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Abstract: Bayesian Structural Equation Modeling (SEM-Bayesian) was applied across different
research areas to model the correlation between manifest and latent variables. The primary purpose
of this study is to introduce a new framework of complexity to adolescent obesity modeling based on
adolescent lifestyle through the application of SEM-Bayesian. The introduced model was designed
based on the relationships among several factors: household socioeconomic status, healthy food
intake, unhealthy food intake, lifestyle, body mass index (BMI) and body fat. One of the main
contributions of this study is from considering both BMI and body fat as dependent variables. To
demonstrate the reliability of the model, especially in terms of its fitting and accuracy, real-time data
were extracted and analyzed across 881 adolescents from secondary schools in Tehran, Iran. The
output of this study may be helpful for researchers who are interested in adolescent obesity modeling
based on the lifestyle and household socioeconomic status of adolescents.

Keywords: household socioeconomic; adolescent obesity; public health; adolescent lifestyle; Bayesian
structural equation modelling

1. Introduction

The prevalence of obesity has almost tripled over the past four decades, and it is
now identified as a global epidemic since it causes over four million deaths every year [1].
Indeed, this medical condition is a major threat to individuals’ health, as it increases the
risk of developing various chronic diseases such as type 2 diabetes, non-alcoholic fatty liver
disease, hypertension, stroke, obstructive sleep apnea (OSA) and several types of cancer [2].
Obesity can also result in a lower quality of life and unemployment, lower productivity
and social disadvantages [3]. The World Health Organization (WHO) defines obesity as
abnormal or excessive fat accumulation, which may impair health and is diagnosed at a
BMI of ≥30 kg/m2. This health issue is prevalent across all ages, and WHO estimated
that over 340 million children and adolescents were overweight or obese in 2016 [4]. Large
bodies of research have also demonstrated that obese children and adolescents are much
more likely to have elevated BMIs than adults [5].

Obesity does not only have adverse effects on adolescents’ physical health, but also
their psychological health, as well as their academic achievement and social life. Re-
search has indicated that, at schools, obese adolescents reportedly showed poor academic
performance [6], had lower attendance rates [7] and were often involved in disciplinary
offences [8]. Cate and Samouda [9] also found that behavioral and psychological problems
among obese adolescents are higher compared to their non-obese counterparts. In terms of
health-related quality of life (HRQoL), data consistently indicated that HRQoL decreases
with an increasing level of BMI, where adolescents with extreme obesity were profoundly
affected [10]. Furthermore, emerging evidence suggests that overweight or obese children
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and adolescents are particularly susceptible to psychosocial problems concerning self-
image, body dissatisfaction, social stigmatization, peer victimization and depression [11].
In a recent study, Hales and Fryar [12] found that obesity among adults has risen dramati-
cally since the 1980s, while it reached a plateau among adolescents between 2005–2006 and
2013–2014.

Quantitative analysis through systems modeling is particularly significant for ad-
vancing obesity studies, as it provides us with a better understanding of the correlations
among various determinants of obesity. For example, statistical modeling serves as a tool
in developing conceptual models that quantify the complex systems problem of obesity
involving a wide range of social, economic, cultural, biological, environmental, behavioral
and policy factors [13]. The model is widely used not only to inform policy planning and
strategy at different levels of the government to overcome the complex issues of obesity
among targeted population subgroups [14], but also serves as a basis for future research on
the larger community to guide obesity prevention measures [15]. Economically speaking,
this model has the potential to reduce the annual healthcare cost to society by suggesting ef-
ficient ways to prevent a further increase in obesity rates and improve its management [16].
Such preventive measures are particularly useful for researchers and decision-makers in
public health systems. For example, one of the policy responses to the prevalence of obesity
is the introduction of children and adolescents’ obesity intervention programs [17].

1.1. Previous Studies on Adolescent Obesity Modeling

Some research papers have justified and determined the indicators of obesity among
adolescents, and in this study, we classified them into four main categories of main vari-
ables related to household environments: household socioeconomic; lifestyle; food intake
(healthy food intake, unhealthy food intake); and parental obesity indices (parents’ BMI
and parents’ body fat).

Previous studies on BMI indicated that household socioeconomic is the main key of
household environment that has a significant impact on adolescent obesity, and this postu-
lation has been proven by Mireku and Rodriguez [18] and Sigmund and Sigmundová [19]
in their works. Meanwhile, another group of common indicators such as age, income,
and education of the parents have also been examined in the previous empirical works
on BMI. This paper integrates six variables (age of father, age of mother, education of
father, education of mother, income of mother and income of father) with a latent construct
(household socioeconomic) as the main independent variables.

Tee and Gan [20] confirmed that an unhealthy lifestyle is one of the main reasons for an
adolescent being overweight or obese. Concerning the effect of an unhealthy lifestyle, some
scholars found a relationship between physical activity and adolescents’ sleep behavior.
To highlight this relationship, Micklesfield and Hanson [21] and Gillis and Shimizu [22]
presented that poor sleep quality causes less physical activity among adolescents. Moreover,
screen time reportedly has more impact on this relationship [23]. This claim was proven by
Laurson and Lee [24], who indicated that a lack of exercise and sleep with increased screen
time are the main reasons why adolescents become overweight and obese. Pocket money is
another research variable that could have a direct or indirect impact on obesity. Bugge [25]
in Norway found that different age groups spend their pocket money on unhealthy food,
which indirectly affects the BMI level. Furthermore, smoking habits and drinking alcohol
are indications of unhealthy lifestyles among adolescents [26]. However, this work informs
us that more than 70% of the respondents were reluctant to reveal their smoking habits
and alcohol consumption during the survey. Taking this into consideration, these two
indicators are therefore omitted in our research framework. As a result, lifestyle in this
study only takes four measurements into account: amount of sleep; pocket money; physical
activity; and screen time.

Food intake behavior or food consumption is another main variable used in not only
adolescent but also children, adult and elderly obesity modeling. Very few studies have
involved one latent variable as food intake in their obesity modeling [27]; however, most of
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them applied both healthy food intake and unhealthy food intake separately in their obesity
modeling [28,29]. In adolescent obesity modeling, sugar-sweetened, fast food and snacks
are mostly included as the main unhealthy food consumption. For instance, Maruapula
and Jackson [30] presented that many adolescents like to have snacks in their daily life.
Another study by Sylvetsky and Visek [31] found that adolescents between 12–19 years old
have the highest sugar-sweetened beverage consumption compared to other young age
groups. In our study, we applied two latent variables of healthy food intake and unhealthy
food intake, which are included among the seven measurement variables.

Finally, parents’ BMI is another measurement variable considered in some obesity
modeling with [32,33] and without the SEM technique [34,35]. In this study, we involved
parent’s BMI and parents’ body fat as the two control variables in our research framework.

