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ABSTRACT 

 

The results showed the Bayesian Structural Equation Modeling approach that Medicals, Environment, Health 

Services and Infrastructure affect the health MDG targets byIMR indicator 0.605, AKABA 0.682, AKIM0.639, 

Morbidity0.619and Nutritional Status0.827. Medicals provide high impact in reducing health MDG target mainly on 

Nutritional Status indicators and AKIM. 
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1. INTRODUCTION 

 

MDG launched in 2000, with the aim that countries and nations do earnest efforts to improve the quality of 

human life. This period using to assess how far the MDG targets have been achieved. MDG set of 7 (seven) global 

targets. Each of these targets broken down into several sub-targets that reflect the will of the achievement of the goal 

of improving the quality of human life. A simplified measure of success to hit the target in the form of quantity, 

which is then translated into targets statistic [1]. 

Development in the field of health is an integral activity of national development that aims to make all levels of 

society to health services easily, evenly, and cheap. With the above-mentioned development efforts in the field of 

public health is expected to be achieved, as well as public health MDG. Efforts to improve public health MDG 

targets, such as by providing health education to the community for a healthy family life behavior, therefore any 

health efforts can’t be separated from efforts to increase clean and healthy living behaviors (PHBS) in all aspects of 

life ranging fetus in the womb until further age, healthy behavior and clean is a necessity for everyone to always live 

a healthy life. 

Environment is one of the factors that may affect public health MDG targets. Indicators of the state of the 

environment can be measured through: the percentage of people with access to drinking water, a large percentage of 

water disposal facilities and shelters feces in the household. Health behaviors are things that are done by humans based 

on knowledge, attitudes and abilities that can be positive or negative impact on health. Overview of the state of public 

behavior that affect the health MDG targets can be measured through: the percentage of outpatient treatment according 

to the place (PHBS) and the percentage of exclusive breastfeeding in infants begin 0-6 months [1]. 

To achieve the MDG target of health, the factors that influence must be controlled well, by monitoring and 

evaluating whether the health MDG targets as expected (according to standards) or no problem. The indicators are 

used to assess an overview of public health MDG targets can be measured through: infant mortality, child mortality, 

maternal mortality, morbidity and nutritional status of infants and toddlers.[2] 

Research related to health, including [3] argues that there are several factors that affect the health of society, 

namely environmental factors, behavioral factors and factor public health services with SEM approach. [5]describes 

clinical examinations of AIDS with Bayesian modeling. [4] Introducing model of hierarchical Bayesian meta-

analysis with plasma group investigating hereditary differences microrarry platform: to see the see the composition 

of DNA and oligonucleotide. 

[7][8]Covariance-based SEM is a model that is highly influenced by such parametric assumptions that all the 

observed variables have a multivariate normal distribution, observations must be independent of each other and the 

sample size should be large by using Maximum Likelihood (ML) [6]. The result leads to the same conclusion as 

previous researchers, namely that the ML method is not recommended for cases with a small sample size. This fact 

is actually not easy to obtain a large sample and not all of the variables that multivariate normal distribution. With 

the limitations of the developed covariance-based SEM.[9] SEM-based alternative variance or components, with the 

advantages for small data size. But in advanced modeling, still required the direct estimation factor scores, and it is 

not found in the covariance-based SEM and SEM PLS. [5] perform simulations on some of the sample size and 

apply a model parameter values are relatively small and relatively large in each group. Bootstrap methods work 

through re-sampling with replacement procedure by making pseudodata that use information from the original data 

by taking into account the properties of the original data in order to obtain the appropriate statistical estimator 
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[10][16][17][18]. This study aims to assess the SEM approach Bayesian Bootstrap on the target Millennium 

Development Goals (MDG) health. 

2. LITERATURE REVIEW 

 

CFA is a method to test how well the measured variables can represent constructs or factors preconceived [11]. 

CFA can be divided into two, namely First-Order and Second-Order CFA. In the First-Order a latent variable is 

measured by several indicators that can be measured directly, this is the model equation [12][15]. 

δξ +Λ=
x

x          (1) 

With the covariance matrix x is written as a functionθ and represented as )(θΣ
 

δ
θ Θ+ΦΛΛ=Σ

'
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        (2) 

Where x is the observation variables, Λ is a matrix loading factor, ξ is a latent variable, andδ is the 

measurement error matrixΦ is the covariance matrix is latent variables ξ and
δ

Θ is the covariance matrix for 

measurement errorδ . 

