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Abstract

methods.

Background: Adolescents'body composition is considered an important measure to evaluate health status. An
examination of any of the segmental compartments by anthropometric indices is a more usable method than direct

Objectives: To propose a method based on the network approach for predicting segmental body composition com-
ponents in adolescent boys and girls using anthropometric measurements.

Methods: A dual-energy X-ray absorptiometry (DXA) dataset in the south of Iran, including 476 adolescents (235
girls and 241 boys) with a range of 9-18 years, was obtained. Several anthropometric prediction models based on the
network approach were fitted to the training dataset (TRD 80%) using bnlearn, an R add-in package. The best fitted
models were applied to the validation dataset (VAD 20%) to assess the prediction accuracy.

Results: Present equations consisting of age, weight, height, body mass index (BMI), and hip circumference
accounted for 0.85 (P <0.001) of the variability of DXA values in the corresponding age groups of boys. Similarly,
reasonable estimates of DXA values could be obtained from age, weight, height, and BMI in girls over 13 years, and
from age, weight, height, BMI, and waist circumference in girls under 13 years, respectively, of 0.77 and 0.83 (P<0.001).
Correlations between robust Gaussian Bayesian network (RGBN) predictions and DXA measurements were highly
significant, averaging 0.87 for boys and 0.82 for girls (P<0.001).

Conclusions: The results revealed that, based on the present study’s predictive models, adolescents'body compo-
sition might be estimated by input anthropometric information. Given the flexibility and modeling of the present
method to test different motivated hypotheses, its application to body compositional data is highly appealing.
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Introduction

Obesity and overweight in adolescents are serious risk
factors for the development of obesity in adulthood.
Several clinical studies have discovered strong links
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between segmental fat mass and health risk, particu-
larly the relationship between trunk fat mass and insu-
lin resistance, dyslipidemia [1], and cardiovascular risk
[2] in adolescents, as well as between lean mass and
cardio metabolic risk [3]. Adolescence is also a criti-
cal period in human life for laying down bone miner-
als, which increase exponentially in both sexes at this
time [4]. Human segmental body composition, which is
the distribution of the three parts of body weight (bone,
fat, and lean) over the trunk, legs, and arms, is a way
to describe what the body is made of and is considered
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an important measure to evaluate the health status of
the human body [5]. Thus, an examination of any of
the segmental compartments yields interesting results.
Direct body composition measurement methods such
as underwater weighing (UWW) and dual-energy X-ray
absorptiometry (DXA), though they are accurate and
widely acceptable as gold standards in epidemiological
studies, are impractical, time-consuming, and expen-
sive in large studies [6, 7]. Moreover, there are physi-
cal restrictions on body weight, length, thickness, and
width, as well as the type of DXA device. Most obese
adults and many obese children are often too wide and
too heavy to receive a full-body DXA scan [8]. In clini-
cal and epidemiological studies, simple and practical
techniques such as anthropometric-based measure-
ments, which include waist circumference, body mass
index (BMI), and skinfold thickness, are the cheapest
and most commonly used methods for the estimation
of body composition [9]. However, there are some sig-
nificant drawbacks to each, for instance, BMI tends to
overestimate body fat levels in individuals with high
muscle mass [10]. For more details, refer to Chung
et al. [11]. Statistical methods that use predictive algo-
rithms for assessing body composition have also been
developed, which are thought to be more applicable
in large studies in non-laboratory settings [5]. Numer-
ous studies have been conducted throughout the world
on this topic [5, 12—22]. The literature review revealed
that multivariate regression models [12-16], receiver
operating characteristic (ROC) curves [17-19], neural
networks [21], and Bayesian networks (BN) [5, 22] are
among the methods used to predict body composition.
In a study to predict body composition, Bayesian net-
works performed better than linear regression models,
and predicted distributions based on this method were
close to their published counterparts [22]. In another
study, it was suggested that, under certain anthropo-
metric constraints, BN predictions might be used to
provide a complementary body composition analy-
sis for large populations [22]. Because of BN’s abil-
ity to deal with parametric dimension reduction and
uncertainty, it forms the basis of modern methods for
assessing many real-world problems, including medical
diagnosis and prediction. In the present study, our goal
is to predict body compositional measures in adolescent
boys and girls in the second-largest country in the Mid-
dle East, Iran, using several types of anthropometric
data; age, weight, height, waist circumference, hip cir-
cumference, and BMI; using a robust Gaussian Bayes-
ian network (RGBN). To our knowledge, until now, no
prediction model has been proposed for simultaneously
assessing the body composition compartment in the

Page 2 of 12

Iranian adolescent population, this research gap led to
the present study.