1.2. Research Framework and Contributions of the Study

The proposed framework for investigating the respective relationships between these
variables and adolescent obesity modeling is presented in Figure 1. In this framework,
household socioeconomic status was selected as the independent variable, while the
dependent variables include BMI and body fat. Three mediators were defined in the
framework, i.e., healthy food intake, unhealthy food intake and lifestyle. Gender was also
treated as a potential moderator in the associations between the variables and adolescent
obesity modeling.

1 

 

 

Figure 1. Research framework. 

 

Figure 1. Research framework.

From a statistical and mathematical modeling perspective, correlation analysis, ANOVA,
cross tabulation and regression are the most common methods for analyzing the associ-
ations between multiple variables and obesity. In recent decades, research scholars have
presented specific concerns in obesity analysis using SEM. This statistical modeling tech-
nique allows for the estimation of BMI based on causal relationships among different
types of measurement (observed) and latent (unobserved) variables. Maximum likelihood
(ML) and partial least square (PLS) are the most commonly applied estimators in SEM
analysis. Recently, however, some researchers have also applied the Bayesian estimator in
the SEM technique. Nonetheless, some of the researchers are also conservative to discuss
the distributions of variables. Therefore, without considering the distributions of research
variables, they attempted using the non-parametric (free distribution) modeling.

Muthén and Asparouhov [36] outlined the four key points that motivate the applica-
tion of Bayesian estimator:

First point: It can analyze a new type of model-based approach.
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Second point: It can obtain good achievement with small-sample; researchers do not
need any large-sample theory.

Third point: More can be learned about model fit and parameter estimates.
Fourth point: Analysis can be ended with fewer computational demands.
Bayesian analysis with SEM joint prior distributions for research parameters include

the data likelihood to prepare prior distributions for estimating considered parameters. The
prior might come from previous studies, and the posterior delivers an evaluation with the
mean, mode or median form of posterior distributions. As per the parameters of interest,
the Bayesian estimator is of concern, since it enables us to update current information in
terms of prior information. To analyze the simulated data, we involved noninformative
priors in this study. “Noninformative” specifies the prior distributions for the parameters,
provided that little to no information and beyond the information was provided by the
data [37]. In this situation, the posterior distributions are estimated around the information
from the data instead of prior knowledge [38].

Since obesity is a multifactorial medical problem, this study focuses on several key
factors, namely lifestyle, eating behavior and household socioeconomic status. The present
study makes four important contributions to the existing literature on adolescent obesity
modeling. First, the new model extends our understanding of the correlation between the
critical determinants of BMI and body fat among adolescents. Second, this paper prepares
a comparison analysis among three estimators of ML, PLS and Bayesian. Third, the present
study provides a comparative analysis between the adolescent boy and girl obesity models
using SEM-Bayesian with moderation analysis. Finally, the new model examines BMI and
body fat as two dependent variables in a single analytical framework, which can provide a
more comprehensive analysis of the real issues. However, this novel approach, which is
crucial in providing insights into the complex network of factors, is lacking in the current
literature on adolescent obesity modeling.

2. Materials and Methods
Sampling Procedure

Several studies have highlighted the sample size issue in SEM. Gerbing and Ander-
son [39] believed that rational outcome could be contained in the SEM technique when the
sample size is less than 200, while Boomsma [40] noted that the sample size should at least
be more than 100. Furthermore, some statistics researchers have suggested applying the
N:q ratio as a criterion for sample size with SEM analysis. The N:q ratio represents the
number of participants (observation; cases) for each estimated parameter. However, there
is a different suggestion for the N:q ratio by which Bentler and Chou [41] suggested 5 to 1,
Schreiber and Nora [42] suggested 10 to 1, and Kline [43] suggested 20 to 1. In this study,
we followed the N:q ratio based on Kline [43] since we have 17 parameters (household
socioeconomics 6; lifestyle 4; healthy food 3; unhealthy food 4; parents’ BMI 1; parents’
body fat; BMI 1; Body fat 1; gender 1); thus, based on the 20:22 ratio, we required at least
440 participants.

Hair and Black [44] also proposed significant terms and conditions for sampling in
SEM. These are shown in Supplementary Table S1. In the present study, SEM was the lead
for two subsections of the available data (adolescent boys and girls), and there were fewer
than five latent variables of interest identified in both groups. The present study therefore
required at least 200 respondents, and we subsequently designed a cross-sectional analysis
for this study. From the statistical point of view, sampling with a cross-sectional design
applies to any presumed research population samples at one point in time rather than over
a period of time. Data for the present study were collected under the supervision of the
Statistical Center of Iran. Fifteen undergraduate and master’s students of statistics, public
health and management who did part-time jobs at the Statistics Department were trained
for data collection. Participants were recruited from twenty-five private secondary schools
in Tehran. Nested Sample or Multi-Stage Sample was also used for the sampling process.
The Statistical Center of Iran later contacted the schools by email and telephone to explain
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the objectives of the project and seek collaboration on this study. Finally, out of 32 schools
(with more than 300 students), 20 schools had agreed to collaborate on this project. The
data were collected from the 20 schools between 10 January 2020 and 20–25 May 2020. We
distributed fifty questionnaires (1000 in total) for each school and received 881 completed
questionnaires, representing a response rate of 88.1%.

3. Results
3.1. Descriptive Statistics Analysis

Tables 1 and 2 present the descriptive statistics of some major research variables.

Table 1. Descriptive statistics of parents’ demographics.

Variable Mother
(Number)

Mother
(Percentage)

Father
(Number)

Father
(Percentage)

Age of Parents (years)

<31 163 19.6% 92 11.1%
31–40 271 32.6% 272 32.7%
41–50 240 28.9% 301 36.2%
51–60 142 17.1% 125 15.0%
>60 65 7.8% 91 11.0%

Income of Parents (Million Toman)

<2 18 2.2% 11 1.3%
2–4 89 10.7% 47 5.7%
4–6 352 42.4% 381 45.8%
6–8 214 25.8% 198 23.8%
>8 208 25.0% 244 29.4%

Education Level of Parents

Less than high school 32 3.9% 63 7.6%
High School 95 11.4% 98 11.8%

Diploma 366 44.0% 456 54.9%
Bachelor 301 36.2% 196 23.6%

Master or PhD 87 10.5% 68 8.2%

Job Experience of Parents (years)

<5 29 3.5% 10 1.2%
5–10 267 32.1% 269 32.4%
11–15 324 39.0% 381 45.8%
16–20 209 25.2% 112 13.5%
>20 52 6.3% 109 13.1%

Table 2. Descriptive statistics of adolescent lifestyle.

