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Abstract 

There is a paucity of studies applying Generalized Estimating Equations (GEE) for 

longitudinal analysis of smoking cessation outcomes within the framework of a cluster 

randomized trial, especially among tuberculosis (TB) patients. In this study, a GEE 

model which accounts for repeated measures and cluster-level effects was imple-

mented to identify factors associated with smoking cessation among TB patients. 

The data included 375 TB patients who were smokers and given TB treatment during 

2013–2016 in Kanchipuram and Villupuram districts under a cluster randomized trial. 

GEE modeling provided robust, population-averaged estimates while accounting for 

intra-cluster correlation, confirming the sustained impact of these interventions. The 

model demonstrated that smoking cessation interventions, when integrated with TB 

treatment, had an impact on cessation outcomes in these populations.

1  Introduction

Smoking is highly prevalent among tuberculosis (TB) patients and is associated with 
poor treatment adherence and outcomes [1–4]. The global population of tobacco 
smokers aged ≥15 years was estimated to be around 0.96 billion by 2025, based 
on country wise prevalence and trends in population growth [5]. Of the 1.91 million 
(75%) TB patients in India who underwent tobacco use screening in 2023, 0.213 
million (11%) were found to be tobacco users [6]. In India, approximately 32% of TB-
related deaths attributed to bidi smoking [7]. The general strategies recommended 
for smoking cessation are doctor’s advice, nicotine replacement therapies (NRTs) 
and use of drug therapy. Pharmacological smoking cessation interventions in TB 
patients are critical due to the harmful impact of smoking on TB treatment outcomes 
and general health. A study from South Africa revealed that smoking habit was one 
of the significant factor associated with TB using binary logistic regression model [8]. 
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Numerous studies have demonstrated the effectiveness of pharmacological interven-
tions in aiding TB patients to quit smoking [9]. A randomized controlled trial from India 
showed that patients who received NRT combined with behavioral counseling had 
higher quit rates than those who received counseling only [10]. In the realm of smok-
ing cessation, both NRT and Bupropion Sustained Release (SR) are recognized as 
effective pharmacological interventions [11]. Clinical studies indicate that Bupropion 
SR can double the likelihood of quitting smoking compared to placebo, with reported 
quit rates ranging from approximately 19% to 24% at six months post-treatment 
[12,13]. In terms of cost-effectiveness, studies have shown that Bupropion SR may 
also present a more favorable economic profile compared to NRT, particularly when 
considering the long-term health benefits associated with successful smoking ces-
sation [14,15]. Prior studies in India have shown encouraging results for Bupropion 
SR in the general population [16,17]. Furthermore, if there is an addition of behav-
ioral support to the treatment, chances to sustain quitting also increase [18–20]. 
Evidence shows that the most receptive period for cessation advice for TB patients 
is during treatment because the TB patients are more aware of their health status 
and the effects of smoking [21]. Moreover, the implementation of smoking cessation 
programs within TB treatment frameworks can lead to improved health outcomes. 
Evidence indicates that smoking cessation improves TB treatment outcomes while 
also lowering the risk of relapse and re-infection [22].

Generalized Estimating Equations (GEE) is a statistical method used to analyze 
correlated data, such as repeated measurements on the same individuals or data 
clustered within groups. GEE extends generalized linear models to account for 
within-subject or within-cluster correlation, providing robust, population-averaged 
estimates of associations between predictors and outcomes. GEE is used to iden-
tify covariates in a longitudinal study in which same parameters were measured at 
different time points. It has been particularly useful in cases where the distribution 
of the outcome variable is not known or when the focus is on the marginal effects of 
covariates on the outcome [23]. GEE was used to assess trends in smoking behav-
ior, including present and passive cigarette smoking as well as hookah use, over 
time in a lifestyle intervention for adolescents [24]. Another study employed GEE to 
probe factors affecting sources of knowledge on smoking and awareness of smok-
ing associated diseases among male urban secondary school students [25]. One 
of the key advantages of GEE is that it gives consistent estimates of the regression 
coefficients even when the correlation matrix is not correctly specified [20,26,27]. 
Our center ICMR-National Institute for Research in Tuberculosis (NIRT) conducted 
a cluster-randomized trial (CRT) on smoking cessation among TB patients aged ≥18 
years who were smokers, comparing Bupropion SR and Enhanced Counseling (EC) 
with standard counseling for smoking cessation [28]. The trial results indicated that 
both EC and Bupropion SR were effective strategies for smoking cessation based on 
unadjusted statistical analysis. In India, there is a paucity of studies applying GEE for 
longitudinal data analysis of smoking cessation outcomes within the framework of a 
CRT, especially among TB patients. We applied a GEE model to evaluate smoking 
cessation outcomes, as it accounts for both repeated measures within individuals 
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and clustering of patients within TB treatment centers inherent in the CRT. GEE provides robust, population-averaged 
estimates of intervention effects, making it appropriate for assessing overall effectiveness of smoking cessation interven-
tions among TB patients. This paper utilizes data on TB patients’ smoking consumption and integrates changes in smok-
ing behavior across various socio-economic and demographic sub-groups from two districts in Tamil Nadu, India. This 
approach helps to identify the factors contributing to smoking cessation during and at the end of the TB treatment period.

