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Introduction

Structural equation models (SEMs) are advanced statistical 
models that represent complex relationships between latent and 
observed variables [1]. Latent variables are random variables 
which are measured indirectly through observed variable. SEM 
is a superior modeling tool than other techniques because of 
reducing measurement errors by having multiple indicators 
of latent variables that is free from random error. Only a few 
studies attempted SEM to evaluate many factors which are inter-
related and cannot be easily disentangled by traditional statistical 
techniques [2-5].

Simulations studies have compared Bayesian estimation and 
frequentist estimation for SEM with small samples and advantage 
of Bayesian SEM (BSEM) is well documented in literature [6,7]. 
The BSEM is a potential tool to overcome assumption issues and  

 
robust for small sample problems [8-11]. In BSEM, the computation 
algorithm is based on raw observation rather than covariance 
matrix as in classical SEM and solved using powerful computing 
techniques such as Gibbs sampler and Metropolis-Hasting’s 
algorithms [12]. Numerous articles highlighted superiority of 
BSEM compared to other traditional techniques [8,9,12-16]. To 
our knowledge the use of BSEM to identify the significant latent 
constructs influencing quit smoking in tuberculosis (TB) and 
human immunodeficiency virus (HIV) patients was not studied so 
far. In the current study, we hypothesised a latent variables model 
using BSEM to identify the influencing factors for quit smoking in 
TB and HIV patients after one month of the interventions.

There is ample evidence for the association between smoking 
and TB, with literature showing smoking among TB patients 
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Abstract  

Structural Equation Model (SEM) is an advanced multivariate statistical tool for modeling latent variables and to control measurement errors. 
Bayesian SEM (BSEM) gives better estimates of latent variable compared to classical SEM. To our knowledge the use of BSEM approach to 
identify the significant latent constructs influencing quit smoking in tuberculosis (TB) and human immunodeficiency virus (HIV) patients was 
not studied so far. The aim of this study is to identify latent variables influencing quitting smoking in TB and HIV patients using BSEM. The data 
used for the study consist of 160 patients (80 TB and 80 HIV) randomised to receive smoking cessation intervention under clinical trial. The 
smoking status was measured after one month of intervention. The latent variables ‘reasons for smoking’ (measured by the variables work 
tension, family tension and pleasure while smoking) and ‘intensity of smoking’ (measured by the variables Fagerstrom score, smoking type, 
number of times smoking per day and smoking duration) and the information on socio-economic characteristics were considered for analyses. 
This study elucidates the importance of applying BSEM to assess smoking cessation in TB and HIV patients. BSEM gave the estimates indicating 
the latent variable ‘intensity of smoking’ had negative effect on quit smoking. 

Keywords:  Randomised Clinical Trial; Smoking Cessation; TB; HIV; Bayesian Structural Equation Model

Abbreviations: SEM: Structural Equation Model; BSEM: Bayesian SEM; TB: Tuberculosis; HIV: Human Immunodeficiency Virus; RCT: Randomised 
Controlled Clinical Trial; MDR-TB: Multidrug Resistance TB 
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causes morbidity and mortality. It was reported that smoking 
has been also associated with multidrug resistance TB (MDR-TB) 
[17-22]. Smokers who are infected with HIV will face more risks 
besides the impact of smoking. Compared to non-smoker, smokers 
were having poor viral and immunological response, more threat 
of virological rebound [23]. 

ICMR-National Institute for Research in Tuberculosis 
conducted a randomised controlled clinical trial (RCT) for 
quit smoking among TB and HIV patients. This trial used two 
interventions, one arm being standard counselling and other arm 
being physicians’ advice along with standard counselling to see 
the efficacy [24]. This was a unique opportunity to use this data 
to identify the latent factors influencing the quit smoking. We 
made an attempt to use BSEM for latent variables influencing quit 
smoking for TB and HIV patients and presented in this paper. 

