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The aim of this study was to investigate the factors influencing Body Fat Percentage (BFP) among Vietnamese adoles-

cents aged 11 to 15 employing machine learning techniques for predictive analysis. 
A total of 1,208 adolescents, comprising 598 boys and 610 girls, drawn from nine junior high schools in Vietnam's 

capital, were enrolled in the study. Body composition measurements were conducted using the HBF 375 (Omron) device by 
Bioelectrical Impedance Analysis method. The study questionnaire, initially validated by The National Institute of Nutrition, 
encompassed inquiries related to dietary behaviors, meal frequencies, physical activities, sedentary habits, and nutritional 
knowledge. A machine learning methodology employing a decision tree algorithm was employed to discern the primary de-
terminants most significantly correlated with BFP. 

This study successfully identified six distinct predictor groups associated with BFP among adolescents, leveraging the 
decision tree model, with Root Mean Squared Error (RMSE) and Mean Absolute Error (MAE) values of 4.80 and 3.80, re-
spectively. Among these predictors, frequency of fruit consumption, snacking habits, mode of transportation to school, and 
screen time (computer and/or cell phone usage) emerged as the most influential factors linked to BFP in adolescents. The 
combination of these factors and interactions with gender and pubertal status can BFP in Vietnamese adolescents. 

This research sheds light on the complex and diverse factors impacting BFP in Vietnamese adolescents. This study's 
results underscore the practical importance of promoting healthy eating and exercise habits among adolescents, offering 
valuable insights for parents and schools to enhance their childcare strategies. 

Keywords: machine learning, body fat percentage, predictability, influencing factors, eating habits, physical activ-
ity,Vietnamese adolescents, the decision tree. 
 

 
Body Fat Percentage (BFP) is widely 

accepted as an accurate and effective meas-
urement of obesity status. Previous evidence 
has suggested that this index can provide ad-
ditional insights into risks of cardiovascular 

health and other metabolic disorders as adi-
pokines secreted by adipose tissue may af-
fect many metabolic functions such as fat 
distribution, appetite, energy expenditure, 
insulin sensitivity and secretion, glucose and 
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lipid metabolism [1]. The association be-
tween BFP and risk factors related to obesity 
is a subject of controversy when considering 
diverse ethnic populations. Additionally, 
there is limited information available regard-
ing the effectiveness of these obesity as-
sessment methods in Asian countries. In par-
ticular, in Asian populations, variations exist 
in the relative contributions of muscle mass, 
bone mass and bodily fluids to overall body 
weight when compared to Europeans. These 
differences are influenced by cultural sub-
groups, social and economic conditions, as 
well as nutritional characteristics [2]. While 
BFP plays a crucial role in evaluating the 
prevalence of overweight and obesity, there 
is a lack of comprehensive data regarding the 
distribution of body fat in adolescent popula-
tions, particularly in Asian regions.     

Globally, urbanization significantly pro-
pels shifts in dietary patterns and levels of 
physical activity, with Vietnam standing as 
no exception to this trend [3]. Eating habits 
and physical activity levels have been 
recognized as a key player in changes in BFP 
[4]. Observations from a study in the city of 
Tehran showed that a comprehensive lifestyle 
intervention reduced BFP by 1.81 % in obese 
adolescents after 12 weeks of intervention 
[5]. In a study of 764 Indian schoolchildren 
aged 10–18 years, the authors showed that 
adolescents with healthy eating habits and 
regular physical activity had a lower BFP 
than that in adolescents with negative eating 
habits and and infrequent physical activity 
[6]. Besides, a study of 70 schoolchildren 
aged 14–15 also showed a significant 
relationship between physical activity and 
BFP [7]. The analysis of risk factors associ-
ated with eating habits and physical activity is 
the basis for making recommendations and 
proposing timely measures to reduce the 
increase in BFP at an early age as well as for 
proposing measures to prevent overweight 
and obesity in school age [8–10]. Machine 
learning is an application of artificial intelli-
gence that helps systems automatically under-

