝐸𝑖2) + 𝛼2 +
𝜑𝑖

𝛾
+ 𝜔𝑖2 + 𝜐𝑖2 (10) 

where 𝜃𝑖𝑘|𝝑 is the expectation of 𝑦𝑖𝑘 , (𝑘 = 1, 2) conditioning on the random effects 𝝑 = (𝝋′, 𝝎′, 𝝊′)′,  

𝝋 = (𝜑1, … , 𝜑𝑛)′ is a random effects vector representing shared risk effects common to both groups, 

and the components (𝜔, 𝜐) are  spatial dependency and heterogeneity. The elements 𝜑, 𝜔, 𝜐 are assumed 

independent and 𝛾 is an unknown scale parameter (i.e. a relative weight or a level importance) allowing 

for different shared ‘risk gradients‘ with respect to each group outcome [16]. 

 

2.2.3 Integrated Nested Laplace Approximation: INLA 

INLA is a Bayesian numerical method consisting three stages processes. The first stage defines the 

observational function 𝝅(𝒚|𝝑), where 𝒚 denotes the number of disease incidences in a vector column. 

The second stage defines the latent Gaussian Markov random field (GMRF) with a precision matrix 𝑸 

and the third stage defines controlling hyperparameter model [17]. For the first stage, we assume that 

the number of disease incidences follows a Poisson distribution 𝑦𝑖~𝑃𝑜𝑖𝑠𝑠𝑜𝑛(𝐸𝑖 exp(𝜂𝑖)), where 𝒚 =
[𝑦1, … , 𝑦𝑛]′ and 𝐄 = [E1, . . . , E𝑛]′. The observational model is given as: 

𝜋(𝒚|𝜼) = ∏ 𝑝(𝑦𝑖|𝜂𝑖)

n

i=1

∝ ∑[𝑦𝑖 log(𝐸𝑖 exp(𝜂𝑖)) − 𝐸𝑖 exp(𝜂𝑖)]

𝑛

𝑖=1

 (11) 

In the second stage, the latent GMRF for uncorrelated random effects  𝜐𝑖 follows a normal distribution 

with a mean of 0 and a variance of 𝜅𝜐,  𝜐𝑖  ∼  𝑁(0,
1

κ𝜐
), where κ𝜐 is an precision hyperparameter of 

effect 𝜐𝑖. The latent model for spatial dependence component 𝜔 assumes that it follows the Besag, York, 

and Mollié (BYM) model which proportional to the Gaussian distribution. The probability density 

function of the spatial structure component 𝜔 can be written as: 
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         𝜋(𝝎|𝜅𝜔) ∝ 𝜅𝜔

𝑛−1
2 exp (−

𝜅𝜔

2
∑(𝝎𝑖 − 𝝎𝑗)

2

𝑖~𝑗

) 

    = 𝜅𝜔

𝑛−1
2 exp (−

1

2
𝝎T𝐐(𝜔)𝝎)                                                              

 

 

 

(12) 

Two districts 𝑖 and 𝑗 are defined to be neighbour, 𝑖~𝑗, if they are adjacent; n is the number of areas; and 

𝝎 are independent zero mean normal with unknown precision parameter of 𝜅𝜔.  

 Moreover, we define the inverse of hyperparameters of the hyperprior distribution instead of the 

hyperparameters (κ𝜔, κ𝜐, κ𝜑). The inverse of hyperparameters are the variances parameters (𝜎𝜔
2 =

1

κ𝜔
, 𝜎𝜐

2 =
1

κ𝜐
, 𝜎𝜑

2 =
1

κ𝜑
). We explore two Inverse Gamma (1,1) and (1, 0.00005) distributions as the 

hyperprior distributions. We use an INLA package in R for analysing the data. The best hyperprior 

distribution is obtained by Bayesian and classical information criteria such deviance information 

criterion (DIC), mean absolute error (MAE), root mean square error approximation (RMSEA), and 

pseudo R2 [10]. The DIC is given by Dbar plus pD where Dbar is the posterior of the deviance and pD 

is the effective number of parameters. The model with the smallest DIC, MAE, RMSEA, and highest 

Pseudo R2 is estimated to be the best model.  

 

The steps for the analyses were proposed based on the methods explained as follows: 

a. prepare the diarrhea data for each gender in a stacked form, 𝑦𝑖, 

b. calculate the expected rate 𝐸𝑖 using equation 2, 

c. estimate the equations of 9 and 10 by using means INLA through R-INLA package, 

d. present the relative risk estimates on the choropleth maps.  

 

3. Results and discussion 

In total, the study observed 57,525 individuals who had a diarrhea of whom 28,571 were male and 

28,954 were female in table 1. Highest numbers of cases for both males and females diarrhea were found 

in the Andir sub-district, while the lowest numbers were found in the Sumurbandung sub-district in 

figure 1.  

Table 1. Descriptive statistics of diarrhea by gender 

 Gender Min Max Median Total 

Men 392 1786 912 28,571 

Women 433 1727 909 28,954 

 

A high number of cases of diarrhea is common in sub-districts situated in the lower left of the two spatial 

distribution maps in figure 1. In the lower right of the two maps, the number of cases of diarrhea in each 

sub-district is relatively small. 