2  Methods

2.1  Data source

The secondary data on 375 male TB patients (new and previously treated smear-positive cases) aged ≥18 years with cur-
rent history of smoking and who were initiated on treatment under 36 National TB Elimination Programme (NTEP) centres 
(formerly the Revised National TB Programme (RNTCP)) in Kanchipuram and Villupuram districts of Tamil Nadu, India were 
considered for the study. This data was obtained from a CRT conducted at the ICMR-NIRT during 2013–2016. The details 
of design and other particulars can be found elsewhere [28]. The study was registered with the clinical trial registry of India 
(no CTRI/2013/07/003830). The centres were randomly assigned to one of the following interventions: Bupropion SR plus 
standard counseling, EC, or the Standard Counseling/Control arm. Socio-demographic and smoking-related details of the 
research participants were collected through a questionnaire, and the administered interventions were documented in the 
pre designed study forms. The variables age, education level, occupation type, marital status, age at started smoking, type 
of smoking, and level of nicotine dependence (measured by the Fagerstrom Index), reason for smoking were considered 
for the study. The status of smoking habit at the end of second month and at the end of TB treatment period were recorded. 
Smoking status was assessed based on self-reports and confirmed by carbon monoxide test (reading <10 parts per million 
(ppm) considered quit). In cases of discrepancies between self-reported status and test results, the final classification was 
‘still smoking’ if either method indicated still smoking. Patients were classified as either ‘quit smoking’ or ‘still smoking’. 
Self-reported smoking status was a binary variable, categorized as ‘quit smoking’ or ‘still smoking’.

2.2  Statistical methods

The GEE method is often used to fit marginal models, where the association between the response and covariates is 
modeled separately from the correlation of repeated measurements within individuals [29].

2.2.1  Fundamental concepts and structure of GEE.  The GEE method is derived from the Generalized Linear Model 
(GLM) to handle longitudinal data where responses are correlated and was developed by Liang and Zeger [30,31]. GEE 
is used on quasi-likelihood instead of maximum likelihood estimation (MLE) because it does not require a fully specified 
likelihood function for parameter estimation. Instead, it only assumes a working correlation structure for the repeated 
measurements while modeling the mean and variance relationships. MLE is commonly used for parameter estimation. 
However, for some distributions within the exponential family, a standard likelihood function may not be available. In such 
cases, the quasi-score method can be applied, where the model is based on mean and variance of the data. The quasi-
score function forms the basis of the estimation procedure in the GEE framework. Therefore, parameter estimation in GEE 
relies on the quasi-likelihood approach rather than the traditional maximum likelihood method.

The model defines the marginal expectation of dependent variable as linear combination of independent variables. 
Specifically, the mean E (Yij) has been estimated as a function of independent variables.

•	 The expected value of dependent variable given the covariates, denoted as E(Yij|Xij) = µij  is linked to the covari-
ate vector xij  through the equation, g(µij) = xijβ. g(. ) which uses a link function appropriate to the distribution of the 
dependent variable.