stand data from trained data without needing 
specific programming. Compared with classi-
cal statistics, the new point here is that a ma-
chine must efficiently perform inferences and 
learn from provided data using suitable algo-
rithms and a massive data management facil-
ity of a computer. Hence, machine learning is 
regarded as a pioneering discipline within 
modern statistics and, more broadly, in the 
field of data science. Therefore, with the de-
velopment of big data, use of machine learn-
ing algorithms to extract information to pro-
duce intelligent data is a necessary task. Re-
search on 7162 Chinese people, using 11 
algorithms of machine learning has shown 
that the random space classification algorithm 
achieves high overall accuracy and area under 
the curve. The study, using the evaluation cri-
terion BMI, showed that duration of vigorous 
intensity activity per week and duration of 
moderate intensity activity per week were 
strongly associated with obesity [11]. The 
study by Babajide et al. (2020) investigated 
the applicability of machine learning to 
improve body mass prediction in a dietary 
intervention program [12]. A study of 40,032 
Britons found that machine learning models 
based on two-dimensional projection allow 
near-perfect estimation of the volume of 
adipose tissue [13].    

However, at present, studies applying 
machine learning in analyzing the relation-
ship between eating habits and physical ac-
tivity to BFP are still very limited. The pur-
pose of this study was to identify risk factors 
and protective factors for BFP as well as 
their predictability in the representative 
population of 11 to 15-year-old students us-
ing machine learning techniques. The results 
of this study are the basis for making rec-
ommendations on daily food consumption 
and physical activity habits as well as devel-
oping policies and adjusting intervention 
programs to control an increase in obesity 
rates in this population.  

Materials and methods. A total of 1208 
adolescents (598 boys and 610 girls), aged 



Nguyen Thi Hong Hanh, Le Thi Tuyet, Nguyen Thi Trung Thu, Do Thi Nhu Trang, Duong Thi Anh Dao …  

Health Risk Analysis. 2024. no. 1 160 

11–15 years, originating from nine junior 
high schools in the capital of Vietnam, were 
included in the study. Nine schools were se-
lected from 583 junior high schools in Hanoi 
by simple random sampling method. Students 
at each school were selected using Epi info 6 
software. Healthy students would be eligible 
for inclusion, if they were free of known 
chronic disease and were not taking any 
medication influencing body composition 
(e.g. β-blockers or diuretics). 

The study protocol was approved by 
the local ethics committee at the Depart-
ment of Human and Animal Physiology, 
Faculty of Biology, Hanoi National Uni-
versity of Education. The data collection 
and storage comply with ethical guidelines 
and protect individuals' confidentiality. 
The investigators informed all the school 
principals, teachers, the participants and 
their parents for the potential benefits and 
risks in relation to the study. Parents or 
guardians provided written informed con-
sent for their child's participation in the 
study. Throughout the investigation, chil-
dren had the right to decline answering any 
questions or to discontinue their participa-
tion in the study at any time.  

Anthropometric measurements, which 
included weight, height, waist circumfer-
ence (WC), and hip circumference (HC), 
were conducted in accordance with the 
standardized method developed by National 
Institute of Nutrition. These measurements 
were taken with the children wearing mini-
mal clothing, after their shoes and hair or-
naments were removed. Height, WC, and 
HC were measured to the nearest 0.1 cm, 
while body weight was measured to the 
nearest 0.1 kg using standardized medical 
scales. WC was measured at the midpoint 
between the iliac crest and the lowest rib, 
and HC was measured at the widest part of 
the buttocks using an inelastic tape meas-
ure. Each of these measurements was per-
formed twice for each child, and the aver-
age value was utilized for subsequent analy-

sis. Body Mass Index (BMI) was calculated 
by dividing the child's weight in kilograms 
by the square of height in meters. Students’ 
nutritional status was assessed using the cri-
teria established by the International Obe-
sity Task Force (IOTF).    

Bioelectrical Impedance Analysis 
(BIA): participants in this study underwent 
measurements of body composition using the 
HBF 375 (Omron) device. Body fat percent-
age (BFP) was in the focus of this analysis. 
Prior to these measurements, participants 
refrained from intense physical activity for at 
least 12 hours, abstained from consuming 
food or beverages for at least 3 hours, and 
ensured they had urinated and defecated 
within the last 30 minutes. Female partici-
pants were excluded from testing during 
their menstrual period. All BIA measure-
ments were conducted in the morning.    