 
Figure 1. First-Order CFA 

 

Bayesian approach based on Bayes theorem, stated with )()|()()|( xpxppxp θθθ = that the posterior 

distribution is obtained [5][6]. 
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For an observation data x and unknown parametersθ , the joint probability distribution ),( xp θ can be written as a 

multiplication of two density, i.e. prior distribution )(θp and sampling distribution (or distribution data) )|( θxp . 

In the Bayesian approach, CFA parameter estimation does not use the input variance covariance matrix of the 

data but only from observational data [5]. Bayesian estimation can be written as. 
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Where: 

M   :any form of CFA with unknown parameter vectorθ , 

x   : observation data of size n , 

)|( Mp θ   :prior distribution ofθ on the model M , 

)|,( Mxp θ
 : 

joint probability distribution of xandθ provided that the model M known, and 

),|( Mxp θ
 
: probability distribution of posterior. 

)|( Mxp not dependentθ and to assume xpredetermined and constant, then. 
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CFA Parameter estimation in Bayesian, ),|( xp Ωθ can be written in equation. 
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Bayesian estimation requires the definition of prior distribution. Basically there are two types of prior 

distributions that is non-informative and informative priors [5][6]. Distribution of non-informative priors related to 

situations where the prior distribution does not have the population base. The prior distribution of non-informative 

are used when there is little information prior to distribution prior minimal role in the posterior distribution. 

Resources for prior distribution informative, can be obtained from distribution one related data or subjective 

knowledge of experts. An informative prior distribution can have its own parameters called hyper parameters. One 

type of informative priors based on the conjugate prior distribution, is one which, when combined with the 

likelihood function, resulting posterior distribution. 

In this study used prior distribution is conjugate prior distribution [6]. 
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Where ),( βαGamma represents the gamma distribution with parameters 0>α and 0>β , Inverse Wishart [.]. 

Denotes the inverse Wishart distribution and the dimension r and
0000

,,, ρβα
δδ kkk

Λ and positive definite matrix

00
,RH

xk
is hyper parameter the value assumed based on information from previous studies. 

To obtain settlement Bayesian estimation requires a numerical approach, the method of Markov Chain 

Monte Carlo (MCMC). The algorithm that is often used in the MCMC method, namely the Metropolis-Hastings and 

Gibbs Sampler. In this study, the algorithm used is the Gibbs sampler. 

 

3. METHODOLOGY 

 

Data of this research is secondary data from the Department of Health of South Sulawesi province are 

summarized in the Health Profile of South Sulawesi province in 2010 [14] .To measure latent variables were 

developed following the manifest variables. Medicals exogenous variables (TK) measured from doctors indicator 

(TK1), nurses (TK2), and SKM (TK3). Environmental exogenous variables (L) measured from indicators of clean 

water (L1), latrines (L2), and waste (L3). The behavior of exogenous variables (P) measured on indicators PHBs 

(P1) and exclusive breastfeeding (P2). Health services exogenous variables (PK) measured on indicators of 

childbirth (PK1), health services (PK) and growth (PK2). Infrastructure exogenous variables (I) measured from 

‘Pustu’ indicator (I1), ‘Poskesdes’ (I2) and ‘Posyandu’ (I3). MDG target endogenous variables (MDGs) measured 

on indicators IMR (MDG1), ‘AKABA’ (MDG2), ‘AKIM’ (MDG3), morbidity (MDG4) and Nutritional Status 

(MDG5) [1]. CFA and analysis techniques used Bayesian SEM [5] [12][13][ 

CFA and SEM parameter estimates should be determined Bayesian hyper parameter value needed to form a 

prior distribution. Hyperparameter value is known based on information from previous studies. Prior distribution 

plays an important role because it is used in the formation of the posterior distribution. Hyperparameter use for the 

measurement equation will vary with use hyper parameter for structural equation. Prior used for both equations are 

presented in Figure 1.a and 1.b. 
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Figure 1. Prior for the model (a) measurement and (b) structural 
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In the prior determination in this study used refers to [6]) that is conjugate priors. 

ψϵk

D

⇒  Inverted Gamma (α*0ϵk , β*0ϵk) or equivalent toψϵk
-1

D

⇒  Gamma (α0ϵk , β0ϵk)  

and [Λk| ψϵk] 
D

⇒  N[Λ0k , ψϵkH0yk]      

 

Determination of parameter values for conjugate prior distribution to conjugate prior distribution on the results of 

previous studies [6]. Prior distributions were used in this study are presented in Table 1. 

 

Table1.Prior Distributions of estimate parameters 
 Parameter Model  
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δ δ
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IWφ
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 ( )20,8Inverse Gammaθ �  

 

Conceptual study are presented as follows. 