Methods

The present cross-sectional study was carried out in
Kavar, an urban community east of Shiraz, the capital of
Fars province in southern Iran, during 2012-2013 [23].

Subjects

The participants were girls and boys aged 9-18 vyears,
inhabitants of Kawar, and who were attending elementary
to secondary school. An age-stratified systematic random
sample of 7.5% was applied, and 500 participants (250
girls and 250 boys) were selected for this study. At each
school and for each age group, an alphabetized list of stu-
dent names was used and a random starting point was
picked. Then, every fifth student was selected to take a
survey. From them, each participant with a major chronic
disorder was excluded, and eventually 476 participants
(235 girls and 241 boys) who completed the study were
included in the statistical analysis. The participants were
divided according to the average age of puberty. As chil-
dren go through puberty, there are significant effects on
body composition. Girls acquire a greater amount of fat
mass, and boys gain significantly more fat-free mass, and
both genders gain bone mineral density at the highest
rate [24, 25]. The cut-off age for girls is > 13 years (88 par-
ticipants) and for boys it is> 14 years (136 participants).
The flowchart of recruitment and research is shown in
Fig. 1.

Anthropometric measures

Weight and height were measured by a training nurse,
weight using the standard scale closest to 0.1 kg (Seca,
Germany) and height at the nearest 0.5 cm using a wall-
mounted meter with the participant wearing light cloth-
ing and no shoes. BMI was calculated according to this
formula: BMI (kg/m?) =weight (kg) / (height (m))% Also,
we measured the waist circumference to the nearest
0.1 cm just above the patient’s uppermost lateral border
of the right ilium.

Body composition measures

The Hologic system (Discovery QDR, USA) was used to
measure BMC (in gram), bone area (in square centim-
eter), BMD (in gram per square centimeter), lean mass,
and fat mass (in gram). Bone mineral density was meas-
ured in the total body (without the head), lumbar spine,
and left femoral neck by a single experienced techni-
cian. Lean mass and fat mass were measured in the total
body as, well as in specific body compartments, such as
the trunk, legs, and arms. Densitometric studies were
done with the participant wearing special clothing and
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Boys (n = 241)

Boys >= 14 years
(n = 136)

Boys < 14 years
(n = 105)

Fig. 1 The flowchart of recruitment and research

An aged-stratified systematic random
sample of 7.5% was used
(n = 500)

Assessed for eligibility
(n = 500)

Excluded (n = 24)
Criteria: Major chronic disorder

Total selected
(n =476)

Girls (n = 235)

Dividing criteria:
Average age of puberty

Girls >= 13 years
(n = 147)

Girls < 13 years
(n = 88)

no footwear. To eliminate physiological lumbar lordosis
during measurement of the lumbar spine, we elevated the
participants’ knees while they were in a supine position.
In accordance with international standards, all meas-
urements of the femur were done on the left femur at
the position of internal rotation. During DXA measure-
ments, the position, size, and location of the region of
interest were the same for all participants. Scanner stabil-
ity was checked throughout the course of the study with
plots of daily spine phantom scans. Based on preliminary
measurements in ten children, the coefficients of varia-
tion in our laboratory were 1% for the total body, 0.51%
for the lumbar spine, and 2.4% for the femoral neck [23].

Statistical analysis

The statistical method that we used in the present study
was based on BNs [26-28] which is a graph-based
method that represents complex probabilistic interac-
tions and causality relationships between variables [29].
In plain language, RGBN was used to predict segmen-
tal body composition compartments by simple anthro-
pometric indices according to the method provided by
Kenett et al. [30]. According to the cut-off age, there are 4
groups under study: girls over 13 years (147 participants);