The validation of the survey question-
naire was initially carried out by The National 
Institute of Nutrition. The questionnaire in-
cluded questions about food behaviors, main 
meal frequencies, physical activity, sedentary 
behaviors, and nutrition knowledge. General 
information included age, gender, and resi-
dence area. Characteristics for eating habits 
(18 items) included frequencies of eating 
breakfast; eating speed; number of meals per 
day; snacking habits; type of food consumed 
in the snack; time to eat snacks of the day; 
sensory liking for vegetables / fruits / fatty 
food / sweet food / carbonated beverage / fast 
food / animal organs; frequency of consump-
tion of vegetables / fruits / fatty food / sweet 
food / carbonated beverage / fast food / ani-
mal organs. Physical activity was measured 
based on 27 items: activity preferences, modes 
of transportation to school, frequency of walking 
or riding a bicycle, playing or not playing sport 
games, frequency of exercise, time spent being 
sedentary, sleep duration, frequency of vigorous, 
light, or moderate exercise. Nutrition knowledge 
was collected based on 9 items regarding a gen-
eral nutrition concept as consuming good food 
for health or not and obesity-related knowledge 
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as definition of obesity and adequate methods of 
weight control.  

Machine learning algorithms. The deci-
sion tree algorithm was used to make predic-
tions for target values in regression tasks or 
target classes in classification tasks. Our pri-
mary emphasis was on solving regression 
problems, wherein the decision tree's terminal 
nodes, also known as leaf nodes, can accom-
modate continuous values, typically in the 
form of real numbers. 

The process of constructing a regression 
tree involves iteratively dividing the dataset 
into increasingly smaller subsets while pro-
gressively expanding the decision tree struc-
ture. The final result is a fully grown tree, 
comprising decision nodes and leaf nodes. De-
cision nodes (for example, ‘Gender’) bifurcate 
into two or more branches (such as ‘Male’ and 
‘Female’), each representing possible attribute 
values. On the other hand, leaf nodes (for in-
stance, 'BFP value') signify the ultimate deci-
sion pertaining to the numerical target value. 
The topmost decision node in the tree, which 
corresponds to the most informative predictor, 
is referred to as the root node. Throughout this 
experimental investigation, we harnessed the 
power of the Scikit-learn library, a Python-
based machine learning toolkit [14]. 

Model evaluation. In assessing a Regres-
sion Model, we utilize two essential metrics: 
Root Mean Squared Error (RMSE) and Mean 
Absolute Error (MAE) [15]. These metrics serve 
as indicators of the model's precision and the 
magnitude of deviation from the actual values. 
Technically, RMSE is the square root of the 
mean of the squared errors, whereas MAE is the 
mean of the absolute errors. In this context, an 
error represents the disparity between the pre-
dicted values (values estimated by our regression 
model) and the genuine values of a variable. 
Concretely, the formulas are as follows: 

 
2( )i py y

RMSE
n


  ,  (1) 

 
( )i py y

MAE
n


 ,  (2) 

where yi = actual value; yp = predicted value, 
n = number of observations. 

Results and discussion. Table 1 shows the 
characteristics of the study subjects by gender. 
Boys and girls had similar age, 13.0 and 12.9 
years, respectively. However, boys, compared 
with girls, had a significantly greater weight, 
height, waist circumference, waist-to-hip  

 

T a b l e  1  
General characteristics of the participants 

Parameter Boys (N = 598) Girls (N = 610) P-value 
Age (years)b 13.0 (12.1–13.8) 12.9 (11.9–13.7) 0.406 
Weight (kg)b 44.8 (37.3–52.2) 43.6 (37.8–49.0) 0.03 
Height (cm)a 154.9 ± 10.3 153.1 ± 6.6 < 0.0001 
BMI (kg/m2)b 18.5 (16.6–20.8) 18.4 (16.5–20.2) 0.097 
Waist circumference (cm)b 67.0 (62.5–73.1) 65.3 (62.0–69.6) < 0.0001 
Waist to hip ratiob 0.81 (0.78–0.86) 0.78 (0.75–0.81) < 0.0001 
Nutritional status     
    + Obesity (%) 4.5 0.8 0.001 
    + Overweight (%) 13.5 11.4  
    + Normal weight (%) 67.6 73.9  
    + Underweight (%) 14.4 13.9  
BFP (%)b 18.0 (13.3–22.6) 21.1 (18.4–23.5) < 0.0001 
Subcutaneous fat percentage (%)a 12.5 ± 4.3 17.9 ± 4.0 < 0.0001 
Muscle mass percentage (%)b 36.3 (33.5–38.7) 29.5 (28.1–31.0) < 0.0001 