 

 
 

Figure 1. Conceptual Model MDGs Target 

 

The hypothesis of this study 

H1: medicals affect the health MDG targets 

H2:environment affects the health MDG targets 

H3: behavior affects the health MDG targets 

H4: health services affect the health MDG targets 

H5: infrastructure affects the health MDG targets 

 

4. RESULTS AND DISCUSSION 

 

Measurement model consists of validity and reliability testing with CFA Bayesian approach. Detailed 

results are presented in the following table. 
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Table 1. Test Validity and Reliability Indicators on Latent Variables 
Variable Indicator  Percentile Composite 

Reliability (C-R) 
Loading Factor 2.5% 97.5% 

Medicals (L) Doctor  (TK1) 0.9701 0.9258 1.0144 0.895 

Nurse (TK2) 0.6903 0.5319 0.8488 

Public Health Services (TK3) 0.9004 0.7898 1.0110 

Environment (L) Clean Water (L1) 0.8279 0.7254 0.9304 0.877 

Latrines (L2) 0.9652 0.9419 0.9886 

Waste (L3) 0.7096 0.6565 0.7627 

Behavior (P) PHBS (P1) 0.8550 0.8458 0.8643 0.808 

Exclusive Breastfeeding (P2) 0.7911 0.6468 0.9354 

Health Services 

(PK) 

Childbirth (PK1) 0.7662 0.7046 0.8279 0.858 

Growth (PK2) 0.9593 0.9424 0.9763 

Infrastructure(I) Pustu (I1) 0.8373 0.7900 0.8846 0.942 

Poskesdes (I2) 0.9253 0.9096 0.9410 

Posyandu (I3) 0.9901 0.9721 1.0081 

MDG 

Target(MDG) 

AKB (MDG 1) 0.6047 0.4894 0.7200 0.808 

AKABA (MDG 2) 0.6815 0.5232 0.8398 

AKIM (MDG 3) 0.6391 0.6265 0.6517 

Morbidity (MDG4) 0.6193 0.6002 0.6384 

Nutritional Status (MDG5) 0.8265 0.6323 1.0207 

 

Table1.shows the factor loading value in all major indicators of 0,50and hose percentile value of 2,5% to 

97,5% does not contain the value zero. This shows all the indicators in each of the latent variables valid and 

significant.Medicals exogenous variables (TK) is formed by three (3) indicators of doctors (TK1) = 0.970, nurses 

(TK2) = 0.690, andPublic Health Services (TK3) = 0.900. Environmental exogenous variables (L) is formed by three 

(3) indicators of clean water(L1) = 0.828, latrines (L2) = 0.965, and waste (L3) = 0.710. Behavioral variables (P)is 

formed by two (2) indicatorsPHBS = 0.855 and exclusive breastfeeding (P2)= 0.799. Variable health services (PK)is 

formed by 2 (two) indicators, namelyChildbirth (PK1) = 0.766 and growth (PK2) = 0.959. Variable Infrastructure (I) 

formed by three (3) indicators of ‘Pustu’ (I1) = 0.827, ‘Poskesdes’ (I2) = 0.925 and ‘Posyandu’  (I3) =0.990. 

Indicator (MDGs) is formed by 5 (five) indicators,IMR(MDG1)  = 0.605, AKABA (MDG2) = 0.682, 

AKIM(MDG3) = 0.639, Morbidity (MDG4) = 0.619and Nutritional Status (MDG5) = 0.827.As for the reliability of 

Table 1 also shows that the latent variables Medicals (
1
ξ ),Environment (

2
ξ ),Behavior (

3
ξ ),Health Services (

4
ξ ), 

Infrastructure (
5

ξ ) gives the value of Composite Reliability (C-R) above its cut-off value of 0.7, it can be said all 

latent variables reliably. 

Parameter estimation is done with the help of the program package R2WinBUGS contained in R.2.1.14. 

R2WinBUGS package provides functions appropriate to call WinBUGs 1.4 of R. The function can automatically 

write the data and scripts in a format that can be read by WinBUGs for data processing. With as many as 20 

thousand iterations result, parameter estimation process has reached a burn-in for all parameters. Are presented in 

the following figure. 