girls under 13 years (88 participants); boys over 14 years
(136 participants); and boys under 14 years (105 par-
ticipants). Each group was divided into a training data-
set (TRD: 80%) and a validation dataset (VAD: 20%). For
each group, different subsets of predictor variables were
considered to construct the Gaussian Bayesian network
(GBN) [31, 32], which was based on the assumption that
the variables followed a normal distribution. To learn
the network structure related to each subset of predictor
variables, 12 structure-learning algorithms (4 constraint-
based algorithms [33], two score-based algorithms [34]
and two hybrid algorithms [35] with different param-
eters) that limited the network arcs according to prior
knowledge were used. To run the model, an add-in pack-
age, “bnlearn in R [36] was used. After identifying the
network structure with the stated algorithms, to create
an RGBN from all possible edges between the predictor
variables and the response variables, only the edges that
appeared in at least seven algorithms were present in the
RGBN. The Bootstrap method was used to evaluate the
robustness of the created structures. In this way, by gen-
erating 500 random subsets of data related to each group
and each with 500 observations, the occurrence ratio
of each edge in the bootstrap iterations was measured.
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Those that did not have the minimum occurrence rate
(70%) were removed from the network. The quality of
RGBNs made for each subset of predictors variables
was evaluated with four criteria:|Bias| = €=1Z?Z1Biv:

SD=3" 0¥, SEP=3"_ L VIBy* + (6V)%)
and the number of edges. Following the selection of the
RGBN:E, the linear model corresponding to each response
variable was extracted from the networks. Prediction of
body composition should be done hierarchically. The
variable that was the offspring’ node of anthropomet-
ric indices was predicted first, and then the offspring of
this variable were estimated using the predicted values.
Thus, all body composition variables were predicted. The
normal distribution of data was checked using the Kol-
mogorov—Smirnov test and confirmed by a visual inspec-
tion of the histograms and Q-Q plots. Skewed variables
were log transformed. Student t-tests were used to com-
pare sex differences in all variables’ means. Results with
a p-value<0.05 were considered statistically significant.
The statistical power of the study was assessed by the
"pwr" package in R [37] and for all of the analyses, it was
greater than 0.95.

Results

Except for weight and body mass index, all the anthro-
pometric variables were significantly different for girls
compared with boys (Table 1). In addition, for DXA body
composition compartments, except for the trunk BMC,
all the variables differed significantly between boys and
girls.

Among all the fitted models, including the multivari-
ate regression model with all mentioned anthropomet-
ric indices and high parametric dimension, we selected
those models that had a small number of parameters with
the lowest SEP in the validation data set; the best models
were as follows: for boys over 14 years with bias=4.09,
SD =4.46 and SEP=6.38; for boys under 14 years with
bias=3.29, SD=4.63 and SEP=6.02; for girls over
13 years with bias=4.02, SD=5.66 and SEP=7.35; for
girls under 13 years old with bias=4.95, SD=5.14 and
SEP=7.76 (Table 2). All direct connections in the final
structure of RGBNs were significant (P<0.001) (Fig. 2).

All estimated regression models with standardized
coefficients were extracted from RGBNs by consider-
ing the parents of each node as predictors of these linear
models. In addition, the proportion of variance explained
by these models is given for each variable. Predic-
tive models were able to describe the variations in each

! Since the present study was conducted on children, to avoid ambiguity, the
word "offspring” was used instead of "child". In the context of Bayesian net-
works, child is a commonly-used word which means a node that is directly
influenced by another node (called the parent).

Page 4 of 12

response variable, which averaged 0.85 for all groups
(Table 3).

The validation scores for the prediction models as
derived from the RGBN method. For the prediction of
body composition variables, the maximum SEP value was
1.28 kg for both boys and girls. The corresponding values
varied from 0.65 to 0.93 for both sexes. According to the
MAPE score, it was possible to estimate the segmental
fat-free mass components (lean and BMC) with a maxi-
mum difference of £9.48% and 4 14.97% of DXA values
for boys and girls, respectively. Segmental fat mass could
be estimated with less accuracy than other components,
with a maximum difference of £19.43% and+18.97%
of DXA values for boys and girls, respectively (Table 4).
Segmental body compositions were well predicted over-
all, even if some bias arose in particular areas, especially
for fat masses. Generally, RGBN’s prediction had a fairly
strong correlation with DXA measurements (Fig. 3).