N o t e: BMI is body mass index; BFP is body fat percentage; a data are mean ± SD; b data are median (inter-
quartile range). P-values obtained by Student T test or Mann – Whitney U test or Chi-square test. Bold values indi-
cate significant difference between cases and controls. 
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ratio, and muscle mass percentage (P < 0.001). 
In contrast, the BFP and the subcutaneous fat 
percentage of boys was lower than that of 
girls. In boy, BFP was 18.0 %, and subcuta-
neous fat percentage was 12.5 % meanwhile, 
in girls, the corresponding values were 
21.1 % and 17.9 %, respectively. There was 
also a difference in nutritional status between 
male and female adolescents (P = 0.001) de-
tected by using the IOTF criteria. Specifi-
cally, the rate of overweight and obesity in 
boys was much higher than in girls (18 % 
versus 12.2 %). 

When investigating the correlations be-
tween body fat percentage and some certain 
anthropometric variables in Vietnamese ado-
lescents, the findings revealed several signifi-
cant associations. Body fat percentage exhib-
ited strong positive correlations with Body 
Mass Index (r = 0.51), Waist Circumference  
(r = 0.42), and Hip Circumference (r = 0.31). 
Conversely, a negative correlation was ob-
served between body fat percentage and height 
(r = -0.30) (Figure 1). 

 

 
Figure 1. The correlations between body fat percentage 

and some anthropometric variables 

The development of predictive model 
for adolescents aged between 11 and 15. 
Decision Tree Analysis. In assessing a re-
gression model, we utilized two essential 
metrics: Root Mean Squared Error (RMSE) 
and Mean Absolute Error (MAE). These met-

rics serve as indicators of the model's preci-
sion and the magnitude of deviation from the 
actual values. Technically, RMSE is the 
square root of the mean of the squared errors, 
whereas MAE is the mean of the absolute er-
rors. In this context, an error represents the 
disparity between the predicted values (values 
estimated by our regression model) and the 
genuine values of a variable. 

The experimental results, evaluated using 
the decision tree model shown in Table 2, indi-
cate RMSE and MAE values of 4.20 and 3.29 
for the training dataset, and 4.80 and 3.80 for 
the validation dataset, respectively. The square 
root of the average of the squared errors and the 
average of the absolute errors between the two 
datasets are relatively small. Therefore, the pre-
dictive model developed in this study can be 
considered highly capable and stable. 

T a b l e  2  
Decision tree model evaluation (N = 1208) 

Category Training 
 (80 %: 966) 

Validation 
 (20 %: 242) 

RMSE 4.20 4.80 
MAE 3.29 3.80 

N o t e: RMSE: Root Mean Squared Error; MAE: 
Mean Absolute Error.  

 
The decision tree predicted the value of 

BFP in adolescents from the interaction of en-
vironmental factors including gender, pubertal 
status, and lifestyle-related factors. The deci-
sion tree model comprises seven terminal 
nodes. Notably, among these nodes, four life-
style-related factors that contribute to an in-
crease in BFP (excluding gender and pubertal 
status) were as follows: girls who did not con-
sume snacks (predicted BFP was 22.85); girls 
who both did not consume snacks and had 
screen time exceeding 2 hours per day (pre-
dicted BFP was 21.815); boys who consumed 
fruit less than three times per week (predicted 
BFP was 20.749); boys who both consumed 
fruit less than three times per week and used 
sedentary mode of transport to schools (pre-
dicted BFP was 26.641) (Figure 2). 
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Figure 2. The decision tree model identifies risk groups with high BMI among adolescents aged between 11 and 15: 
Value is predicted BFP; Gender: 1 = male; 2 = female; Frequency of consumption fruits per week: 1 = > 5 

times/week; 2 = 3–5 times/week; 3 = < 3 times/week; Types of food consumed in the snack: 0 = nothing; 1 = milk 
and dairy products; 2 = high-carb foods; 3 = fast food; Modes of transportation to school: 1 = walking; 2 = cycling; 

3 = bus; 4 = motorbike; 5 = car; Puberty status: 0 = Tanner stage 1, 2, 3; 1 = Tanner stage 4, 5; Time spent using 
computer or / and cell phone per day: 1 = < 2 hours/day; 2 = ≥ 2 hours/day) 

Evaluation of the model. Furthermore, to 
assess the effectiveness of the Decision Tree 
method more comprehensively, we conducted 
a comparison with another method, linear re-
gression.  