•	 Variance of Yij is a function of its mean, expressed as Var(Yij) = φv(µij), where v(. ) is determined by distribution of the 
dependent variable (response) and φ be a parameter scale that must be estimated.
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•	 The relation between two responses, yij  and yik  is expressed in terms of their marginal estimated average and a correla-
tion parameter expressed as corr(yij, yik) = ψ(µij; µik; α), where ψ (.) is a specified correlation function and α denotes 
the correlation parameter.

Assumptions in GEE are:

(a)	 The dependent variables are correlated within clusters

(b)	 Homogeneity of variance (constant variance) is not required

(c)	 The independent variables do not exhibit multicollinearity

(d)	 The correlation structure among repeated measurements must be specified or estimated

(e)	 Parameter estimation is based on quasi-likelihood rather than full likelihood methods

The components of GEE model, which extend the GLM are given as:

•	 The dependent variable (yij) follows distribution from the exponential family, where i = 1, 2, . . . , N  denotes ith subject 
and j = 1, 2, . . . , nt, j  denotes the repeated measurement for each subject.

•	 The linear predictor is defined as ηij = xTijβ where xij  is the covariate vector and β is the vector of regression 
coefficients.

•	 A known link function g(·) relates the mean of the response variable, µij = E(Yij|Xij) to the linear predictor such that 

g(µij) = ηij

2.2.2  GEE estimation.  If yij  is the dependent variable for ith subject where observations are made over T time points 
for each of n subjects, i = 1, 2, .... n. xit is an associated covariate vector of dimension p for all yij , The response vector 
can be denoted as yi and covariate matrix is represented as Xi  for each subject. It is assumed that the data pairs (yi , Xi) 
are independent and identically distributed across subjects.

	 E (yij
∣∣Xi) = E (yij

∣∣ xit) = xTitβ	 (1)

The GEE U(β) equation can be written as [32]:

	

U(β) =

[{(∑N

i=1
xTmiD

(
∂µ

∂η

)[
V (µi)

–1
(
yi – µi
a(φ)

)])}

m=1,...,p

]

(p×1)

= [0](p×1)

	 (2)

D(.) denote the matrix derived from the derivative of the mean with respect to the model parameters. The term a(ϕ) 
represents a function of the dispersion parameter ϕ typically used to account for over dispersion in the data. V (µi) is a 
diagonal matrix of independent correlation structure from the form:

	
V (µi) =

[
D (V (µij))

1
2 I(ntxnt)D (V(µij))

1
2

]
ntxnt 	 (3)

However, for different structure of correlation, the variance-covariance matrix V(µi) for the ith subject can generally be 
expressed as:

	
V (µi) =

[
D (V (µij))

1
2 R(α)(ntxnt)D (V(µij))

1
2

]
ntxnt	 (4)
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R(α)denotes the correlation matrix which is calculated using the parameter vector α.
The equation for estimating the regression coefficients in a GEE model is [33]:

	
U(β) =

∑N

i=1
XTi V

–1
i [Yi – g (Xiβ)] = 0

	 (5)

where Yi  is ith observation vector (the response variable for the i-th subject or cluster), Xi  is the ith design matrix (the 
matrix of independent variables for the ith observation), β is the vector of unknown parameters (the regression coefficients 
to be estimated), g(Xi β) is the regression function, where g(·) is the link function (e.g., identity, logit, etc.), Vi  is the cova-
riance matrix of the ith observation, which accounts for the within-subject correlation. The structure of Vi  depends on the 
assumed correlation structure, Vi  reflects the assumed correlation between the repeated measurements within the same 
subject: Exchangeable (constant correlation between measurements) or autoregressive (correlation decays with time or 
distance) or Unstructured (no assumption about the correlation). In GEE, robust standard errors are used to provide valid 
inference even if the correlation structure is misspecified [31]. The estimation is done by solving the GEE equation, which 
is usually achieved through iterative methods, such as the iterative weighted least squares algorithm [34].