The validity of RGBN performance to predict total fat
mass and fat-free mass (lean and bone mass) is unknown.
SEP values of less than 1.28 kg were found for boys and
girls. The corresponding values were significantly high
for all boys and girls. Fat mass could be estimated with
a maximum difference of +9.98% of actual values. Addi-
tionally, the fat-free mass prediction had more accuracy
than fat mass, with a maximum difference of+3.56% of
actual values for boys and girls (Table 5). The predicted
values of fat and fat-free mass versus the observed values,
all of the correlations were significant (Fig. 4) (?<0.001).

Discussion

The importance of estimation of segmental body com-
position and finding interrelationships between them
has been recognized by specialists and experts [38]. In
the present cross-sectional study of Iranian children and
adolescents, the segmental body composition compo-
nents are estimated by using easy-to-measure anthro-
pometric indices such as age, weight, height, BMI, arm
circumference, and hip circumference, which have a high
correlation with body composition components.

The trunk lean mass has been mentioned in the lit-
erature as an important measurement for overcoming
musculoskeletal diseases [39, 40], as well as a critical sup-
porting component of various spinal pathologies [41, 42].
Therefore, its evaluation in adolescence can improve the
management and prevention of such diseases. To the best
of our knowledge, the literature has focused more on pre-
dicting adolescents’ total fat-free mass [43] and anthro-
pometric prediction equations were not available for
predicting adolescents’ trunk lean mass. Accordingly, in
the current study, this network method enables us to do
this. Our findings revealed that the trunk lean mass had
a highly significant association with boys’ height, weight,
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Table 1 Summary statistics for anthropometric indices and body composition variables, including mean, skewness, standard
deviation (SD), and quartiles, as well as their units, are presented by gender

Mean Quartiles sD Skewness

Variables Gender 25% 50% 75% *P-value

Trunk Fat (kg) Boys 147 1.26 142 1.62 0.27 0.77 <0.0001
Girls 441 2.84 4.07 579 1.88 048

Trunk Lean (kg) Boys 15.29 11.30 14.81 19.29 4.26 0.29 <0.0001
Girls 13.65 1147 14.25 15.79 2.93 -0.23

Trunk Bone (kg) Boys 037 0.26 0.34 048 0.13 053 0.244
Girls 0.36 0.27 037 044 0.63 0.22

Leg Fat (kg) Boys 1.56 1.32 1.53 1.74 0.29 0.44 <0.0001
Girls 496 344 482 6.39 1.76 017

Leg Lean (kg) Boys 11.73 829 11.13 15.23 3.75 0.19 <0.0001
Girls 932 7.66 9.60 10.70 201 -0.09

Leg Bone (kg) Boys 0.55 0.38 0.52 0.71 0.19 040 <0.0001
Girls 048 0.38 0.49 0.57 0.11 0.05

Arm Fat (kg) Boys 0.79 067 0.77 0.88 0.17 0.83 <0.0001
Girls 1.19 0.65 1.09 1.62 0.63 0.54

Arm Lean (kg) Boys 359 233 334 4.77 142 039 <0.0001
Girls 2.72 2.28 2.82 322 0.74 -0.37

Arm Bone (kg) Boys 0.19 0.37 0.44 0.53 0.09 0.21 0.014
Girls 0.16 0.1 0.16 0.20 0.05 -0.09

Age (year) Boys 14.1 2.5 11.6 139 15.7 -0.07 0.95
Girls 138 28 1.3 13.60 16.1 0.13

Weight (kg) Boys 416 31.0 40.0 51.8 12.0 0.38 0.098
Girls 40.2 31.0 40.0 48.0 10.0 0.10

Height (cm) Boys 155.2 1423 154.0 169.8 15.7 -0.08 <0.0001
Girls 150.6 142.0 153.0 159.0 11.0 -0.65

BMI (kg/m?) Boys 16.8 15.1 16.6 183 23 0.69 0.224
Girls 175 154 174 194 2.7 048

Waist Circumference (cm) Boys 65.6 580 65.0 720 9.1 0.28 0.010
Girls 68.6 63.0 69.0 75.0 9.0 0.08

Hip Circumference (cm) Boys 786 718 78.0 85.0 86 0.19 0.002
Girls 82.0 75.0 82.0 89.0 9.1 0.00

Note: *P-values for boys vs. girls (Student t test)

and hip circumference. Nevertheless, in girls, it was only
significantly related to height and weight. Due to its caus-
ative role in several body composition components, the
trunk lean mass is an essential variable in the hierarchical
prediction approach, and some other segments’ estima-
tion depends on its prediction.