Characteristics Percentage Characteristics Percentage

Physical Activity
(per week) Boy Girl

Average sleep
duration

(hours per day)
Boy Girl

None 28.1% 26.4% Less than 7 h 7.8% 8.1%
1–2 times 38.3% 33.8% 7–8 h 47.9% 49.9%
3–4 times 22.0% 29.3% 8–9 h 35.2% 34.2%

More than 4 times 11.6% 10.4% More than 9 h 9.1% 7.9%

Screen Time
(hour per day) Boy Girl Pocket Money

(Toman per week) Boy Girl

Less than one hour 1.9% 2.0% <100 k 13.0% 2.2%
1–2 h 26.7% 11.3% 101–150 k 34.3% 40.2%
3–4 h 27.4% 44.0% 151–200 k 29.0% 32.2%

More than 4 h 44.1% 42.7% >200k 23.7% 25.3%
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Based on Table 3, the largest percentage of mothers belongs to the age group between
31 and 40 years old (32.6%) and fathers in the group aged between 41 and 50 years old
(36.2%). The largest percentage of individual income for both mothers and fathers was
between 4 and 6 million Toman (28.9% for mothers and 36.2% for fathers). Both mothers and
fathers mostly had a diploma (44%; 54.9%), while the largest percentage of job experience
for both mothers and fathers was 11–15 years (39%; 45.8%).

Table 3. Reliability and validity outputs.

Construct Factor Loading AVE Cronbach’s Alpha

Household Socioeconomic

Age of Father 0.48

0.54 0.72

Age of Mother 0.32
Education of Father 0.79
Education of Mother 0.71

Income of Mother 0.46
Income of Father 0.79

Lifestyle

Sleeping 0.81

0.55 0.77
Physical activity 0.83

Screen time 0.79
Pocket Money 0.87

Healthy Food Intake

Fruits 0.73
0.61 0.73Vegetables 0.71

Whole grains 0.76

Unhealthy Food Intake

Snacks 0.88

0.65 0.77
Fast Food 0.87
Soft Drink 0.95

Sweets 0.93

As presented in Table 4, among adolescent boys, 28.1% of them had no physical
activity at all, 38.3% had physical activity 1–2 times per week, 22% had physical activity
3–4 times per week, and 11.6% of them had physical activity more than 4 times per week.
As for the physical activity among adolescent girls, 26.4% of them had no physical activity
at all, 33.8% had physical activity 1–2 times per week, 29.3% had physical activity 3–4 times
per week, and 10.4% of them had physical activity more than 4 times per week. Table 4
also shows no significant differences in terms of physical activity between adolescent boys
and girls. However, the distributions of screen time between adolescent boys and girls
were significantly different. Among adolescent boys, 1.9% of them had less than one hour
of screen time per day, 26.7% of them had between 1 to 2 h per day, 27.4% had between 3
to 4 h per day and 44.1% of them had more than 4 h of screen time per day. Meanwhile,
among adolescent girls, 2% of them had less than an hour of screen time per day, 11.3% had
between 1 to 2 h per day, 44% had between 3 to 4 h per day and 42.7% of them had more
than 4 h of screen time per day.
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Table 4. Comparative among of SEM-ML, SEM-PLS, and SEM-Bayesian outputs.

Indices
SEM SEM SEM

Function
(ML) (PLS) (Bayesian)

R2 0.73 0.68 0.78 R2 =
[∑n

i=1(y′i−y′i). (yi−yi)]
2

∑n
i=1(y′i−y′i). ∑n

i=1(yi−yi)

RMSE 1.304 2.362 1.229 RMSE =
2

√
∑n

i=1(y′i−yi)
2

n

MAPE 0.872 0.822 0.721 MAPE = 1
n

n
∑

i=1

∣∣∣ y′i−yi
yi

∣∣∣
MSE 0.087 0.101 0.081 MSE = ∑n

i=1|y′i−yi |
n

3.2. SEM Analysis
3.2.1. Reliability and Validity Indices

Fornell and Larcker [45] proposed the terms and conditions for examining reliability
and validity that include Cronbach’s alpha [should be higher than 0.7], average variance
extracted (AVE) [should be higher than 0.5] and factor loadings [should be higher than 0.7].
Table 3 shows the outputs for factor loadings, AVE and Cronbach’s alpha. Factor loadings
of “age of father”, “age of mother” and “income of mother” were less than 0.7; thus, these
variables were eliminated from the rest of SEM-Bayesian analysis. However, all four latent
variables had acceptable AVE and Cronbach’s alpha values; therefore, the reliability and
validity of the research variables were confirmed.

3.2.2. Fitting Model Analysis

Some statistical indices are frequently used in assessing model fit within SEM and
these include GFI [goodness-of-fit index], NFI [normed fit index], IFI [incremental fit index],
RFI [relative fit index], TLI [Tucker Lewis index] and CFI [comparative fit index]. Figure 2
shows the results for model fitting indices based on the SEM approach. The values of all
indices were within acceptable range; therefore, the present framework as presented in
Figure 1 was deemed a good fit for our data.
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3.2.3. Structural Model

Before presenting the structural model, we should first confirm which among the three
estimators (PLS, ML and Bayesian) are more suitable for our data. Hence, four statistical
indices were applied to compare the three estimators (See Table 4).

Based on Table 4, yi is the ith real value BMI and body fat (dependent variables) and
y,

i is the ith predicted value of BMI and body fat. The R2 value for the SEM-Bayesian model
was greater than the SEM-ML and SEM-PLS models, while the RMSE, MSE and MAPE
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values for the SEM-Bayesian model were lower than those of SEM-ML and SEM-PLS
models. Therefore, based on the performance indices, SEM-Bayesian predicted BMI and
body fat better than the SEM-ML and SEM-PLS models. However, this conclusion is only
made for this empirical analysis, and does not prove that SEM-Bayesian is always superior
to SEM-ML and SEM-PLS.

SEM-Bayesian is used by research scholars to drive posterior distributions, and per-
haps some studies have also suggested applying the ML estimator to drive posterior
distributions. Nevertheless, Lee and Shi [46] and Lee and Song [47] noted that high-
dimensional integration is required in the SEM technique; therefore, it is not easy to involve
the ML estimator, and as a result, they introduced the Gibbs sampler algorithm to overcome
this issue. Briefly, the Gibbs sampler is a Markov Chain Monte Carlo (MCMC) method,
which is based on creating a sequence of random observations from the fully conditional
posterior distributions of unknown model parameters.

Research involving the Bayesian estimator normally attempts to conclude priors
such that they are informative enough to yield SEM-Bayesian advantages [48]. In this
matter, Barroso and Roncancio [49] recommended sensitivity analysis where there is no
security related to prior distributions. Therefore, in this stage of the study, we compared
different prior outputs to test the influence of the priors. To accomplish this, we compared
four models with different types of prior inputs. Lee [50] suggested assigning values to
the hyperparameters by considering a small variance to each parameter. Therefore, we
considered three prior inputs, which are computed accordingly as follows:

Type I Prior: considered to be 0.5 to all unknown loading coefficients. The estimate val-
ues related to {β1, β2, β3, β4, β5, β6, β7, β8} are {0.4, 0.7, 0.3, 0.5, 0.7, 0.7, 0.6, 0, 7} for the
adolescent girl model and {0.5, 0.4, 0.6, 0.6, 0.7, 0.7, 0.5, 0.6} for the adolescent boy model.