 
Figure 1. A spatial distribution of number of cases diarrhea (a) Men and (b) Women. The x-axis is 

longitude and y-axis is latitude. A darker color is a larger number of cases of diarrhea and a lighter is a 

smaller number of cases of diarrhea. 
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Two Bayesian shared component analyses by means Laplace approximation were developed to identify 

the spatial distribution of diarrhea. We evaluated Poisson and Negative Binomial distributions with two 

different hyperprior parameters in the Inverse Gamma distribution in table 2.   

 

Table 2. Model comparison 

 

Model Model Hyperprior Dbar pD DIC MAE RMSE 
Pseudo 

R2 

1 Poisson IG(1,0.00005) 7037.10 1.34 7038.45 252.05 313.38 0.65 

2 Poisson IG(1,0.00005) 7037.70 1.94 7039.64 252.05 313.39 0.65 

3 Poisson IG(1,0.00005) 682.07 31.62 713.69 34.17 45.73 0.99 

4 Poisson IG(1,0.00005) 682.02 31.57 713.58 34.15 45.73 0.99 

5 Negative Binomial IG(1,0.00005) 866.09 2.02 868.11 283.17 337.58 0.65 

6 Negative Binomial IG(1,0.00005) 866.11 2.05 868.16 283.23 337.63 0.65 

7 Negative Binomial IG(1,0.00005) 866.01 1.98 868.00 283.09 337.51 0.65 

8 Negative Binomial IG(1,0.00005) 674.42 32.38 706.80 35.11 46.70 0.99 

9 Poisson IG(1,1) 7037.10 1.34 7038.45 252.05 313.38 0.65 

10 Poisson IG(1,1) 7038.10 2.34 7040.43 252.05 313.39 0.65 

11 Poisson IG(1,1) 682.53 32.07 714.61 34.20 45.72 0.99 

12 Poisson IG(1,1) 682.46 32.03 714.50 34.17 45.71 0.99 

13 Negative Binomial IG(1,1) 866.09 2.02 868.11 283.17 337.58 0.65 

14 Negative Binomial IG(1,1) 867.06 3.01 870.06 283.68 338.23 0.65 

15 Negative Binomial IG(1,1) 866.99 2.97 869.96 283.55 338.12 0.65 

16 Negative Binomial IG(1,1) 675.75 33.31 709.06 35.16 47.24 0.99 

 

Table 2 shows that Model 8 (Negative Binomial with IG(1,0.00005)) has minimum DIC and maximum 

Pseudo R2, while its MAE and RMSE are slightly higher than Model 4. We choose Model 8 as the best 

model.   

 

Table 3. Posterior mean of relative risk 

Gender Min Max Mean Range 

Men 0.536 1.941 1.072 1.405 

Women 0.540 1.959 1.081 1.419 

   
Table 3 shows the posterior means of relative risk for men and women based on Model 8. The statistics 

show a comparable relative risk value among group of men and women. The minimum relative risk is 

nearly 0.5 and nearly 1.95 is the maximum value. It is supported by the relative risk correlation between 

men and women groups around 0.999, which was clearly presented in figure 2. 

 

 
Figure 2. Relative risk for men versus women 
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Figure 3. Spatial distribution of the relative risk (a) Men and (b) Women. The x-axis is longitude and 

y-axis is latitude. A darker color is a larger relative risk and a lighter is a smaller relative risk. 

 

Figure 3 shows the relative risk spatial distribution among men and women groups. Highest relative 

risks for both males and females diarrhea were found in the Bandung Wetan sub-district, while the 

lowest risks were found in the Sukajadi sub-district. Overall, groups of men and women have 

comparable spatial relative risk patterns. However, some sub-districts have distinct relative risk values 

that are indicated by the red circle. Women have a greater relative risk than men in those three sub-

districts. The sub-districts are (1) Bandung Kidul, (2) Cinambo, and (3) Panyileukan.  

This study conducted spatial and statistical analyses to asses high-low risk diarrhea among men 

and women. The Bayesian shared component analyses by means Laplace approximation using Poisson 

and Negative Binomial with Inverse Gamma hyperprior distribution were develop as a new 

measurement tool to summarize the relative risk of diarrhea in each geographic area. The Negative 

Binomial model is a better model than the Poisson model because of overcoming overdispersion case. 

Our findings show that women have a higher risk diarrhea in several locations than men. These results 

are in line with [18] and [19] findings. The exact reason for a high relative risk of diarrhea in these 

locations, however, remain unclear. Further study is needed to define the most important diarrhea 

variables at these locations and decrease the burden of diarrheal diseases. 

 

 

4. Conclusion 
Increasing cases of diarrhea over the past few years require public attention. Diarrhea becomes a severe 

problem especially for children under five years of age. Accurate information on the spatial distribution 

of diarrheal risk is essential to the development of an early warning scheme for diarrhea. Detailed 

information based on gender may be required to control the transmission of diarrhea because different 

gender have different healthy behaviour. We develop Bayesian shared component analysis by means of 

Laplace approximation and consider the random intercept model. The random intercept model 

accommodates the spatial dependencies of the data. We observed that men and women have a similar 

spatial pattern of diarrhea. However, some sub-districts in the south and east have a different value of 

the relative risk. Women in these sub-districts are at a higher risk. The limitation of this study is that it 

does not quantify the risk factors due to the limited data available. Future research will be carried out in 

order to obtain a more accurate and precise model by considering the effects of several risk factors. 
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