2.2.3  GEE for binary data.  When the outcome variable Yit  is binary, the GEE model is specified using a logistic link 
function with a binomial distribution. For a binary outcome variable Yit, the GEE model is expressed as [35]:

	
logit(πit) = log

(
πit

1 – πit

)
= β0 + β1X1it + β2X2it + · · ·+ βpXpit

	 (6)

where, πit = P(Yit = 1|Xit) is the probability of quitting smoking at time t for individual i , X1it,X2it, ...,Xpit are the predictor 
variables, β0 is the intercept, and β1,β2, ...,βp are the regression coefficients, the logit link function log

(
π
1–π

)
 ensures that 

the model predicts probabilities between 0 and 1.
2.2.4  Estimation of regression coefficients.  For estimating the regression coefficients in a GEE model, g(Xiβ) is the 

expected value of Yi, given by the logistic function given below (7):

	
g (Xiβ) =

exp (Xiβ)
1+ exp (Xiβ)	 (7)

where, Vi  is the working variance-covariance matrix, which accounts for within-subject correlation. It is defined as:

	 Vi = A1/2i R(α)A1/2i 	 (8)

where, Ai  is a diagonal matrix with elements 
(

πit
1–πit

)
, representing the variance of the binary outcome and R(α) is the work-

ing correlation matrix, specifying the assumed correlation structure within subjects.
2.2.5  Covariance matrix in the model.  In GEE framework, two types of variance-covariance estimator matrices 

are commonly used: the naïve estimator and the robust (or sandwich) estimator. These estimators serve two primary 
purposes: (i) to assess the statistical significance of covariates in the model, and (ii) to evaluate the appropriateness of the 
predefined correlation pattern. The mathematical forms of the Equations (9) and (11) show the naïve and robust variance 
estimators, respectively:

	
V
(
β̂
)
=

[∑N

i=1
DT
i

(
V̂–1i

)
Di

]–1
	 (9)
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for data with normal distribution, Di = Xi, so

	
V (α̂) =

[∑N

i=1
XTi

(
V̂–1i

)
Xi

]–1
	 (10)

Naïve estimator will be useful for small sample size (N < 20).

	
V
(
β̂
)
=

∑N

i=1
M–1
0 M1M–1

0 	 (11)

with

	
M0 =

[∑N

i=1
DT
i

(
V̂–1i

)
Di

]

	 (12)

	
M1 =

[∑N

i=1
DT
i

(
V̂–1i

)
(yi – µ̂i) (yi – µ̂i)

T Di

]

	 (13)

For large sample size, robust variance estimator is appropriate.
2.2.6  Correlation structure of the GEE model.  The correlation pattern is defined as Ri(α), here α represents 

the average dependence between repeated measurements within the same subjects. The estimate of this parameter, 
denotedα̂, quantifies the correlation structure for each pair of repeated observations. Before evaluating the correlation 
pattern, the residual error is calculated using equation (14):

	

eij =
(yij – µij)√

v(µij)

ϕ 	 (14)

The error, êij is applied for getting values of α̂ and ϕ will be useful to predict correlation. Suppose the data exhibit over 
dispersion, then the dispersion parameter ϕ is estimated using equation (15):

	
ϕ =

1
K – p

∑N

i=1

∑nt

j=1
e2ij

	 (15)

Here, K =
∑N

i=1 ni  and p is the number of covariates.
2.2.7  Parameter estimation of the model.  Parameters calculation in the model involves solving equation (5), which 

requires prior knowledge of the assumed distribution of the longitudinal data. The first step is to identify the shape of 
the data distribution, which is then expressed in the form of an exponential family distribution. From this, the mean and 
variance functions are derived, which are central to constructing the GEE.

For example, if the longitudinal response data are assumed to follow a normal distribution, the corresponding exponen-
tial family form is expressed as:

	
f
(
y
∣∣∣µ,σ2

)
=

1

(2πσ2)
1
2

exp
[
–
1
2σ2

(y – µ)2
]

	 (16)
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= exp

{
ln
((

2πσ2
)– 1

2

)
–
[

1
2σ2 (y – 2yµ+ µ2)

]}

	 (17)

	
= exp

{
yµ – 1

2µ
2

σ2
+

(
ln
(
2πσ2

)– 1
2

)
–

y2

2σ2

}

	 (18)

This has been observed that θ = µ, b(θ ) = 1
2µ

2 and (ϕ) = σ2. When the dependent variable follows normal distribution 
with mean = 0 and variance = 1, then the variance is:

	

V (µit) =




1 0 · · · 0 0
0 1 0 0 0
... 0

. . . 0
...