Assessing appendicular (legs and arms) lean mass dur-
ing early growth is especially important because of its
association with health issues [44—49]. Maintaining opti-
mal appendicular lean mass in adolescents may improve
peak lean mass and bone strength, as well as have ben-
eficial effects on adult cardiovascular health [50]. Moreo-
ver, low lean mass is associated with metabolic risk, and
muscular strength is positively related to higher insulin

sensitivity in children [51]. In our results, leg lean mass
was associated with weight and height in boys, but in the
age group under 14 years, it also had a significant rela-
tionship with hip circumference. In girls, leg lean mass
was associated just with weight. The arm lean mass had
a significant relationship with age in boys over 14 years
old and with weight in girls over 13 years old. A cross-
sectional study on adolescents found a high correlation
with appendicular lean mass and weight, height, and age
in both sexes and no mean differences between predicted
and measured values [52].

A significant association was found between trunk fat
mass and BMI and height in boys; in addition to BMI, this
variable also had a significant relationship with weight in
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Table 2 Some RGBNs we explored by applying RGBNSs to all groups under study
Train Errors Test Errors
Groups BNs Covariables N.arcs |Bias| SD SEP |Bias| SD SEP
Boys over 14 years 1 Age-W-H-BMI-WC 25 341 452 6.05 4.00 452 6.39
2% Age-W-H-BMI-HC 26 3.35 4.46 5.92 4.09 4.46 6.38
3 Age-BMI-WC-HC 25 393 5.20 6.90 4.86 5.20 7.54
Boys under 14 years 1 Age-W-H-BMI-WC 24 323 4.29 572 335 4.63 6.05
2% Age-W-H-BMI-HC 26 3.24 4.27 571 3.29 4.63 6.02
3 Age-BMI-WC-HC 21 3.83 5.03 6.71 3.86 573 7.25
Girls over 13 years 1 Age-W-H-BMI-WC 27 3.92 5.66 7.29 4.02 5.66 7.35
2 Age-W-H-BMI-HC 27 3.92 5.66 7.29 4.02 5.66 735
3* Age-W-H-BMI 27 3.92 5.66 7.29 4.02 5.66 7.35
Girls under 13 years 1% Age-W-H-BMI-WC 23 3.77 4.86 6.49 4.95 5.14 7.76
2 Age-W-H-BMI-HC 23 3.73 4.81 6.44 5.03 513 7.80
3 Age-W-H-BMI 22 3.82 493 6.56 497 5.20 7.84

Note: The selected model for interpretation is shown in bold and with a

ugen

W Weight, H Height, WC Waist circumference, HC Hip circumference

Age Ag

BMI
BMI

e

BMI

HC

wC

Fig. 2 Top: Structures of the chosen RGBNSs for boys over 14 years (left) and boys under 14 (right). Bottom: Structures of the chosen RGBN's for girls
over 13 years (left) and girls under 13 years (right). W: weight, H: height, WC: waist circumference, HC: hip circumference, TF: trunk fat mass, TL: trunk
lean mass, TB: trunk BMC, LF: leg fat mass, LL: leg lean mass, LB: leg BMC, AF: arm fat mass, AL: arm lean mass, AB: arm BMC
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Table 3 Prediction models and proportion of variance explained for each of the nine response variables by the respective parents
within the chosen RGBNs

Models Explained variance
Variables Boys over 14 years Boys under 14 years Boys over 14 years Boys under 14 years
TL 0.66 W+0.19H+0.18HC 030 W+0.55H+40.13 HC 0.88 0.90
TF 1.29BMI+0.47H—0.74TL 0.82BMI+0.45H —0.37TL 0.76 0.75
TB 0.88TL 0.89TL 0.77 0.82
LL 048TL+0.27W+0.21H 0.50TL+0.26H+0.33 W —0.12HC 0.84 093
LF 091TF—0.11Age 0.79TF4+0.35W 0.82 0.81
LB 051TB+041LL 0.63LL+034TB 0.89 0.95
AF 045TL+042LL+0.11Age 0.81LL 0.84 0.84
AL 0.42TF +0.28AL+0.49LF —0.19H 0.45TF 4 0.44LF + 0.49AL — 0.45H 0.87 0.86
AB 0.76AL+40.19T8B 0.76AL+0.34LB—0.19TB 0.95 093
Girls over 13 years Girls under 13 years Girls over 13 years Girls under 13 years
TL 081 W+0.13H 0.70W+031H 0.80 091
TF 0.34BMI+0.99 W —0.33TL 0.68BMI+0.21TWC+0.19TL 0.80 0.74
B 0.66TL+0.29Age 0.89TL 0.64 0.80
LL 0.66TL+031TW 0.78TL+0.20W 0.82 0.90
LF 0.80TF —0.15H 0.60TF —0.30LL+0.68 W 0.81 0.88
LB 0.51TB40.22LL+0.14 W+0.19H 0.63LL+041TB+0.21H 0.69 0.88
AF 043LL+0.23 W 0.87LL 0.62 0.68
AL 0.42TF 4 0.28AL+0.49LF —0.19H 0.61LF+0.63AL—0.24H 091 0.84
AB 0.59AL+4-0.30TB+40.28LB—0.15W 0.74AL+-0.26LB 0.81 0.81