The results on the test data in Figure 1 
also reveal that the Decision Tree method ex-
hibits relatively low errors, with RMSE and 
MAE values of 4.80 and 3.80, respectively. In 
contrast, linear regression yields higher values 
of 5.12 for RMSE and 4.20 for MAE  
(Table 3). Consequently, it can be observed 
that the Decision Tree method provides more 
reliable results compared to linear regression. 

T a b l e  3  
Performance indicators of the machine 

learning algorithms 
Method RMSE MAE 

Linear regression 5.12 4.20 
Decision tree 4.80 3.80 

N o t e: RMSE: Root Mean Squared Error; MAE: 
Mean Absolute Error. 

 
In this research, a machine learning-

centered methodology was employed to pre-
dict BFP based on the dietary patterns and 
physical activity of adolescents aged 11–15 

years. The results revealed that within this 
age group, several lifestyle-related factors 
exerted the most substantial influence on 
BFP. These influential factors encompassed 
the frequency of fruit consumption, snacking 
behaviors, the mode of transportation to 
school, and the duration of computer and/or 
cell phone usage. 

Within the context of this research, BIA 
was employed to measure BFP. BIA finds 
widespread application within epidemiologi-
cal and clinical contexts for the assessment of 
body composition [16]. BIA stands out for its 
high level of safety, particularly when em-
ployed with adolescents and its suitability for 
widespread use. Despite the inherent margin 
of error, certain studies indicate that the error 
of the BIA method remains comparatively 
minimal [17, 18]. A study conducted on 200 
healthy volunteers showed that the correlation 
coefficient between BIA (using HBF 359) 
and DXA measurement of BFP was 0.89  
(P < 0.001) [19]. 

Our results showed that the Decision 
Tree method provides more reliable results 
compared to linear regression. Decision trees 
represent one of the most widely adopted ma-
chine learning algorithms that can effectively 
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address both regression and classification 
challenges. Decision Tree method stands as a 
potent instrument for forecasting overweight 
and obesity, drawing from a diverse array of 
factors including lifestyle, dietary habits, ge-
netics etc. [20, 21]. Numerous research stud-
ies employ a range of machine learning algo-
rithms to attain remarkable accuracy in pre-
dicting obesity [22]. Studies using machine 
learning in the assessment of BFP offer prom-
ising insights and have the potential to im-
prove accuracy and efficiency in predicting 
body fat levels. On the other hand, using de-
cision trees can predict BFP from the aggre-
gate interaction of multiple risk or protective 
factors instead of just evaluating each factor 
individually. Accurate BFP assessment 
through machine learning has significant 
population health implications [22]. However, 
prediction of BFP from environmental factors 
in adolescents is still very limited.  

In our study, frequency of fruit consump-
tion and snacking turned out to be the best 
predictors. Numerous studies have investi-
gated the correlation between diets and BMI, 
overweight, and obesity among adolescents in 
various countries. However, the findings from 
these research endeavors have not been con-
sistently aligned. In a prior study encompass-
ing 34 countries, it was reported that there 
was no significant association between over-
weight status and the consumption of fruits or 
vegetables [23]. Conversely, in a prospective 
cohort study conducted in the United States 
involving 14,900 children, it was revealed 
that intake of fruit and fruit juice did not 
serve as a predictor for changes in BMI [24]. 
According to the data from the International 
Study of Asthma and Allergies in Childhood, 
encompassing 201,871 adolescents, it was 
observed that adolescents who consumed 
fruits, vegetables, pulses, and nuts three or 
more times per week exhibited a lower BMI 
in comparison to those who rarely or occa-
sionally consumed these foods [25]. 