Type II Prior: The hyperparameter values are measured as half of the values in Prior I.
Type III Prior: The hyperparameter values are measured as double the values in Prior I.
Note: β1 is the hyperparameter of Household Socioeconomic→ BMI; β2 is the hyper-

parameter of Household Socioeconomic→ Body Fat; β3 is the hyperparameter of Lifestyle
→ BMI; β4 is the hyperparameter of Lifestyle→ Body Fat; β5 is the hyperparameter of
Healthy Food Intake→ BMI; β6 is the hyperparameter of Healthy Food Intake→ Body
Fat; β7 is the hyperparameter of Unhealthy Food Intake→ BMI; β8 is the hyperparameter
of Unhealthy Food Intake→ Body Fat.

Based on Table 5, the standard errors of estimated parameters under different types
of prior distributions are close. This convinces us that statistical analysis with the SEM-
Bayesian technique is not sensitive to the three hypothesized prior inputs. In other words,
the modeling outputs with SEM-Bayesian are quite robust than the different prior inputs.

Table 5. Evaluated Bayesian estimators based on three different priors.

Hyperarameter
Type I Prior Type II Prior Type III Prior

Estimate S.E Estimate S.E Estimate S.E

Girls’ Model

Household Socioeconomic→ BMI (β1) 0.12 0.168 0.10 0.163 0.16 0.174
Household Socioeconomic→ Body Fat (β2) 0.09 0.233 0.09 0.228 0.61 0.335

Lifestyle→ BMI (β3) −0.18 0.154 −0.20 0.134 0.57 0.189
Lifestyle→ Body Fat (β4) −0.24 0.166 −0.21 0.167 0.51 0.195

Healthy Food Intake→ BMI (β5) −0.23 0.185 −0.21 0.179 0.14 0.188
Healthy Food Intake→ Body Fat (β6) 0.19 0.173 0.22 0.166 0.61 0.189
Unhealthy Food Intake→ BMI (β7) 0.69 0.281 0.71 0.276 0.57 0.283

Unhealthy Food Intake→ Body Fat (β8) 0.76 0.135 0.76 0.139 0.51 0.156
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Table 5. Cont.

Hyperarameter
Type I Prior Type II Prior Type III Prior

Estimate S.E Estimate S.E Estimate S.E

Boys’ model

Household Socioeconomic→ BMI (β1) −0.19 0.231 −0.20 0.239 −0.19 0.288
Household Socioeconomic→ Body Fat (β2) 0.22 0.115 0.25 0.214 0.21 0.156

Lifestyle→ BMI (β3) −0.09 0.211 −0.07 0.227 −0.09 0.235
Lifestyle→ Body Fat (β4) −0.29 0.201 −0.24 0.222 −0.26 0.229

Healthy Food Intake→ BMI (β5) 0.09 0.105 0.08 0.118 0.11 0.108
Healthy Food Intake→ Body Fat (β6) 0.34 0.149 0.36 0.151 0.31 0.169
Unhealthy Food Intake→ BMI (β7) 0.53 0.207 0.51 0.208 0.57 0.216

Unhealthy Food Intake→ Body Fat (β8) 0.65 0.163 0.66 0.166 0.62 0.175

We could conclude that the statistics based on Bayesian SEM is not sensitive to these
three different prior inputs. In other words, the Bayesian SEM technique applied here is
quite robust than the different prior inputs. In the adolescent girl model, the standard errors
of Type II prior were lesser than Type I and Type III priors; however, in the adolescent
boy model, the standard errors of Type I prior were lesser than Type II and Type III priors.
Therefore, we used the outputs involving Type II prior for the adolescent girl model and
Type I prior for the adolescent boy model.

Figures 3 and 4 show the structural obesity models for adolescent girls and boys.
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Figure 3. Adolescent girl obesity model.

The model outputs for adolescent girls in Figure 3 reveal that household socioeconomic
status had a significant and positive impact on healthy food intake (Beta = 0.61) and
unhealthy food intake (Beta = 0.31), but no significant impact on lifestyle, BMI or body
fat. Meanwhile, in the adolescent girl model, lifestyle had a significant impact on healthy
food intake (Beta = 0.25), BMI (Beta = −0.20), body fat (Beta = −0.21) and unhealthy food
intake (Beta = 0.33). However, the relationships among research variables in the adolescent
boy model were different than those in the adolescent girl model. Based on Figure 4,
household socioeconomic had a significant impact on healthy food intake (Beta = 0.41),
BMI (Beta = −0.19), lifestyle (Beta = 0.31), and body fat (Beta = 0.22); however, this variable
had no significant impact on unhealthy food intake. Meanwhile, in the adolescent boy
model, lifestyle had a significant impact on body fat (Beta = −0.29) and unhealthy food
intake (Beta = 0.37); however, this variable had no significant impact on healthy food intake
and BMI.
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3.3. Moderation Analysis

A moderator moderates the relationship between two variables (independent and
dependent; cause and effect). Figure 5 graphically shows the impact of a moderator in the
relationship between the dependent and independent variables. Furthermore, a moderator
arises when it can influence the relationship between the two variables.
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A moderator could either be a normal variable grouped in a study, such as age, time
and gender, or a manipulated indicator in an experimental context or types of systems. In
our study, we hypothesized that gender could be a moderator in any relationship between
two variables, as presented in Figure 1. Correspondingly, we applied multi-group analysis
to test the moderating effect of gender. Table 6 shows the multi-group outputs.

Table 6. Multi-group analysis between the adolescent boy and girl models.

Path Estimated Coef
for Boy

Estimated Coef
for Girl Z-Score p-Value

Household Socioeconomic→ Healthy Food Intake 0.41 0.61 2.54 0.011
Household Socioeconomic→ Unhealthy Food Intake 0.08 0.31 3.11 0.002

Household Socioeconomic→ Lifestyle 0.31 0.05 3.36 <0.001
Household Socioeconomic→ BMI −0.19 0.10 4.06 <0.001

Household Socioeconomic→ Body Fat 0.22 0.09 1.88 0.060
Lifestyle→ Healthy Food Intake 0.06 0.25 2.43 0.015

Lifestyle→ Unhealthy Food Intake 0.37 0.33 0.45 0.652
Lifestyle→ BMI −0.09 −0.20 1.57 0.116

Lifestyle→ Body Fat −0.29 −0.21 1.04 0.298
Healthy Food Intake→ BMI 0.09 −0.21 4.23 <0.001

Healthy Food Intake→ Body Fat 0.34 0.22 1.65 0.098
Unhealthy Food Intake→ BMI 0.53 0.71 2.22 0.026

Unhealthy Food Intake→ Body Fat 0.65 0.76 1.57 0.116
Parent’s BMI→ BMI 0.19 0.22 0.32 0.748

Parent’s Body Fat→ Body Fat 0.23 0.18 0.76 0.447
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Out of fifteen relationships, eight of them had significant differences. Taken together,
these data suggest that obesity modeling differed significantly between adolescent boys
and girls. For instance, based on Table 5, the regression coefficients of “Household So-
cioeconomic→ Healthy Food Intake” for the adolescent boy and girl models were 0.41
and 0.61, respectively, and the Z-score was 2.54, which is bigger than 1.96. Therefore, gen-
der can serve as a moderator in the relationship between Household Socioeconomic and
Healthy Food Intake. Furthermore, the differences in the relationship between Household
Socioeconomic and Healthy Food Intake between the adolescent boy and girl models were
significant. Statistically, the regression coefficients of Household Socioeconomic→ Healthy
Food Intake in the adolescent girl model had a significant difference from the adolescent
boy model.