...
...

... 1 0
0 0 · · · · · · 1




	 (19)

The variance of the model for the normal distribution can be derived as given below:

	 V (α̂) = ϕA
1
2
i Ri (α̂)A

1
2
i 	 (20)

	

=




1 0 · · · 0 0
0 1 0 0 0
... 0

. . . 0
...

...
...

... 1 0
0 0 · · · · · · 1



Ri(α)




1 0 · · · 0 0
0 1 0 0 0
... 0

. . . 0
...

...
...

... 1 0
0 0 · · · · · · 1




	

	 = ϕRi(α̂)	

Thus, the model equation for longitudinal data that follows a normal distribution is given by (21):

	

∑N

i=1
XTi [ϕRi (α̂)]

–1
(yi – Xiβ) = 0

	 (21)

This is split down into:

	

∑N

i=1
XTi [ϕRi (α̂)]

–1 yi –
∑N

i=1
XTi [ϕRi (α̂)]

–1 Xiβ = 0
	 (22)

	

∑N

i=1
XTi [ϕRi (α̂)]

–1 yi =
∑N

i=1
XTi [ϕRi (α̂)]

–1 Xiβ	 (23)

	
β̂ =

[∑N

i=1
XTi [ϕRi (α̂)]

–1 Xi

]–1 [∑N

i=1
XTi [ϕRi (α̂)]

–1 yi

]

	 (24)
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In general, β̂ is calculated using the below equation (25):

	
β̂ =

[∑N

i=1
XTi [ϕRi (α̂)]

–1 Xi

]–1 [∑N

i=1
XTi [ϕRi (α̂)]

–1 yi

]

	 (25)

The estimation of the β̂ parameter in the GEE model is performed numerically to obtain a convergent solution.

2.3  Ethics

Since this modeling study involved secondary data analysis, acquiring ethical approval was not applicable. The original 
study was ethically approved and written informed consent were obtained from the study participant [28]. This study data 
allowed for a comprehensive assessment of the covariates affecting the effectiveness of each intervention in promoting 
smoking cessation. The analysis was conducted using the IBM SPSS Statistics for Windows Version 25.0 (IBM Corp., 
Armonk, NY, USA).

3  Results

Of 375 TB patients, all males, 198 (52.8%) were aged >45years, 282 (75.2%) were literate, 352 (93.9%) were employed. 
Additionally, 320 (85.3%) were married, 226 (60.3%) began smoking at or before the age of 20 years. Among 375 
patients, 120 (32%) were received the intervention Bupropion SR + Standard counselling, 114 (30.4%) were received the 
intervention EC and 141 (37.6%) recruited the control arm standard counselling. Among the 375 patients, 215 (57.3%) 
and 247(65.9%) stopped smoking after 2nd and 6th months respectively while 160 (42.7%) and 128 (34.1%) were still 
smoking after 2nd and 6th months respectively. The reasons for smoking habits among participants were categorized as fol-
lows: The majority, 243 TB patients (64.8%), reported that they were smoking in the company of friends, while 72 patients 
(19.2%) were smoking out of curiosity or the desire to experience tobacco use. Additionally, 105 (28%) smoked to cope 
with for emotional distress. Table 1 shows the basic characteristics of TB patients based on their smoking cessation status 
at the end of treatment.

GEE was fitted to identify the factors associated with quit smoking over time points and the estimated effects in 
terms of odds ratio (OR) are presented with 95% confidence interval (CI) in Table 2. The quit smoking was sig-
nificantly higher among the patients who received the Bupropion SR plus standard counselling (OR: 1.86, 95%C.I 
(1.17, 2.94), p < 0.01) and even greater in patients who received EC (OR: 3.26, 95% C.I (1.99, 5.34), p < 0.001) 
compared to those patients in the control group receiving standard counselling alone. Additionally, smoking ces-
sation rates increased significantly by the end of the sixth month of treatment (OR: 1.48, 95% CI: 1.20–1.82, 
p < 0.001) compared to baseline.