The results of our study also showed that 
adolescent girls who did not eat snacks had 

higher BFP than those who did. Numerous 
research studies indicate that consumption of 
snacks may lead to an elevation in daily calo-
rie intake instead of diminishing it. Nonethe-
less, snacking remains an integral component 
of a wholesome weight loss strategy. Optimal 
choices for weight loss include snacks that 
are abundant in complex carbohydrates, pro-
tein, and fiber, as they contribute to pro-
longed satiety [26]. An analysis conducted 
using data from the China Health and Nutri-
tion Survey, covering the years 2006, 2009, 
and 2011, indicated that being in the highest 
snacking tertile was linked to the most sub-
stantial reduction in BMI z scores (-2.1)  
(P < 0.05) in overweight children aged be-
tween 7 and 13 years [27]. 

In this study, it was found that time spent 
using computer or/and cell phones was im-
portant in predicting BFP in adolescents. 
Some studies have demonstrated that the dis-
proportionate utilization of electronic devices, 
particularly by adolescents, exerts a signifi-
cant impact on the physical, psychological, 
and social well-being of this cohort [28]. An 
evaluation was conducted on a population-
based sample of Finnish twins (N = 4,098); 
the results indicated that increased time spent 
using a home computer was linked to a 
heightened risk of overweight. Moreover, a 
positive linear trend was observed between 
cell phone usage and BMI, with a beta coeffi-
cient of 0.18 (95 % CI: 0.06–0.30) [29]. The 
outcomes of the dual-class meta-analysis en-
compassing 44 studies also revealed that ado-
lescents categorized within the highest range 
of screen time demonstrated a 1.27-fold in-
creased likelihood of developing overweight 
or obesity (P < 0.001) [30].  

Over the past few decades in Vietnam, the 
nature of school commuting has shifted to-
wards a more sedentary trend. The existing 
literature is still inconsistent regarding any as-
sociations between school commuting and 
body composition. The meta-analysis, which 
encompassed 13 research papers, exclusively 
concentrated on the connection between active 
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school commuting and the body mass index of 
children and adolescents. Among the final se-
lection of 13 studies, three studies established 
definitive associations, three studies indicated 
partial associations confined to certain sub-
groups or constrained by societal/geographical 
factors, while seven studies exhibited no dis-
cernible correlations [31].  

Strengths and limitations. Some factors 
associated with BFP in adolescents, as estab-
lished in prior research, such as physical ac-
tivity level, were not included in the decision 
tree model. It's essential to approach these 
results with caution because the absence of 
these variables in the model does not neces-
sarily imply that they are unrelated to BFP. 
Several limitations should be considered in 
interpreting our findings. Firstly, the gener-
alizability of the results to other ethnic re-
gions may be challenging, as the database 
used for analysis was specific to adolescents 
in Hanoi. Secondly, while machine learning 
can reveal associations, it may not establish 
causality. Nevertheless, this study boasts sev-
eral strengths. Firstly, it endeavors to unravel 
complex relationships among predictor vari-
ables using a decision tree analysis approach. 
Secondly, the application of machine learning 
techniques allows for more nuanced and data-
driven exploration of factors linked to BFP, 
potentially uncovering non-linear relation-
ships that conventional statistical methods 
might overlook. 

Implications for practice. The findings 
of this study carry significant practical im-
plications, primarily highlighting the impor-
tance of encouraging healthy eating and ex-
ercise habits among adolescents. Moreover, 
parents and schools can incorporate these 
findings into their childcare strategies. In 
order to maintain a healthy BFP in children, 

it is recommended that they consume a 
minimum of three servings of whole fruits 
per week and consider incorporating addi-
tional healthy snacks alongside their three 
main meals each day. Additionally, children 
should prioritize engaging in active modes of 
transportation while limiting their screen 
time. 

Conclusion. In conclusion, it is notewor-
thy that this study has successfully identified 
six distinct groups of predictors related to BFP 
among adolescents using the decision tree 
model. Importantly, it took into account multi-
ple variables simultaneously, enhancing the 
predictive accuracy of the model. Among 
these predictors, the most significant factors 
associated with BFP in adolescents include 
frequency of fruit consumption, snacking hab-
its, mode of transportation to school, and the 
screen time. This study illuminates some intri-
cate and diverse factors that impact BFP in 
Vietnamese adolescents. The combination of 
these factors and interactions with gender and 
pubertal status can determine BFP in Vietnam-
ese adolescents. However, it's essential to ac-
knowledge that there may still be unclear rela-
tionships among these predictors. Therefore, 
future studies should aim to delve deeper into 
these associations and further explore the un-
derlying complexities within this multifaceted 
field of research. 
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