 

Figure2. Effect of Medicals (
1
ξ ), Environment  (

2
ξ ), Behavior (

3
ξ ), Health Services (

4
ξ ) and Infrastructure (

5
ξ ) 

to the health MDGs Target (η ), 
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Structural Model (Inner Weight) partial least square with bootstrapping can show significant influence between 

exogenous and endogenous. Of the appropriate model in Figure 2, can be interpreted each path coefficient. The 

coefficients of these pathways is hypothesized in this study, which can be presented in the following structural 

equation: 

1 1 2 2 3 3 4 4 5 5
ˆ ˆ ˆ ˆ ˆ ˆη = γ ξ + γ ξ + γ ξ + γ ξ + γ ξ  

MDGs Target = – 0.522 Medicals – 0.145 Environment – 0.092 Behavior 

                                       – 0.320 Health Services – 0.012 Infrastructure 

 

Results of structural path coefficients and their significance more value displayed in Table 3. 

 

Tabel 3:Path Coefficient Test on the Health MDGs Target 
ExogenousVariable � Endogenous Variable Coefficient 2.5% 97.5% Description 

Medicals (
1
ξ ) �MDGsTarget (η ) – 0.522 -0.6270 -0.4179 Significant 

Environment (
2

ξ ) �MDGsTarget (η ) – 0.145 -0.1899 -0.0992 Significant 

Behavior (
3
ξ ) �MDGsTarget (η ) – 0.092 -0.0982 -0.0866 Significant 

Health Services (
4

ξ ) �MDGsTarget (η ) – 0.320 -0.4799 -0.1609 Significant 

Infrastructure (
5
ξ )�MDGsTarget (η ) – 0.012 -0.0199 -0.0049 Significant 

 

Table 3, shows that the path coefficient between: 

• Medicals (
1
ξ ) a significant negative effect on the MDG target (η ). This can be seen from the path coefficient 

is negative for 0.522 with percentile value 2.5 is -0.627 and percentile 97.5 is -0.4179 who do not pass a value 

of zero. Thus Medicals (
1
ξ ) directly affect MDG target (η ) is -0.522, which means that every increase in 

Medicals (
1
ξ ) it will lower the MDG target (η ) is -0.522. Results of this study prove that Hypothesis 1 is 

proven. It means that Medicals (
1
ξ ) significantly influence the MDG target ( η ). 

• Environment (
2

ξ ) a significant negative effect on the MDG target (η ).This can be seen from the path 

coefficient is negative for 0.145 with a percentile value of 2.5 = -0.1899 and percentile 97.5 = -0.0992 which do 

not pass a value of zero. Thus the Environment (
2

ξ ) directly affect MDG target (η ) amounted to 0.145, which 

means that every increase in the Environment (
2

ξ ) it will lower the MDG target (η ) amounted to 0.145. 

Results of this study prove that Hypothesis 2 is proven. It means that the Environment (
2

ξ ) significantly 

influence the MDG target (η ). 

• Behavior (
3
ξ ) a significant negative effect on the MDG target (η ).This can be seen from the path coefficient is 

negative for 0.092 with a percentile value 2.5 = -0.0982 and percentile 97.5 = -0.0866 who do not pass a value 

of zero. Thus Behavior (
3
ξ ) directly affect MDG target (η ) of 0.092, which means that every increase in the 

Behavior (
3
ξ ) it will lower the MDG target (η ) of 0.092. Results of this study prove that Hypothesis 3 is 

proven. It means that the behavior (
3
ξ ) is significantly influence the MDG target (η ). 

• Health Services (
4

ξ ) a significant negative effect on the MDG target ( η ).This can be seen from the path 

coefficient is negative for 0.320 with a percentile value 2.5 = -0.4799 and percentile 97.5 = -0.1609 who do not 

pass a value of zero. Thus Health Services (
4

ξ ) directly affect MDG target (η ) is -0.320, which means that 

every increase in Health Services (
4

ξ ) it will lower the MDG target (η ) of 0.320. Results of this study prove 

that hypothesis 4 is proven. It means that Health Services (
4

ξ ) significantly influence the MDG target (η ). 

• Infrastructure (
5
ξ ) a significant negative effect on the MDG target (η ).This can be seen from the path 

coefficient is negative for 0.012 with a percentile value 2.5 = -0.0199 and percentile 97.5 = -0.0049 who do not 

pass a value of zero. Thus Infrastructure (
5
ξ ) directly affect MDG target (η ) is -0.012, which means that every 
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increase in infrastructure (
5
ξ ) it will lower the MDG target (η ) of 0.012. Results of this study prove that 

hypothesis 5 is proven. It means that Infrastructure (
5

ξ ) significantly influence the MDG target (η ). 