The paper is structured as follows. In section 2, we propose 
BSEM model for continuous and ordered categorical variables. In 
section 3, we provide application of BSEM for clinical trial data 
to identify latent variables influencing for quitting smoking in TB 
and HIV patients. Section 4 describes results of the BSEM model. 
Final section provides discussions and conclusions.  

Methodology 

SEM 

SEM consists of the measurement equation and structural 
equation, the measurement equation of the SEM is defined by 

             
            ,iiiy ∈+Λ= ω    i = 1,…n                          (1) 

where 

yi = p X 1 random vector,  

Λ = p X q factor loading matrix, 

ωi = q X 1 factor scores vector and  

∈ i = (p x 1) is a random vector of error measurement  

∈  ~ ),0( ∈ΨN  where ∈Ψ is a diagonal matrix. 

Let TT
i

T
ii ),( ξηω = is a partition of ωi into an q1 x 1 dependent 

latent vector ηi and an q2 x 1 independent latent vector ξi, where ξ ~ 
N (0, I) and uncorrelated with ∈ .  The structural equation which 
provides the relationship between dependent latent variables and 
independent latent variables can be written as 

     iiii δξηη +Γ+Π=                                                       (2)

where, 

П(q1 x q1) &  )q x q( 21Γ = unknown parameter matrices of 
regression coefficients; 

δi = q1 x 1 random vector of error measurements. 

ξi ~N[0, Ф], and δi ~N[0, Ψδ], 

 Ψδ = diagonal matrix and ξi and δi are independent [12]. 

Suppose },{ yxv = , where },...,{ 1 rxxx =  is a subset of 
observable continuous variables, while },...,{ 1 syyy = be the 
remaining subset of unobservable continuous variables where 
p ≥ s = p-r ≥ 0.  The information related with y be given as an 
ordered categorical vector T

szzz ),...,( 1= .  The latent variable are 
either continuous or ordered categorical manifest variables as 
its indicators.  The relationship of y and z is defined by a set of 
thresholds as given bellow:
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where, 11,0, ... +<<< kkkk bααα  and for sk ,...1= , kz is an integral 
value in {0,1, …bk}.  In general, we set ∞=

+1, kbkα , −∞=0,kα -∞.  There are 
1+kb categories, for kth variable that are defined by the unknown 

threshold jk ,α . The integral values {0,1, …bk} of kz are used for 
identifying the categories which contain the corresponding 
elements in ky . These integral values are neither directly used 
in the posterior simulation nor in any actual computation of 
Bayesian analysis [12].

Markov Chain Monte Carlo Algorithms

In Frequentist analysis, parameters are used as constant, 
whereas in Bayesian analysis, parameters are taken as variables 
[25]. In Bayesian analysis, the prior distributions of a parameter 
is combined with likelihood obtained from the data to form 
posterior distribution of the estimates of the parameter. The 
Bayesian estimates of the latent variables and the parameters 
are estimated using Markov Chain Monte Carlo (MCMC) methods 
called the Gibbs sampler [26] and the Metropolis-Hastings (MH) 
algorithm [27,28].  MCMC algorithms creates approximations 
to the posterior distributions by iteratively selecting random 
draws in the MCMC chains. The initial draws of the estimates are 
mentioned as the burnin phase of the MCMC algorithms.  The 
trace plot of the posterior draws can be utilised to monitor the 
convergence. The maximum number of iteration for convergence 
can be assessed graphically by plotting the simulated sequences of 
individual parameters. If converged, the parallel sequence created 
with diverse initial values which overlap well.  The convergence 
can also be supervised using the Gelman-Rubin potential scaling 
reduction by the parallel computing in multiple MCMC chains. 
The parallel sequence of observations and the estimated potential 
scale reduction (EPSR) values of the parameters are estimated 
sequentially based on the starting values of the structural 
parameters and latent variables as the iterations proceed [29]. 
The ESPR values are less than 1.2 implies the convergence of the 
model [15]. 
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Evaluation Criteria

The model fit of BSEM is evaluated using a posterior predictive 
(PP) p-value. The BSEM model is considered to have a good fit if 
PP p- value near to 0.5. If the PP p-value is small (approaching 
zero), the model is a poor fit for the data [12].  