4. Discussion

The present obesity prevalence among Iranian adolescents requires evidence-based
intervention programs to combat obesity [52]. Obese adolescents are at the greatest risk
of becoming obese adults, and numerous studies have documented the economic burden
of obesity, including its comorbidities to society. Furthermore, recent data have shown a
statistically significant number of obese adolescents who are now diagnosed with obesity-
related diseases such as high blood pressure, type 2 diabetes and cardiovascular diseases,
which had only be seen before in adults.

The present study sought to analyze causal relationships among several factors,
namely household socioeconomic status, eating behavior, lifestyle, BMI and body fat
using SEM-Bayesian. The introduced framework for adolescent obesity modeling includes
two dependent variables, namely BMI and body fat (Figure 1). Meanwhile, household
socioeconomic status was selected as the main independent variable in this framework.
Between household socioeconomic status and dependent variables, three mediating vari-
ables were defined in line with previous research on adolescent obesity modeling [27]. The
proposed research framework was therefore designed according to the development of
prior concepts and patterns of adolescent obesity modeling that was built upon household
socioeconomic status and eating behavior.

To demonstrate the validity and accuracy of the proposed research framework, in
light of suitable research variables and their relationships, sampling was conducted across
adolescents in Tehran, Iran, and our sample size includes 881 respondents. The research
framework is presented in Figure 1. We extracted two categories of data based on gender
from the dataset, and subsequently developed two separate models for adolescent boys
and girls. The results for both gender groups are reported in Figures 3 and 4. As shown
in Figure 1, the research models examined two dependent variables and we had two
R-squared values for each model. Based on SEM-Bayesian outputs, the R-squared values
for the adolescent girl obesity model in terms of BMI and body fat were 0.81 and 0.88,
respectively. It is important to note that 88% of the body fat variation was associated with
household socioeconomic status, healthy food intake, unhealthy food intake and physical
activity. The results also revealed that 81% of the BMI variation was associated with the
same variables. However, the R-squared values for the adolescent boy obesity model were
0.82 for body fat and 0.72 for BMI, which are lower than the adolescent girl obesity model.

Results of the present study are consistent with previous literature that has examined
the relationship between household socioeconomic status and BMI and body fat [53–55].
However, diverging from the previous studies that omitted gender in their models, the
results of the present study suggested that gender was a significant moderator in the
adolescent obesity modeling equation. The present study further provides evidence that
the relationship between household socioeconomic status and BMI and body fat was
statistically significant for the adolescent boy obesity model; however, the same relationship
did not hold true for the adolescent girl obesity model. In the adolescent girl obesity model,
household socioeconomic status had an indirect effect on BMI and body fat through healthy
food intake and unhealthy food intake, respectively. The data also suggested that parental



Healthcare 2021, 9, 925 12 of 16

education, household income and pocket money for adolescent boys are the significant
variables in the household socioeconomic status latent variable (Table 6), impacting their
BMI and body fat. Overall, these findings supported our hypothesis that gender might be
a significant moderator in adolescent obesity modeling.

Lifestyle is the second independent variable in the present study, which includes
screen time (TV, video games, laptop/PC and mobile phones), physical activity and sleep
duration. Numerous studies have examined the relationships between obesity and adoles-
cent lifestyle, including physical activity [56], sleep duration [57] and screen time. An early
study by Simon and Kellou [58] found that regular physical activity was immensely useful
to moderate the risk of obesity and prolong a healthy BMI in adolescents. In fact, leisure
time through physical activity among adolescents has been recognized as a healthy lifestyle
habit and promoted in developed countries [59]. Besides, recent studies by Misra and Gra-
son [60] and Sainju and Manandhar [61] presented further evidence that physical activity
increased during childhood and decreased during adolescence; however, this decline was
more conspicuous in girls than in boys. Based on our results, the same held true for Iranian
adolescent boys, where there was a significantly low level of physical activity among
overweight and obese boys. Additionally, our results indicated that extended screen time
was associated with increased BMI and body fat in adolescents. There is also evidence that
extended screen time is indeed associated with unhealthy food intake (ranging from junk
foods and soft drinks to fast food), and this in turn becomes a significant variable or factor
contributing to obesity prevalence among adolescents. Lastly, another significant variable
in our framework for adolescent obesity modeling includes sleep duration. In previous
literature on adolescent obesity modeling, these three variables were examined as the
main research variables (independent and mediator) by Turel and Romashkin [62] and as
control variables by Khajeheian and Colabi [63] and Huang and Radzi [27]. Diverging from
previous research, however, our study examined the combination of these three variables
as the lifestyle latent variables in our new framework for adolescent obesity modeling.

Additionally, the most significant variable in this new framework for adolescent
obesity modeling is body fat. This variable was examined as the second dependent
variable; therefore, this new research framework has two dependent variables (i.e., BMI
and body fat). The SEM-Bayesian results revealed that the R-squared of body fat in the
adolescent girl obesity model was 0.81 and higher than the R-squared of BMI. On the
contrary, in the adolescent boy obesity model, the same R-squared of body fat (0.82) was
resultantly higher than the R-squared of BMI (0.72). Taken together, these results supported
our hypothesis that the incorporation of body fat into our research framework would
provide more insights into adolescent obesity modeling.

5. Conclusions

The present study sought to introduce a new framework for adolescent obesity mod-
eling, taking into account complex multifactorial determinants such as household socioeco-
nomic status, eating behavior and lifestyle that affect BMI and body fat. The findings of
this study have important research implications, as follows:

1. This study is an improvement of previous research on adolescent obesity modeling
because we introduced a new framework (Figure 1) that includes four latent variables
and five measurement variables. Another novel contribution of the present study is
the inclusion of body fat as the second dependent variable in our research framework—
something that has never been done before. To our knowledge, the present study was
the first to examine this relationship in adolescent obesity modeling.

2. The Bayesian estimator proposed the analysis of convenient structural equations for
adolescent obesity modeling. In formulating SEM-ML and SEM-PLS in developing
the Bayesian estimator, emphasis was placed on raw individual random observations
rather than on the sample covariance and partial least square matrices.