Note: W Weight, H Height, WC Waist circumference, HC Hip circumference, TF Trunk fat mass, TL Trunk lean mass, TB Trunk BMC, LF Leg fat mass, LL Leg lean mass, LB
Leg BMC, AF Arm fat mass, AL Arm lean mass, AB Arm BMC

Table 4 Quality of fit between nine segmental compartments as derived by DXA with their counterparts predicted by the RGBN

Compartments Boys over 14 years Boys under 14 years

MAPE SEP R? MAPE SEP R?
TF 18.04 0.82 0.82 1943 0.73 0.81
TL 488 1.28 0.90 533 0.78 093
8 9.38 0.06 0.78 8.69 0.03 0.84
LF 17.49 0.77 0.89 13.97 0.54 0.91
LL 593 1.10 0.84 5.65 067 094
LB 5.84 0.06 0.89 7.26 0.04 0.90
AF 1393 0.21 0.90 1791 0.18 0.88
AL 9.01 047 0.88 9.48 0.35 0.83
AB 6.06 0.02 0.94 744 0.01 093

Girls over 13 years Girls over 13 years

MAPE SEP R’ MAPE SEP R’
TF 14.27 1.06 0.81 17.34 0.76 0.74
TL 497 093 0.79 4.97 0.76 0.91
B 9.16 0.05 0.65 8.51 0.03 0.81
LF 10.84 0.87 0.82 18.96 043 0.90
LL 5.04 0.67 0.83 4.52 0.60 091
LB 503 0.04 0.84 5.87 003 0.90
AF 1237 0.28 0.90 1897 0.19 0.88
AL 10.32 037 0.65 14.97 0.38 0.76
AB 8.14 0.02 0.82 11.12 0.02 0.78

Note: TF Trunk fat mass, TL Trunk lean mass, TB Trunk BMC, LF Leg fat mass, LL Leg lean mass, LB Leg BMC, AF Arm fat mass, AL Arm lean mass, AB Arm BMC
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Table 5 Quality of fit between fat free mass and fat mass as derived by DXA with their counterparts predicted by the RGBN

Fat Mass Fat Free Mass

MAPE SEP R? MAPE SEP R?
Boys over 14 years 9.98 1.10 0.94 3.39 1.74 0.95
Boys under 14 years 9.71 0.64 091 3.56 1.14 0.97
Girls over 13 years 8.69 127 091 3.29 1.24 0.90
Girls under 13 years 9.00 0.86 0.90 3.29 0.89 0.97
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Fig. 4 Quality of fit between fat-free mass and fat mass as derived by DXA with their counterparts predicted by the RGBN

girls over 13 years of age and waist circumference in girls
under 13 years of age. The literature review showed that
BMI and waist circumference had a significant role in
predicting fat mass [12, 15, 16]. A cross-sectional study in
Brazilian adolescents reported that body circumferences,
including waist circumference, had high adjusted coeffi-
cients of determination to estimate fat mass in girls [15].
Another study in schoolchildren and adolescents found
that BMI and waist circumference are among the best
predictors of body fat percentage [16].