Application of BSEM to Clinical Traill Data 

Data

We used secondary data from randomised controlled trial 
piloted at ICMR-National Institute for Research in Tuberculosis 
(ICMR-NIRT), Madurai Unit during March 2010 to May 2012. A 
total of 160 patients (80 TB patients and 80 HIV patients) aged 
≥ 18 years, with either HIV or TB and with a history of current 
smoking (at least one cigarette in the past 1 week) were enrolled. 
This study was registered in the Clinical Registry of India 
(CTRI/2009/091/000962, 14.12.2009), approved by Scientific 
Advisory Committee and Institutional Ethics Committee of ICMR-
NIRT, Chennai to study the efficacy of physician’s advice in quitting 
smoking. 

Smoking Cessation intervention

The study participants were randomised to receive either 
intervention (Physician’s advice + counsellors’ counselling + 
Brochure/educative material) or control (counsellors’ counselling 
+ Brochure/educative material) for smoking cessation. The 
random allocation of the intervention was stratified based on 
nicotine dependence, evaluated using Fagerstrom dependence 
scale (a score of ≤5 was considered low and > 5 was high 
according to the Fagerstrom scale) [24]. In the intervention 
group, the physician’s advice was implemented via the modified 
5As strategy (Ask the patient if she/he uses tobacco, Advise her/
him to quit, Assess willingness to make a quit attempt, Assist 
her/ him in making a quit attempt, and Arrange for follow-up 
contact to prevent relapse) for quit smoking with the brochure 
describing the guidelines for smoking cessation and counselling 
from a counsellor. The control group was received a brochure 
explaining smoking cessation guidelines and counselling from a 
counsellor. The observed variables in this study were education, 
alcoholism, type of smoking, past history of quit smoking, number 
of times smoking in a day, different reasons for smoking. Quitting 
rate at end of one month was evaluated by self-reporting of the 
patient and carbon monoxide monitor reading breath analysis. 
The quit rate was defined as smoker not smoking at month one 
with history of smoking abstinence for one week and a carbon 
monoxide concentration <10ppm at the first month [24]. 

 

Model Specification 

In the study, the independent variables used were Fagerstrom 

score, smoking type, number of times smoking in a day and 
smoking duration, income, intervention to quit smoking, drinking 
habits, past history of quit smoking, presence of HIV infection 
and the reasons for smoking such as pleasure, work tension and 
family tension. There were seven independent variables framed 
as two independent latent variables. The three variables pleasure, 
work tension and family tension were used as indicator variables 
for the latent variable ‘reason’ ( 1ξ ) which was intended to 
address reason for smoking. The four variables Fagerstrom score, 
smoking type, number of times smoking and smoking duration 
were selected as indicator variables to address the latent variable 
‘intensity’ ( 2ξ ). The variables educations, income, intervention, 
drinking habits, past history of quit smoking, presence of HIV or 
TB infection were considered as covariates. The hypothesis of the 
study was that the latent variables ‘intensity’ and ‘reason’ were 
related to quit smoking after one month of the interventions. The 
hypothesis and the path diagram of SEM is given in (Figure 1). 
In the model of the current study, yi is 7 X 1 vector of manifest 
variable defining the 2 X 1 random vector of latent variables ωi. 
The factor loading matrix Λ is given below as

                                        (4)

where, λij are factor loading parameters with remaining values 
of the matrix are fixed as one and zero in the estimation in order to 
achieve the model identification. The non-overlapping structure 
of matrix leads to two latent variables. The structural model for 
this study is described as

                                   δξγξγη ++= 2211i
                                               (5)

Where the distributions of δ and T),( 21 ξξ are independently 
distributed as N [0, Ф] and .  