3. The findings of the present study highlight the different structures of adolescent
obesity modeling based on gender. As presented in Figures 3 and 4, there were
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significantly different results from the SEM-Bayesian analysis between adolescent
boys and girls.

However, the findings of the present study must be interpreted within the context of
research limitations and important directions for future research:

1. Some other variables were not included in our research framework such as the
economic, political and cultural determinants. They might, however, have a direct or
indirect impact on household socioeconomic status and eating behavior. Furthermore,
since our data were collected from Tehran, Iran, this makes the economic background
a controlling factor in our research framework for adolescent obesity modeling. As
such, our data may be representative of the urban Tehran population. Therefore, it is
of particular importance that the proposed framework is employed in future research
so that these findings can be replicated and extended in other areas and provinces
across Iran and other countries.

2. Based on previous research, smoking [64,65], alcohol consumption [66–68] and ge-
netics [69] were identified as significant indicators of obesity prevalence among
adolescents, and hence should be included in the research framework. In the present
study, however, we faced certain limitations to obtain data concerning these factors.
For instance, more than 70% of participants did not respond to smoking habits and
alcohol consumption. Therefore, we were not able to involve these two factors in
our research model. Furthermore, genetic factors require DNA analysis based on a
blood test that may incur high costs; however, we had a limited budget to involve
a clinical test. Therefore, we suggest that future researchers include them in future
studies in order to give more credence to our research framework and bolster the evi-
dence of household socioeconomic status, lifestyle and eating behavior in adolescent
obesity modeling.

3. The present study was limited to cross-sectional data structure and unable to deter-
mine any temporal associations between the variables of interest. Future research
should thus incorporate longitudinal data that would permit more accuracy and
confidence in data analysis with more definitive conclusions regarding adolescent
obesity modeling.
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and correlates of obesity in Czech adolescents in relation to family socioeconomic status over a 16-year study period (2002–2018).
BMC Public Health 2020, 20, 1–12. [CrossRef] [PubMed]

20. Tee, J.Y.H.; Gan, W.Y.; Tan, K.-A.; Chin, Y.S. Obesity and unhealthy lifestyle associated with poor executive function among
Malaysian adolescents. PLoS ONE 2018, 13, e0195934. [CrossRef]

21. Micklesfield, L.K.; Hanson, S.K.; Lobelo, F.; Cunningham, S.A.; Hartman, T.J.; Norris, S.A.; Stein, A.D. Adolescent physical
activity, sedentary behavior and sleep in relation to body composition at age 18 years in urban South Africa, Birth-to-Twenty+
Cohort. BMC Pediatrics 2021, 21, 1–13. [CrossRef]

22. Gillis, B.T.; Shimizu, M.; Philbrook, L.E.; El-Sheikh, M. Racial disparities in adolescent sleep duration: Physical activity as a
protective factor. Cult. Divers. Ethn. Minority Psychol. 2020, 27, 118–122. [CrossRef]

23. Fomby, P.; Goode, J.A.; Truong-Vu, K.-P.; Mollborn, S. Adolescent technology, sleep, and physical activity time in two US cohorts.
Youth Soc. 2021, 53, 585–609. [CrossRef] [PubMed]

24. Laurson, K.R.; Lee, J.A.; Eisenmann, J.C. The cumulative impact of physical activity, sleep duration, and television time on
adolescent obesity: 2011 Youth Risk Behavior Survey. J. Phys. Act. Health 2015, 12, 355–360. [CrossRef] [PubMed]

25. Bugge, A.B. Food advertising towards children and young people in Norway. Appetite 2016, 98, 12–18. [CrossRef]
26. Chai, L.; Xue, J.; Han, Z. The effects of alcohol and tobacco use on academic performance among Chinese children and adolescents:

Assessing the mediating effect of skipping class. Child. Youth Serv. Rev. 2020, 119, 105646. [CrossRef]

http://doi.org/10.1016/S0140-6736(17)32129-3
http://doi.org/10.1016/j.socscimed.2021.113732
http://www.ncbi.nlm.nih.gov/pubmed/33588205
http://doi.org/10.1038/s41574-019-0176-8
http://www.ncbi.nlm.nih.gov/pubmed/30814686
http://doi.org/10.1038/s41366-019-0461-6
http://doi.org/10.1080/15438627.2012.738444
http://www.ncbi.nlm.nih.gov/pubmed/23286421
http://doi.org/10.1038/oby.2008.254
http://doi.org/10.1136/bmjopen-2016-014811
http://doi.org/10.1186/s12955-020-01309-z
http://doi.org/10.1016/j.jpeds.2018.03.059
http://doi.org/10.1001/jama.2018.3060
http://www.ncbi.nlm.nih.gov/pubmed/29570750
http://doi.org/10.1111/obr.12695
http://doi.org/10.1136/bmjopen-2019-036534
http://www.ncbi.nlm.nih.gov/pubmed/32499271
http://doi.org/10.1017/S1368980011001832
http://www.ncbi.nlm.nih.gov/pubmed/21806870
http://doi.org/10.1111/obr.12029
http://doi.org/10.3390/ijerph17020418
http://doi.org/10.1186/s12889-020-8336-2
http://www.ncbi.nlm.nih.gov/pubmed/32054463
http://doi.org/10.1371/journal.pone.0195934
http://doi.org/10.1186/s12887-020-02451-9
http://doi.org/10.1037/cdp0000422
http://doi.org/10.1177/0044118X19868365
http://www.ncbi.nlm.nih.gov/pubmed/33911316
http://doi.org/10.1123/jpah.2013-0402
http://www.ncbi.nlm.nih.gov/pubmed/24828876
http://doi.org/10.1016/j.appet.2015.12.008
http://doi.org/10.1016/j.childyouth.2020.105646


Healthcare 2021, 9, 925 15 of 16

27. Huang, H.; Radzi, W.M.; Salarzadeh Jenatabadi, H. Family Environment and Childhood Obesity: A New Framework with
Structural Equation Modeling. Int. J. Environ. Res. Public Health 2017, 14, 181. [CrossRef]

28. Horacek, T.; Dede Yildirim, E.; Kattelmann, K.; Byrd-Bredbenner, C.; Brown, O.; Colby, S.; Greene, G.; Hoerr, S.; Kidd, T.; Koenings,
M. Multilevel structural equation modeling of students’ dietary intentions/behaviors, BMI, and the healthfulness of convenience
stores. Nutrients 2018, 10, 1569. [CrossRef] [PubMed]

29. Radzi, W.M.; Jasimah, C.W.; Salarzadeh Jenatabadi, H.; Alanzi, A.R.; Mokhtar, M.I.; Mamat, M.Z.; Abdullah, N.A.; Health, P.
Analysis of Obesity among Malaysian University Students: A Combination Study with the Application of Bayesian Structural
Equation Modelling and Pearson Correlation. Int. J. Environ. Res. Public Health 2019, 16, 492. [CrossRef] [PubMed]