4  Discussion

In this study, we developed a GEE model to assess the effectiveness of EC and Bupropion SR on smoking cessation 
among TB patients in a CRT. A major strength of this study is the use of secondary data derived from a CRT design, which 
minimizes contamination between treatment groups and enhances the generalizability of findings. GEE was chosen as it 
accounts for the correlation among repeated observations within clusters and provides population-averaged estimates of 
treatment effects. Our results support the integration of EC approaches into TB treatment programs to maximize smoking 
cessation rates. The study findings indicate that smoking cessation rates were highest among patients who received EC, 
followed by those who received Bupropion SR plus standard counseling, compared to the control group with standard 
counseling alone. The likelihood of quitting smoking was significantly greater in the EC group, demonstrating its superior 
effectiveness. Additionally, cessation rates significantly improved over time, with a notable increase at the end of the 6th 
month compared to baseline.
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Our study achieved a 57.3% cessation rate at the end of month 2 and a 65.9% cessation rate at the end of month 
6 which is similar to reports of cessation intervention for tobacco use among TB patients in Sudan, Indonesia and 
Bangladesh [36]. GEE models are used to find the covariates responsible for the outcome variable of interest is feasible 
according to the data which we are handling. We observed a significant and positive effect of treatment arms on smoking 
cessation. Our findings are consistent with our main study [28]. We identified that quitting smoking showed difference 

Table 1.  Comparison of basic characteristics of TB patients based on smoking cessation status.

Variables Smoking Status n (%) Total (%)
N = 375Quit Smoking

n = 247
Still Smoking
n = 128

Age in years

   > 45 114 (46.2) 63 (49.2) 177 (47.2)

   ≤ 45 133 (53.8) 65 (50.8) 198 (52.8)

Education

  Literate 188 (76.1) 94 (73.4) 282 (75.2)

  Illiterate 59 (23.9) 34 (26.6) 93 (24.8)

Employment

  Unemployed 16 (6.5) 7 (5.5) 23 (6.1)

  Employed 231(93.5) 121(94.5) 352 (93.9)

Marital Status

  Unmarried 42 (17.0) 13 (10.2) 55 (14.7)

  Married 205 (83.0) 115 (89.8) 320 (85.3)

Age of start smoking in years

   > 20 101(40.9) 48 (37.5) 149 (39.7)

   ≤ 20 146 (59.1) 80 (62.5) 226 (60.3)

Type of smoking

  Others 2 (0.8) 1 (0.8) 3 (0.8)

  Beedi & Cigarette 45 (18.2) 32 (25.0) 77 (20.5)

  Beedi 114 (46.2) 58 (45.3) 172 (45.9)

  Cigarette 86 (34.8) 37 (28.9) 123 (32.8)

Fagerstom index

  Low dependent 192 (78.4) 87 (68.0) 279 (74.8)

  High dependent 53 (21.6) 41 (32.0) 94 (25.2)

In the company of friend

  No 94 (38.1) 38 (29.7) 132 (35.2)

  Yes 153 (61.9) 90 (70.3) 243 (64.8)

Wanted to experience

  No 201(81.4) 102 (79.7) 303 (80.8)

  Yes 46 (18.6) 26 (20.3) 72 (19.2)

Emotional problem

  No 174 (70.4) 96 (75.0) 270 (72.0)

  Yes 73 (29.6) 32 (25.0) 105 (28.0)

Patients randomized to treatment

  Bupropion SR + Standard counselling 81(32.8) 39 (30.5) 120 (32.0)

  Enhanced counselling 94 (38.1) 20 (15.6) 114 (30.4)

  Standard counselling 72 (29.1) 69 (53.9) 141(37.6)

https://doi.org/10.1371/journal.pone.0333992.t001
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Table 2.  Parameter estimates of GEE model for factor influencing smoking cessation among TB patients.

Variable Estimate Standard Error Exp(B) 95% Confidence Interval 
for Exp(B)

p-value

Lower Upper

Age in years

   > 45 0.143 0.203 1.154 .776 1.716 0.480

  <=45 Reference

Education

  Literate 0.029 0.231 1.030 1.030 .655 0.899

  Illiterate Reference

Employment

  Unemployed .378 0.425 1.459 .634 3.360 0.374

  Employed Reference

Marital Status

  Unmarried 0.284 0.278 1.329 .771 2.290 0.306

  Married Reference

Age at start smoking in years

   > 20 .030 0.200 1.030 .697 1.524 0.881

  <=20 Reference

Type of smoking

  Others than beedi & Ciagartte 0.314 1.072 1.368 .167 11.183 0.770

  Beedi & Cigratte −0.296 0.285 .744 .425 1.300 0.299

  Beedi −0.204 0.238 .816 .511 1.301 0.392

  Cigarette Reference

Fagerstom index

  Low dependent 0.274 0.229 1.315 .840 2.059 0.231

  High dependent Reference .