Software used

The latent class analyses were carried out using the software 
MPlus version 7.1. By assuming there was no prior knowledge 
about distributions of parameters, Mplus default prior (non-
informative prior) for BSEM was used for the study.  

Results

Profile of study population 

Out of 160 patients, 24 patients (12 patients in each 
intervention group) didn’t come back after first smoking cessation 
visit. The remaining 136 (68 each arm) patients available after 
one month of intervention was considered for further analysis. 
The profile of study population was given in (Table 1).  All the 
patients were observed as male with average age of 40 years with 
standard deviation of 8.6. Of the 136 patients, 59 (43%) were 
aged >40 years; literate was 111 (82%), alcohol users 109 (80%) 
and both cigarettes and Beedi smokers 55 (40%).  
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Figure 1: Standardized estimates of Bayesian structural equation model for smokers.
pastquit - past history of quit smoking, intervene -intervention, edu - education, ftension - family tension, wtension - work tension, findex - 
Fagerstrom score index, smktype - smoking type, smknumbr - number of times smoking in a day, smkdurtn-smoking duration..

Table 1: Basic characteristic of smokers with TB and HIV.

Factors Still smoking (N=84) 
n (%)

Quit smoking (N=52) 
n (%)

Total (N=136) 
n (%)

Age > 40 years 38 (45) 21 (40) 59 (43)

Illiterate 15 (18) 10 (19) 25 (18)

Alcohol users 66 (79) 43 (83) 109 (80)

Past history of quit smoking 37 (44) 22 (42) 59 (43)

Smoking Type  

Cigarettes 29 (35) 19 (37) 48 (35)

Fagerstrom Score  

Low 52 (62) 38 (73) 90 (66)

High 32 (38) 14 (27) 46 (34)

Reason for smoking  

Pleasure 69 (82) 42 (81) 111 (82)

Family Tension 59 (70) 37 (71) 96 (71)

Work Tension 77 (92) 45 (87) 122 (90)

Other Causes 6 (7) 5 (10) 11 (8)

Disease  

TB 42 (50) 31 (60) 73 (54)

HIV 42 (50) 21 (40) 63 (46)

Intervention  

Standard counseling 40 (48) 28 (54) 68 (50)

Physician advice plus Standard coun-
seling 44 (52) 24 (46) 68 (50)
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Quit rate 

Overall combined analysis including both HIV and TB, the 
quit rate was 38% (52/136). The quit rate among the patients 
received physician’s advice was 41% (28/68) and in the standard 
counselling was 35% (24/68) though the difference in quit rate 
was not significant (p=0.473). 

Convergence of BSEM 

The SEM model for this dataset did not converge; hence, 
we conducted a BSEM model for the study. To get the Bayesian 
estimates of latent variable and the parameters, 3000 observations 

were generated after discarding the first 3000 burn-in iterations. 
The convergence of the sampler was verified by assessing the 
trace plots. The plots for a selection of the parameters and 
posterior distribution of kernel density are shown in (Figure 2 
and 3).  (Figure 2) shows convergence plots, which demonstrate 
tight overlapping of parameter estimates across iterations. The 
overlapping indicates that the parameters are converged. The 
posterior probability density plots in (Figure 3) which depicts 
that the posterior distribution of the parameters is approximating 
normal.  ESPR values are also found to be less than 1.2 after 2,000 
iterations.   

Figure 2(a): Intensity by smoking type ( 2λ ).

Figure 2(b): Reason by pleasure ( 7λ ).

Figure 2(c): Outcome on intensity ( 1γ ).
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Figure 2(d): Trace plots of value of parameter for different iterations. Outcome on reason ( 2γ  ).

Figure 3(a): Intensity by smoking type ( 2λ ).

Figure 3(b): Reason by pleasure ( 7λ ).

Figure 3(c): Outcome on intensity  ( 1γ ).
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Figure 3(d): Posterior distribution of value of parameter for different iterations. 3d. Outcome on reason  ( 2γ  ).