30. Maruapula, S.D.; Jackson, J.C.; Holsten, J.; Shaibu, S.; Malete, L.; Wrotniak, B.; Ratcliffe, S.J.; Mokone, G.G.; Stettler, N.; Compher,
C. Socio-economic status and urbanization are linked to snacks and obesity in adolescents in Botswana. Public Health Nutr. 2011,
14, 2260–2267. [CrossRef]

31. Sylvetsky, A.C.; Visek, A.J.; Turvey, C.; Halberg, S.; Weisenberg, J.R.; Lora, K.; Sacheck, J. Parental concerns about child and
adolescent caffeinated sugar-sweetened beverage intake and perceived barriers to reducing consumption. Nutrients 2020, 12, 885.
[CrossRef] [PubMed]

32. Lee, C.Y.; Ledoux, T.A.; Johnston, C.A.; Ayala, G.X.; O’Connor, D.P. Association of parental body mass index (BMI) with child’s
health behaviors and child’s BMI depend on child’s age. BMC Obes. 2019, 6, 11. [CrossRef]

33. Santiago-Torres, M.; Cui, Y.; Adams, A.K.; Allen, D.B.; Carrel, A.L.; Guo, J.Y.; LaRowe, T.L.; Schoeller, D.A. Structural equation
modeling of the associations between the home environment and obesity-related cardiovascular fitness and insulin resistance
among Hispanic children. Appetite 2016, 101, 23–30. [CrossRef] [PubMed]

34. Costa-Font, J.; Gil, J. Intergenerational and socioeconomic gradients of child obesity. Soc. Sci. Med. 2013, 93, 29–37. [CrossRef]
35. Canals-Sans, J.; Blanco-Gómez, A.; Luque, V.; Ferré, N.; Ferrando, P.J.; Gispert-Llauradó, M.; Escribano, J.; Closa-Monasterolo, R.

Validation of the Child Feeding Questionnaire in Spanish parents of schoolchildren. J. Nutr. Educ. Behav. 2016, 48, 383–391.e381.
[CrossRef]

36. Muthén, B.; Asparouhov, T. Bayesian structural equation modeling: A more flexible representation of substantive theory. Psychol.
Methods 2012, 17, 313. [CrossRef] [PubMed]

37. Garnier-Villarreal, M.; Jorgensen, T.D. Adapting fit indices for Bayesian structural equation modeling: Comparison to maximum
likelihood. Psychol. Methods 2020, 25, 46. [CrossRef] [PubMed]

38. Gelman, A.; Simpson, D.; Betancourt, M. The prior can often only be understood in the context of the likelihood. Entropy 2017, 19,
555. [CrossRef]

39. Gerbing, D.W.; Anderson, J.C. The effects of sampling error and model characteristics on parameter estimation for maximum
likelihood confirmatory factor analysis. Multivar. Behav. Res. 1985, 20, 255–271. [CrossRef] [PubMed]

40. Boomsma, A. Nonconvergence, improper solutions, and starting values in LISREL maximum likelihood estimation. Psychometrika
1985, 50, 229–242. [CrossRef]

41. Bentler, P.M.; Chou, C.P. Practical issues in structural modeling. Sociol. Methods Res. 1987, 16, 78. [CrossRef]
42. Schreiber, J.B.; Nora, A.; Stage, F.K.; Barlow, E.A.; King, J. Reporting structural equation modeling and confirmatory factor

analysis results: A review. J. Educ. Res. 2006, 99, 323–338. [CrossRef]
43. Kline, R.B. Principles and Practice of Structural Equation Modeling; Guilford publications: New York, NY, USA, 2015.
44. Hair, J.; Black, W.; Babin, B.; Anderson, R. Multivariate Data Analysis: Pearson New International Edition; Pearson/Prentice Hall:

Hoboken, NJ, USA, 2014.
45. Fornell, C.; Larcker, D.F. Evaluating structural equation models with unobservable variables and measurement error. J. Mark. Res.

1981, 18, 39–50. [CrossRef]
46. Lee, S.-Y.; Shi, J.-Q. Bayesian analysis of structural equation model with fixed covariates. Struct. Equ. Modeling 2000, 7, 411–430.

[CrossRef]
47. Lee, S.-Y.; Song, X.-Y.; Skevington, S.; Hao, Y.-T. Application of structural equation models to quality of life. Struct. Equ. Modeling

2005, 12, 435–453. [CrossRef]
48. Solorio, C.M.G. Maternal Food Insecurity, Child Feeding Practices, Weight Perceptions and BMI in a Rural, Mexican-Origin

Population. Ph.D. Thesis, University of California, Davis, CA, USA, 2013.
49. Barroso, C.S.; Roncancio, A.; Moramarco, M.W.; Hinojosa, M.B.; Davila, Y.R.; Mendias, E.; Reifsnider, E. Food Security, Maternal

Feeding Practices and Child Weight-for-length. Appl. Nurs. Res. 2015, in press. [CrossRef] [PubMed]
50. Lee, S.-Y. Structural Equation Modeling: A Bayesian Approach; John Wiley & Sons: Hoboken, NJ, USA, 2007; Volume 711.
51. Hui, H.; Binti, N.A.; Salarzadeh Jenatabadi, H. Family Food Security and Children’s Environment: A Comprehensive Analysis

with Structural Equation Modeling. Sustainability 2017, 9, 1220.
52. Smith, A.K. An Exploration of Adolescent Obesity Determinants. Ph.D. Thesis, University of South Florida, Tampa, FL, USA,

2016.
53. Zhang, L.; Qiu, L.; Ding, Z.; Hwang, K.J.C.S.R. How Does Socioeconomic Status Affect Chinese Adolescents’ Weight Status? A

Study of Possible Pathways. Chin. Sociol. Rev. 2019, 50, 423–442. [CrossRef]
54. Borja, S.; Nurius, P.S.; Song, C.; Lengua, L.J.J.C.; Review, Y.S. ACEs to adult adversity trends among parents: Socioeconomic,

health, and developmental implications. Child. Youth Serv. Rev. 2019, 100, 258–266. [CrossRef]

http://doi.org/10.3390/ijerph14020181
http://doi.org/10.3390/nu10111569
http://www.ncbi.nlm.nih.gov/pubmed/30360538
http://doi.org/10.3390/ijerph16030492
http://www.ncbi.nlm.nih.gov/pubmed/30744209
http://doi.org/10.1017/S1368980011001339
http://doi.org/10.3390/nu12040885
http://www.ncbi.nlm.nih.gov/pubmed/32218117
http://doi.org/10.1186/s40608-019-0232-x
http://doi.org/10.1016/j.appet.2016.02.003
http://www.ncbi.nlm.nih.gov/pubmed/26850309
http://doi.org/10.1016/j.socscimed.2013.05.035
http://doi.org/10.1016/j.jneb.2016.03.017
http://doi.org/10.1037/a0026802
http://www.ncbi.nlm.nih.gov/pubmed/22962886
http://doi.org/10.1037/met0000224
http://www.ncbi.nlm.nih.gov/pubmed/31180693
http://doi.org/10.3390/e19100555
http://doi.org/10.1207/s15327906mbr2003_2
http://www.ncbi.nlm.nih.gov/pubmed/26781965
http://doi.org/10.1007/BF02294248
http://doi.org/10.1177/0049124187016001004
http://doi.org/10.3200/JOER.99.6.323-338
http://doi.org/10.1177/002224378101800104
http://doi.org/10.1207/S15328007SEM0703_3
http://doi.org/10.1207/s15328007sem1203_5
http://doi.org/10.1016/j.apnr.2015.03.009
http://www.ncbi.nlm.nih.gov/pubmed/26856485
http://doi.org/10.1080/21620555.2018.1526067
http://doi.org/10.1016/j.childyouth.2019.03.007


