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Abstract 

 

This study applies Bayesian approach to the construction of health status 

model. Bayesian combines prior distributions with the data likelihood to form 
posterior distributions to estimate the parameters. An algorithm based on the 

Gibbs sampler is applied for drawing the parameters values from the joint 

posterior distributions. Some criteria are used to test the goodness of fit of the 

posited model. Uninformative and informative prior are used in Bayesian 
analyses. Since health status model involves observed and unobserved 

variables simultaneously, Bayesian analysis is then combined with structural 

equation modeling (SEM) approach in fitting the hypothesis model to the data. 

The main purpose of this study is to demonstrate the application of 
uninformative and informative prior in Bayesian SEM to construct the health 

status model of an individual. Two real data sets are considered in this study. 

First, data set uses uninformative prior in parameter estimation, which then be 

adopted as informative prior for the second data set. This study proves that 
model uses informative prior results better estimation on parameter model 

than uninformative. This study also informs that socio-demography and 

lifestyle have greater effect to the health condition of an individual than to 

mental health. 
 

Keywords: Bayesian, health status, prior distribution, informative prior, 

structural equation modeling. 

 

 

Introduction 

In the survey where data arising in the fields of sociology, psychology, health or 

economics, the data often use the predictor and outcome variables which can both be 
either unobserved (latent) or observed. Such modeling requires the implementation of 

structural equations modeling (SEM) as it is a powerful multivariate regression 
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technique to handle scenarios in modeling for exploring relationships among latent 
and observed variables. 

Many researchers, such as Lee et al. [1] andYanuaret al. [2] proposed to use Bayesian 

approach in SEM to analyze non-normal data. Bayesian analysis uses the Gibbs 
sampler [3] to handle the complexities of the model and the multi-dimensional 

integrals problems in order to obtain samples of arbitrary size. From these samples, 

the user can compute the point estimates, standard deviations and interval estimates. 

The basic attractive feature of Bayesian approach is to allow the user to use the prior 
information for updating the current information regarding the parameter of interest. 

Bayesian combines prior distributions for parameters with the data likelihood to form 

posterior distributions for the parameter estimates. The priors can be non-informative 

or informative. Informative prior is obtained from previous studies or based on 
experts opinion. 

In this article, our main purpose is to demonstrate the use of uninformative and 

informative prior in Bayesiananalysis to construct the health status model of an 

individual living in urban area in West Sumatera, Indonesia. We will identify the 
relationships among latent variables, such as health status, socio-demography, 

lifestyle and mental health. Using two set data considered, the first group uses 

uninformative prior for estimating the parameter model of interest. The estimated 

parameter obtained from the first model then are adopted as informative prior on the 
second group. Considerable issues of this study remain relatively unexplored. 

 

 

Data and Methods 
The Bayesian SEM was employed totwo data sets, i.e., the Primary Health Research 

in West Sumatera that conducted in the year 2007 and 2013. The survey was done by 

the Centre of Research and Development, Department of Health, Republic of 

Indonesia. The data survey in the year 2007 consist of 3677 respondents who 
provided complete information, meanwhile the data survey in the year 2013 involved 

2651 respondents to be analyzed in this study. 

The indicators for assessing the socio-demographic factor were education leveland 

age group [3, 4, 5, 6, 7]. The lifestyle’s indicators were physical exercise and 
consump fiber. Meanwhile the indicators for assesing mental health were stress level 

and emotional problem. Health status was measured by blood pressure, general health 

condition and body mass index (BMI). All indicator varibles are ordinal types. In this 

study, as based on the literature, it was assumed that socio-demography, lifestyle, and 
mental health could give affect to the health status. 

Both data set were modeled using Bayesian SEM analysis, which involves two major 

components; namely, the measurement equation and the structural equation. In 

classical SEM analysis, parameter estimation is based on Maximum Likelihood 
approach. Meanwhile in Bayesian SEM, it use prior distribution for obtaining 

parameter estimate. The data distribution y given the unobserved parameter θ,  
and the prior about θ, p(θ) are spesified in order to obtain the posterior distribution. In 

Bayesian estimations, parameters are considered as random with prior distribution and 
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a prior density function [8, 9]. The parameter estimated are drawn by calculating the 
mean of this joint posterior distribution by applying the Gibbs sampler techniques. 

In this study, we apply the uninformative prior and informative prior to estimate the 

parameter model. This study applies the same process as Yanuaret al. done to get the 
uninformative prior distribution, which is applied to the Primary Health research data 

in the year 2007. The parameter estimated obtained then are used as informative prior 

to model the Health Status using Primary Health Research data in the year 2013. In 

order to identify the informative prior distribution for the free parameter in factor 

loading , written as , we suggest to obtain the information from previous 

model and defined as follows: 

 (1) 

where  and  respectively are posterior mean and variance of 

factor loadings in measurement equation undertaken from estimation of the first data 

set (Primary Health Research data in the year 2007). 
The convergence of parameter is diagnosed by trace plots [8]and Monte Carlo error 

(an estimate of the difference between the mean of the sample values and the true 

posterior mean) for all the parameters is less than 5% of the sample standard deviation 

[9]. The accuracy of posterior estimates is inspected using Gelman-Rubin 
convergence statistics [3, 10]. 