Model fit of BSEM

In the current study, 42 parameters were used to estimate the 
influencing factors for quit smoking. The PP p-value of 0.3 for the 
fitted BSEM indicated the good fit of the model for the data.  

BSEM model estimates

The results of Bayesian estimates attained using 3000 

observations after convergence are presented in (Table 2 and 
3).  The posterior estimates of the parameters and their 95% 
posterior credible intervals are presented in (Table 2 and 3).  The 
standardised estimate of structural equation for quit smoking is

 

                     21 108.00.268- ξξη +=                                   (6)

Table 2: Bayesian estimate of measurement model of SEM for the smokers.

Factors

Unstandardized Standardized

p-value

Estimate Posterior SD 95% Credible Interval Estimate Posterior SD 95% Credible Interval

Intensity By        

Fagerstrom Score 1 - - 0.951 0.04 (0.848, 0.984) <0.001

Smoking type 0.141 0.074 (0.054, 0.332) 0.404 0.104 (0.184, 0.593) <0.005

Number of times 
smoking 3.104 1.395 (1.609, 6.447) 0.881 0.059 (0.756, 0.994) <0.001

Smoking duration 0.443 0.389 (-0.130, 1.423) 0.141 0.092 (-0.038, 0.325) 0.064

Reason By        

Family tension 1 - - 0.803 0.065 (0.656, 0.921) <0.001

Work tension 3.157 0.979 (1.040, 4.739) 0.973 0.047 (0.836, 0.990) <0.001

Pleasure 0.344 0.206 (0.066, 0.872) 0.429 0.157 (0.097, 0.699) <0.01

Intensity on        

Drinking 0.756 0.933 (-0.478, 3.125) 0.107 0.093 (-0.069, 0.289) 0.122

Past quit of smoking -0.197 0.681 (-1.789, 1.065) -0.035 0.096 (-0.225, 0.156) 0.357

HIV -0.7 0.621 (-2.032, 0.496) -0.127 0.095 (-0.294, 0.075) 0.115

Reason on        

Drinking 0.339 0.355 (-0.323, 1.077) 0.101 0.097 (-0.093, 0.286) 0.153

Past quit of smoking 0.329 0.334 (-0.323, 1.016) 0.125 0.116 (-0.106, 0.346) 0.141

HIV 0.099 0.281 (-0.548, 0.561) 0.037 0.101 (-0.173, 0.220) 0.366
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Table 3: Bayesian estimate of structural model of SEM for the smokers.

Factors
Unstandardized Standardized p-value

 Estimate Posterior SD 95% Credible Interval Estimate Posterior SD 95% Credible Interval

Outcome on        

Intensity -0.1 0.089 (-0.327, 0.020) -0.268 0.206 (-0.790, 0.051) 0.05

Reason 0.085 0.267 (-0.280, 0.836) 0.108 0.241 (-0.300, 0.702) 0.306

Outcome on        

Education 0.098 0.199 (-0.282, 0.508) 0.094 0.179 (-0.271, 0.430) 0.31

Income -0.052 0.04 (-0.133, 0.021) -0.166 0.12 (-0.392, 0.069) 0.09

Intervention -0.182 0.224 (-0.639, 0.254) -0.079 0.096 (-0.265, 0.111) 0.204

Drinking 0.202 0.312 (-0.419, 0.801) 0.071 0.106 (-0.142, 0.271) 0.257

Past quit of smoking -0.063 0.267 (-0.622, 0.424) -0.028 0.112 (-0.251, 0.185) 0.399

HIV -0.382 0.297 (-1.008, 0.158) -0.167 0.12 (-0.394, 0.070) 0.086

Education on        

Drinking 0.398 0.309 (-0.185, 1.026) 0.146 0.109 (-0.068, 0.352) 0.098

Past quit of smoking -0.097 0.261 (-0.604, 0.418) -0.045 0.117 (-0.268, 0.185) 0.353