In the company of friend

  No 0.407 0.251 1.503 .920 2.455 0.104

  Yes Reference

Wanted to experience

  No 0.266 0.288 1.305 .742 2.295 0.356

  Yes Reference

Emotional problem

  No 0.342 0.235 1.408 .888 2.233 0.146

  Yes Reference

Patients randomized to treatment

  Bupropion SR + Standard counselling (Arm T1) 0.620 0.235 1.859 1.174 2.943 p < 0.01

  Enhanced Counselling (Arm T2) 1.182 0.251 3.260 1.991 5.336 p < 0.001

  Standard Counselling (Arm C) Reference

Time

  At end of 6th month of treatment 0.391 0.106 1.478 1.200 1.820 p < 0.001

  At end of 2nd month of treatment Reference

https://doi.org/10.1371/journal.pone.0333992.t002
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pattern on smoking cessation interventions. Specifically the 6-month follow-up was positively associated with smoking 
cessation, indicating that the intervention became more effective over time.

In a randomized clinical trial evaluating the efficacy of bupropion SR and individual counseling among adult daily smok-
ers, the bupropion SR treatment significantly increased abstinence rates compared to placebo, while individual counseling 
alone did not show a significant effect in quit smoking. The combination of bupropion SR and counseling did not yield 
higher abstinence rates than bupropion SR alone [37]. A recent network meta-analysis of 103 randomized controlled trials 
evaluated combined effect of various behavioural and pharmacological interventions on smoking cessation. The study 
found that combining behavioural therapies with pharmacotherapy was effective in smoking treatment and was recom-
mended in clinical practice [38]. These studies suggest that EC, when combined with pharmacotherapy, can be more 
effective than standard behavioural interventions alone in promoting smoking cessation.

This study provides insight into public health since it addresses the critical problem of smoking among TB patients, 
which aggravates the challenges of treatment and increases the period of recovery. The GEE model enables the study to 
provide a robust statistical approach in determining factors that influence smoking cessation, both individual and socio-
environmental variables. Findings may inform targeted interventions and healthcare policies for better treatment outcomes 
for TB as well as reduce smoking-related complications. Thus, the current research contributes to the global health by 
providing information that helps improve control strategies of the disease and patient adherence to tobacco smoking ces-
sation during treatment.

The limitation of the study is that while GEE adjusts for intra-cluster correlation, unmeasured confounders might still 
influence the outcomes [39]. Future research should explore longer follow-up durations to assess the sustainability of 
cessation outcomes and examine whether the combination of pharmacotherapy and counseling offers additional long-term 
benefits. The study findings may not be pertinent to female smokers, as there were none in the study.

5  Conclusion

This study highlights the effectiveness of EC and Bupropion SR in promoting smoking cessation among TB patients, 
demonstrating the superiority of EC in achieving higher quit rates. The GEE model was instrumental in analyzing 
treatment effects while accounting for the correlation of repeated measures within clusters. The model provided 
robust, population-averaged estimates, reinforcing the validity of our findings. Our results show that smoking cessa-
tion rates improved significantly over time, with the highest success observed at the 6-month follow-up, confirming 
the sustained impact of the interventions. The significant association between treatment arms and smoking ces-
sation further supports the integration of EC into TB treatment programs to maximize patient outcomes. The use 
of the GEE model in this study was appropriate and effective in handling the clustered data structure, addressing 
intra-cluster correlation, and providing reliable inferences on treatment effectiveness. These findings contribute to 
public health strategies by guiding targeted interventions and policy decisions to improve smoking cessation among 
TB patients. Future research should continue utilizing GEE models for analyzing clustered and longitudinal data in 
similar intervention studies.
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