About appendicular fat mass, leg fat mass was associ-
ated with age in boys over 14 years old and with height
in girls over 13 years old. A significant relationship was
found between leg fat mass and weight in both sexes in
the younger age group. Also, arm fat mass had a signifi-
cant association just with height in boys and girls. In both
boys and girls, absolute and adjusted values of lean mass
for body size increased with age, although to a higher
amount in males. In teenagers, there was also a difference
in body composition between the sexes [25]. This pattern
of lean mass quantity and sexual dimorphism through-
out adolescence is consistent with earlier results across
ethnic groups and can be explained by hormonal effects.
During pubertal growth spurts, growth hormone and sex
steroids are dramatically activated, resulting in significant
gains in skeletal muscle and, as a result, lean mass [53].

Regarding the relationship between body composi-
tion measurements, there was no significant associa-
tion between segmental fat mass and BMC conditionally
by segmental lean mass in any group. According to a

research on Iranian children and adolescents, total body
BMD and total body lean mass had the most correla-
tion, whereas total body fat percentage had the least,
and BMD distribution was affected by age and total body
lean mass, which were also independent factors [54]. In
another study on adolescents and young adults, whereas
Pearson correlations between DXA measures of fat mass
and bone parameters (BMC and BMD) were generally
positive, the result showed that after accounting for lean
mass and some other indices, fat mass did not correlate
with DXA values for bone [55].

Based on these estimated body composition measure-
ments, several indicators that are linked to human health
concerns could be extracted, such as the body fat to lean
mass ratio, which is a valuable metric for predicting and
managing cardiometabolic events in the early stages [56];
the proportion of the trunk to appendicular fat mass
increase is associated with an increase in blood pressure
[57]; appendicular lean mass is an index to define sar-
copenia, which is one component of malnutrition [45];
elevated values of this index may increase sensitivity
to insulin [58] and development in bone health [46], in
opposition, low values relate to metabolic risk factors and
resistance to insulin [47, 48, 59], and including the risk of
osteoporosis [49].

According to our findings, RGBN was an excellent way
to predict segmental body composition compared to
the multivariate regression model due to the consider-
able reduction in the parametric dimension and accept-
able accuracy. Predictions using the present equations
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to estimate body composition components were reliable,
given high coefficients of determination, which averaged
85% for boys and 79% for girls. The high correlation of
body composition components from RGBN and DXA
values (averaged R2: 0.87 for boys and 0.82 for girls) sup-
ports using RGBN equations to estimate body composi-
tion in children and adolescents.

These results are consistent with other studies based
on the BN method that have indicated that anthropomet-
ric variables are good predictors of body components.
L. Mioche et al. [22] used a non-parametric equation
derived from a BN including sex, age, weight, and height
to predict the fat-free mass. Their results indicated that
correlations between BN predictions and DXA measure-
ments are significant for fat-free mass. Furthermore, they
confirmed that BN predictions are more accurate for fat-
free mass and fat mass than those obtained from linear
models. L. Mioche et al. [22] in another study assessed
the robustness of the BN predictions and determined
that predicted fat-free mass distributions are close to
their published counterparts for both sexes between
20 and 79 years old; they suggested that, under certain
anthropometric constraints, BN predictions might be
used as a complementary body composition analysis for
large populations.

An essential feature of our proposed model is that
it can simultaneously predict several segmental com-
partments to better assess individuals’ health status or
metabolic risks. To our knowledge, this is the first pro-
posal for a network approach for the Iranian adolescent
population. Although the direct method (DXA) and the
estimation approach, including regression equations,
Bayesian networks, or other appropriate methods based
on anthropometric variables, in most cases show slight
differences, the present equations are a safe alternative
for implementation in non-clinical settings where there
are no complex laboratories and equipment for evaluat-
ing body composition.

Limitation

This study was limited in some aspects. The main limita-
tion was its cross-sectional design. It may not be possible
to generalize these findings to other populations. Fur-
thermore, the results of the present study are based solely
on a statistical model, and future prospective studies are
required to accredit our observations. Biological plausi-
bility has not been the objective of the present study and
requires comprehensive discussion in another study.

Conclusion

Based on the present study’s predictive models, adoles-
cents’ body composition might be estimated by using
anthropometric measurements for a large population in
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non-clinical settings. Additionally, a few significant health
risk factors that are involved with body composition com-
ponents can be identified, such as excess fat mass, peak
bone mass, and inadequate lean body mass of an adoles-
cent. Given the flexibility and modeling of the present
method to test different motivated hypotheses, its applica-
tion to body compositional data and screening large popu-
lations is highly appealing.
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