 

5. CONCLUSION 

The results showed that the loading factor at all major indicators of 0.50 and hose percentile value of 2.5 to 

97.5 does not contain the value zero. This shows all the indicators in each of the latent variables valid and 

significant. Medicals (
1
ξ ), Environment (

2
ξ ), Behavior (

3
ξ ), Health Services (

4
ξ ) and Infrastructure (

5
ξ ) affects 

the health MDGs Target (η ) with indicator IMR (MDG1) = 0.605, AKABA (MDG2) = 0.682, AKIM (MDG3) = 

0.639, Morbiditas (MDG4) = 0.619and Nutritional Status (MDG5) = 0.827. Medicals (
1
ξ ) provides high impact in 

reducing health MDG target mainly on Nutritional Status and AKIM. So need additional health workers in health 

centers and pay attention to nutritional status and AKIM a region. 
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> ex2A <- sempls(model=EX2, data=data2, E="A", maxit=100, tol=1e-7) 

All 26 observations are valid. 

Converged after 24 iterations. 

Tolerance: 1e-07 

Scheme: centroid 

> ex2A 

              Path Estimate 

lam_1_1  z1 -> TK1   0.970 

lam_1_2  z1 -> TK2   0.690 

lam_1_3  z1 -> TK3   0.900 

lam_2_1  z2 -> L1    0.828 

lam_2_2  z2 -> L2    0.965 

lam_2_3  z2 -> L3    0.710 

lam_3_1  z3 -> P1     0.855 

lam_3_2  z3 -> P2      0.791 

lam_4_1  z4 ->PK1    0.766 

lam_4_2  z4 -> PK2   0.959 

lam_5_1  z5 -> I1 0.837 

lam_5_2  z5 -> I2 0.925 

lam_5_3  z5 ->I3  0.990 

lam_6_1  z6 -> MDG1    0.605 

lam_6_2  z6 -> MDG2    0.681 

lam_6_3  z6 -> MDG3   0.639 

lam_6_4  z6 -> MDG4    0.619 

lam_6_5  z6 -> MDG5    0.827 

beta_1_6  z1 -> z4    -0.522 

beta_2_6  z2 -> z4    -0.320 

beta_3_6  z3 -> z4    -0.145 

beta_4_6  z5 -> z4    -0.012 

beta_5_6  z6 -> z4    -0.092 

 

> set.seed(123) 

> ecsiBoot3 <- bootsempls(ex2A, nboot=200, start="ones", verbose=TRUE) 

Resample: 200 Done. 

>summary(ecsiBoot3, type="perc", level=0.95) 

Call: bootsempls(object = ex2A, nboot = 200, start = "ones", verbose = TRUE) 

 

Lower and upper limits are for the 95 percent perc confidence interval 

 
 Estimate Bias Std.Error Lower Upper 

lam_1_1  0.9701 -0.010 0.0443 0.9258 1.0144 

lam_1_2  0.6903 0.030 0.1585 0.5319 0.8488 

lam_1_3  0.9004 -0.010 0.1106 0.7898 1.0110 

lam_2_1  0.8279 -0.010 0.1025 0.7254 0.9304 

lam_2_2  0.9652 -0.010 0.0234 0.9419 0.9886 

lam_2_3  0.7096 -0.010 0.0531 0.6565 0.7627 

lam_3_1  0.8550 -0.010 0.0093 0.8458 0.8643 

lam_3_2  0.7911 -0.100 0.1443 0.6468 0.9354 

lam_4_1  0.7662 -0.010 0.0617 0.7046 0.8279 

lam_4_2  0.9593 -0.010 0.0170 0.9424 0.9763 

lam_5_1  0.8373 -0.020 0.0473 0.7900 0.8846 

lam_5_2  0.9253 -0.010 0.0157 0.9096 0.9410 

lam_5_3  0.9901 0.010 0.0180 0.9721 1.0081 

lam_6_1  0.6047 -0.020 0.1153 0.4894 0.7200 

lam_6_2  0.6815 0.010 0.1583 0.5232 0.8398 

lam_6_3  0.6391 -0.010 0.0126 0.6265 0.6517 

lam_6_4  0.6193 -0.010 0.0191 0.6002 0.6384 

lam_6_5  0.8265 -0.020 0.1942 0.6323 1.0207 

beta_1_6      -0.5224 0.010 0.1046 -0.6270 -0.4179 

beta_2_6 -0.3204 0.010 0.1595 -0.4799 -0.1609 

beta_3_6 -0.1445 0.010 0.0454 -0.1899 -0.0992 

beta_4_6 -0.0124 0.001 0.0075 -0.0199 -0.0049 

beta_5_6 -0.0924 0.002 0.0058 -0.0982 -0.0866 

There were 24 warnings (use warnings to see them) 
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