 

 

Results 
We use winBUGS version 1.4 [10] which allowed the hierarchical structure through 

selecting the prior information for parameters involved in the hypothesis model. 

Uninformative Bayesian SEM then is applied to the Primary Health Research 2007 

data. Bayesian analyses are conducted using the conjugate prior distributions.Then the 
estimated of coefficient regression obtained from uninformative prior are used as 

informative prior for the second data set, Primary Health Research 2013. The results 

of estimation for coefficient regression in structural equation and the estimation for 

coefficient regression in measurement equation are provided in Table 1. 
 

Table 1. Factor Loadings Using Uninformative and Informative Prior 

 

Items Estimate of Factor Loadings 

UninfoPrior(SE) Info Prior (SE) 

Socio-demography  Health Status -0.393 (0.046)* -0.511 (0.031)* 

Lifestyle  Health Status 0.217 (0.052)* 0.324 (0.021)* 

Mental Health  Health Status 0.360 (0.064)* 0.489 (0.034)* 

Socio Demography( ) : 

Age-group 0.567* 0.451* 

Educational level -0.203* -0.301* 

Lifestyle( ): 

Physical activity 0.302* 0.491* 

Consump Fiber 0.019 0.021 
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Mental Health( ) : 

Stress level 0.376* 0.419* 

Emotional Problem 0.799* 0.656* 

Health status ( ) : 

Blood Pressure 0.456* 0.342* 

General health condition 0.879* 0.812* 

Body Mass Index 0.287* 0.301* 

SE standard error, *Significant at 5% level 

 

 
Based on test of convergence for both proposed model, it is obtained that the 

proposed modelare adequate and can be accepted. This study also proved that model 

uses informative prior results better estimation on parameter model than 

uninformative. 
Based on test of convergence, it is obtained that the proposed modelare adequate and 

can be accepted. This study also proved that model uses informative prior results 

better estimation on parameter model than uninformative since for smaller iteration 

the parameter estimated in informative prior have been converge compared to 
uninformative prior. 

We obtain the estimated structural equation that addressed the relationship of health 

status ( )with socio-demography ( ), lifestyle ( ) and mental health ( ) for 
uninformative and informative prior distribution in Bayesian SEM as follows: 

 =-0.393 + 0.217 + 0.360   (2) 

 = -0.511  + 0.324 0.489  (3) 

These estimated structural equation indicates that socio-demography status ( gives 

negative effect on health status for both types of prior beliefs. Meanwhile lifestyle 

( ) and mental health havepositive effect on health status. The affect of all three 

latent exogeneous variables on laten endogeneous variable are significant for both 

models. 
The results of measurement equations for uninformative and informative prior 

distribution, as presented in Table 1. This table informs us that all factor loading 

estimated are significant as indicator for corresponding latent variables. One can 

conclude here that the older people tend to have bad health condition compared to 
younger. But the people who have higher education level tend to experience better 

health condition. It is also found that lifestyle has a direct effect on the health status 

for both models and this relationship is significant as well. It implies that the people 

will have good health condition if they follow the health lifestyle behaviors, such as 
often do physical activity or consump fiber such as fruits or vegetables. This study 

reveals that people who did not stress tend to have higher health status level than 

people in stress. The peoplewhohave someemotional problemstend to havepoor 
healththan peoplewhodo nothaveemotional problems. It is proved that to have better 

health condition, we must maintain our blood pressure, body mass index (BMI) and 

whole general health condition. 
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Conclusions 
The main purpose of the present study is to apply the uninformative and informative 

prior belief in Bayesian SEM in the case of constructing a health status of an 

individual living in West Sumatera, Indonesia. This study involve two period times of 
data to be analyzed. 

Bayesian combines prior distributions with the data likelihood to form posterior 

distributions to estimate the parameters. An algorithm based on the Gibbs sampler is 

applied for drawing the parameters values from the joint posterior distributions. 
The informative prior for parameters are based on the estimated values resulted from 

previous uninformative Bayesian SEM. The health status model for both models, 

applied uninformative and informative prior, are almost the same (or linear). It reveals 

that affect of socio-demographic, mental health and lifestyle on health status is 
significant directly. Socio-demography and lifestyle have greater effect to the health 

status of an individual than to mental health. This study also proved that model uses 

informative prior results better estimation on parameter model than uninformative. 

Based on test of the convergence of parameter model and test of accuracy of posterior 
estimeted, it is resulted that both proposed models are acceptable since all parameter 

model have been converge and accurate. 
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