HIV 0.732 0.277 (0.224, 1.306) 0.337 0.111 (0.108, 0.538) <0.005

Income on        

Drinking -0.001 0.772 (-1.536, 1.469) 0 0.083 (-0.164, 0.158) 0.5

Past quit of smoking -0.585 0.627 (-1.855, 0.622) -0.079 0.083 (-0.243, 0.084) 0.172

HIV 0.849 0.63 (-0.329, 2.156) 0.116 0.084 (-0.047, 0.283) 0.084

Covariance        

Intensity with reason 1.871 1.135 (0.537, 4.836) 0.497 0.144 (0.204, 0.773) <0.001

The latent variable intensity was almost significantly 
associated with the variable quit smoking after one month of 
the interventions. The estimate of intensity on quit smoking is 
-0.268 (p=0.05). The intensity had negative effect on the latent 
variable quit smoking. There was significant association between 
education and HIV disease (0.337, p<0.005) while drinking 
habits and past history of quit smoking were not associated with 
education as well as income. The variance between the latent 
variables ‘intensity’ and ‘reason’ for smoking was significantly 
different (0.497, p<0.001). When the smoking intensity of the 
patients was less, the patients had more chance to quit smoking 
habit (Table 3).  

All the factor loadings except smoking duration were 
significantly associated with their corresponding latent variables. 
The standardized estimates of Fagerstrom score, smoking type, 
number of times smoking in a day and smoking duration on the 
latent variable intensity were as follows: 0.951 (p < 0.001), 0.404 
(p < 0.005), 0.881 (p < 0.001), and 0.141 (p = 0.064). The estimates 
of family tension, work tension and pleasure on the latent variable 
‘reason’ were 0.803 (p < 0.001), 0.973 (p < 0.001) and 0.429 (p 
< 0.01), respectively. The covariates drinking, past history of quit 
smoking was found to be insignificant with the latent variables 
‘intensity’ ( 1ξ ) and ‘reason’ ( 2ξ )  (Table 2). 

Discussion 

The novel approach of the study was first of its kind to use 
BSEM with continuous and categorical variables in evaluating 
quit smoking in TB and HIV patients. The measurement and 
structural equations obtained from this study were useful to 
identify the latent variables influencing quit smoking. Bayesian 
SEM with non-informative prior gave the estimates indicating the 
latent variable ‘intensity’ of smoking was significantly negatively 
associated with smoking status of the patients after one month 
of intervention. The current study identified relationship between 
latent variables, intensity of smoking and reason for smoking.  It 
was found that there was a statistically significant association 
between education and HIV disease and no association between 
intervention and quit smoking.  

The current study using BSEM clearly identified that the latent 
variable intensity of smoking had negative effect on the outcome 
variable quit smoking of the patient. When the smoking intensity 
of the patients was less, the patients had more chance to quit 
smoking habit. The findings were corroborated with the findings 
from other previous studies using traditional methods [30-33]. 
This reveals that the behaviours which lead to greater cumulative 
exposure to tobacco products, smoking more cigarettes per day 
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and including younger age at initiation increase risk for death and 
reduce the chance to quit.  

BSEM was used in other settings and showed better estimates. 
The cross-cultural consistency of the factor structure of the 
Hedonic and Eudaimonic Motives for Activities (HEMA) scale was 
examined by BSEM showed that BSEM is more informative than 
the traditional SEM [34]. Similarly other studies applied BSEM 
to identify the factors for non-adherence to medication among 
hypertension patients [13], and type 2 diabetic patients with 
nephropathy [35]. In the current study showed that PP p- value 
for the model fit was 0.3 indicating that the BSEM model was 
found to be adequately fitting the data.  

Conclusion 

The Novel approach of the study was that from our knowledge 
we used first time BSEM to identify the latent constructs which 
influence quit smoking in TB and HIV patients. BSEM is powerful 
statistical computing tool for more accurate analysis of more 
complex variables. 
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