Healthcare 2021, 9, 925 16 of 16

55. You, J.; Choo, J. Adolescent overweight and obesity: Links to socioeconomic status and fruit and vegetable intakes. Int. J. Environ.
Res. Public Health 2016, 13, 307. [CrossRef]

56. Cardozo, L.L.Y.; Romero, D.G. Novel biomarkers of childhood and adolescent obesity. Hypertens. Res. 2021, 44, 1030–1033.
57. Sun, Q.; Bai, Y.; Zhai, L.; Wei, W.; Jia, L. Association between Sleep Duration and Overweight/Obesity at Age 7–18 in Shenyang,

China in 2010 and 2014. Int. J. Environ. Res. Public Health 2018, 15, 854. [CrossRef]
58. Simon, C.; Kellou, N.; Dugas, J.; Platat, C.; Copin, N.; Schweitzer, B.; Hausser, F.; Bergouignan, A.; Lefai, E.; Blanc, S. A

socio-ecological approach promoting physical activity and limiting sedentary behavior in adolescence showed weight benefits
maintained 2.5 years after intervention cessation. Int. J. Obes. 2014, 38, 936. [CrossRef] [PubMed]

59. Massougbodji, J.; Lebel, A.; De Wals, P. Individual and School Correlates of Adolescent Leisure Time Physical Activity in Quebec,
Canada. Int. J. Environ. Res. Public Health 2018, 15, 412. [CrossRef]

60. Misra, D.P.; Grason, H. Achieving safe motherhood: Applying a life course and multiple determinants perinatal health framework
in public health. Women’s Health Issues 2006, 16, 159–175. [CrossRef]

61. Sainju, N.K.; Manandhar, N.; Vaidya, A.; Joshi, S. Level of physical activity and obesity among the adolescent school children in
Bhaktapur: A cross-sectional pilot study. J. Kathmandu Med Coll. 2016, 5, 65–70. [CrossRef]

62. Turel, O.; Romashkin, A.; Morrison, K. A model linking video gaming, sleep quality, sweet drinks consumption and obesity
among children and youth. Clin. Obes. 2017, 7, 191–198. [CrossRef] [PubMed]

63. Khajeheian, D.; Colabi, A.M.; Shah, N.B.; Mohamed, C.W.J.; Jenatabadi, H.S. Effect of Social Media on Child Obesity: Application
of Structural Equation Modeling with the Taguchi Method. Int. J. Environ. Res. Public Health 2018, 15, 1343. [CrossRef] [PubMed]

64. Bertoni, N.; de Almeida, L.M.; Szklo, M.; Figueiredo, V.C.; Szklo, A.S. Assessing the relationship between smoking and abdominal
obesity in a National Survey of Adolescents in Brazil. Prev. Med. 2018, 111, 1–5. [CrossRef]

65. Murphy, C.M.; Janssen, T.; Colby, S.M.; Jackson, K.M. Low Self-Esteem for Physical Appearance Mediates the Effect of Body Mass
Index on Smoking Initiation Among Adolescents. J. Pediatric Psychol. 2018, 44, 197–207. [CrossRef]

66. Gearhardt, A.N.; Waller, R.; Jester, J.M.; Hyde, L.W.; Zucker, R.A. Body mass index across adolescence and substance use problems
in early adulthood. Psychol. Addict. Behav. 2018, 32, 309–319. [CrossRef]

67. Henfridsson, P.; Laurenius, A.; Wallengren, O.; Gronowitz, E.; Dahlgren, J.; Flodmark, C.-E.; Marcus, C.; Olbers, T.; Ellegård,
L.J.S.f.O.; Diseases, R. Five-year changes in dietary intake and body composition in adolescents with severe obesity undergoing
laparoscopic Roux-en-Y gastric bypass surgery. Surg. Obes. Relat. Dis. 2018, 15, 51–58. [CrossRef]

68. Dietz, P.M.; Williams, S.B.; Callaghan, W.M.; Bachman, D.J.; Whitlock, E.P.; Hornbrook, M.C. Clinically identified maternal
depression before, during, and after pregnancies ending in live births. Am. J. Psychiatry 2007, 164, 1515–1520. [CrossRef] [PubMed]

69. Liu, C.; Chu, C.; Zhang, J.; Wu, D.; Xu, D.; Li, P.; Chen, Y.; Liu, B.; Pei, L.; Zhang, L. IRX3 is a genetic modifier for birth weight,
adolescent obesity and transaminase metabolism. Pediatric Obes. 2018, 13, 141–148. [CrossRef] [PubMed]

http://doi.org/10.3390/ijerph13030307
http://doi.org/10.3390/ijerph15050854
http://doi.org/10.1038/ijo.2014.23
http://www.ncbi.nlm.nih.gov/pubmed/24509504
http://doi.org/10.3390/ijerph15030412
http://doi.org/10.1016/j.whi.2006.02.006
http://doi.org/10.3126/jkmc.v5i2.18411
http://doi.org/10.1111/cob.12191
http://www.ncbi.nlm.nih.gov/pubmed/28320073
http://doi.org/10.3390/ijerph15071343
http://www.ncbi.nlm.nih.gov/pubmed/29949902
http://doi.org/10.1016/j.ypmed.2018.02.017
http://doi.org/10.1093/jpepsy/jsy070
http://doi.org/10.1037/adb0000365
http://doi.org/10.1016/j.soard.2018.10.011
http://doi.org/10.1176/appi.ajp.2007.06111893
http://www.ncbi.nlm.nih.gov/pubmed/17898342
http://doi.org/10.1111/ijpo.12214
http://www.ncbi.nlm.nih.gov/pubmed/28316138

	Introduction 
	Previous Studies on Adolescent Obesity Modeling 
	Research Framework and Contributions of the Study 

	Materials and Methods 
	Results 
	Descriptive Statistics Analysis 
	SEM Analysis 
	Reliability and Validity Indices 
	Fitting Model Analysis 
	Structural Model 

	Moderation Analysis 

	Discussion 
	Conclusions 
	References

