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Abstract
Objectives: We adopted the machine learning and deep learning algorithms to explore risk pro�ling for
overweight and obesity in Chinese preschool-aged children.

Methods: This is a cross-sectional survey, and was conducted between September and December in 2020
at Beijing and Tangshan. Using a strati�ed cluster random sampling strategy, children 3-6 years of age
from 30 kindergartens were enrolled. Data were analyzed using community PyCharm.

Results: A total of 9478 children were eligible for inclusion, 1250 children with overweight or obesity, and
they were randomly divided into the training group and testing group in a 6:4 ratio. After the training and
testing process, the SVM (accuracy: 0.9457) was ranked as the best algorithm, followed by the GBM
(accuracy: 0.9454) as re�ected by model accuracy. As re�ected by other performance indexes, the GBM
had the highest F1 score (0.7748), followed by the SVM with the F1 score at 0.7731. After importance
ranking, the top �ve factors seemed su�cient to obtain descent performance under the GBM algorithm,
including age of children, eating speed, number of relatives with obesity, sweet drinking, and paternal
education, which was further reinforced by a classical deep learning sequential model.

Conclusions: We identi�ed �ve factors relating to children and parents that can help differentiate children
with overweight or obesity from general children. Further validations are necessary.

Introduction
Globally, childhood overweight/obesity has reached epidemic proportions and represents a major public
health concern [1]. From 1975 to 2016, the prevalence of overweight in children and adolescents was
increased from 0.7–5.6% in girls and 0.9–7.8% in boys around the world [2, 3]. Latest statistics indicate
an estimated 38 million children under �ve years of age are overweight or obese, and this number
skyrockets to approximate 340 million among children and adolescents aged 5 to 19 years [4]. In China,
due to the dramatic socio-economic changes and nutritional transitions during the past decades, the
prevalence of overweight/obesity was increased from 11.7–25.2% during the period between 1991 and
2011 [5]. Considering that the detrimental impact of childhood obesity can extend into adulthood and
precipitate the development of metabolic abnormalities and pulmonary disorders [6], it is of public health
importance to curb this inclination for society as a whole by gaining a better understanding of the risk
pro�les of childhood obesity [7, 8].

Identi�cation and characterization of potential risk factors responsible for the development of overweight
or obesity in children have been widely undertaken [9, 10]. For example, reducing calorie intake and
increasing physical activity were recommended to children with overweight or obesity [11–13]. As
reported previously, our �ndings indicated that bedtime and eating speed acted synergistically in
predicting the risk of overweight and obesity among 1123 preschool-aged children [14]. Further
exploration among 7222 preschool-aged children identi�ed four factors, including maternal body mass
index (BMI), maternal pre-pregnancy BMI, breastfeeding duration and sleep duration, in signi�cant
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association with childhood overweight or obesity [15]. Despite intensive efforts devoted to seek obesity-
susceptibility factors in children and adolescents, there is thus far no de�nite consensus on how many
factors and which one(s) actually play the role.

Currently, a major challenge facing the majority of previous studies is to better de�ne the complex
relationship between these factors and outcomes [16]. This is because traditional prediction models are
limited by lack of inclusion of nonlinear, collinear and interactive effects among factors [17]. In response
to this limitation, a wide panel of machine learning and deep learning algorithms are developed as
advanced statistical tools to facilitate the characterization of these effects [16, 18]. Machine learning and
deep learning methods have been successfully applied for a variety of clinical endpoints in children
including, for instance, myopia [19], dental caries [20], depression [21], obesity [16] and so on.

To yield more information, we attempted to adopt the widely-used supervised machine learning and deep
learning algorithms to explore the risk pro�ling for overweight and obesity in a large survey of preschool-
aged children from 30 kindergartens located in Beijing and Tangshan. Speci�cally, under the best
algorithm selected, the importance of factors under evaluation was ranked �rst. Next, the optimal number
of important factors and the best algorithm in prediction of childhood overweight/obesity were
ascertained. Finally, a visualization tool was developed for wide application.

Methods

Study design
This survey is cross-sectional in nature, and was conducted during the period between September and
December in 2020 at Beijing and Tangshan (Hebei province), China. The implementation of this survey
received approval from the Ethics Committee of China-Japan Friendship Hospital, and was in compliance
with the principles of the Declaration of Helsinki. Signed informed consent was obtained from the parents
of assessable children who participated in the present study.

Study participants
A strati�ed cluster random sampling strategy was used to collect information from preschool-aged
kindergarten children in Beijing and Tangshan. In detail, four districts out of 16 districts in Beijing and two
districts out of seven districts in Tangshan were selected. Within each district, �ve kindergartens were
randomly selected, and so a total of 30 kindergartens entered into this survey. Children from these 30
kindergartens formed the study participants, except those who were diagnosed to have major illnesses,
which include but not limit to chronic kidney disease, hypothyroidism, or congenital heart disease.

Data collection and quality control
Data were collected by circulating our self-designed questionnaires, which were a priori found to have
reliability coe�cient alpha over 0.85, to the parents or guardians of a total of 10441 children from
selected kindergartens. The questionnaires were �lled in online via the tool termed as the WenJuanXing
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(https://www.wenjuan.com/), and �nally 10230 questionnaires were returned with a response rate of
98%. Data from completed questionnaires were downloaded in the form of Excel from this website.

Information from questionnaires was collected from both children and their parents. From children, sex,
region, date of birth, time spent on outdoor activities at workdays and weekends, weekly intake frequency
of fast food and night meals, picky eating, birthweight, birth height, gestational age, delivery mode, twin
birth, birth order, breastfeeding duration and solid food introduction age were recorded. Thereof, weight
(to the nearest 0.1 kg) and height (to the nearest 0.1 cm) were measured by trained healthcare physicians

From parents, self-reported data included age, height, gestational diabetic mellitus, education, family
income, perinatal clinical history (delivery mode, birth weight, and birth height), duration of breast-feeding,
and self-rated patience to children.

Kindergarten teachers were responsible for sending electronic questionnaires online to the parents or
guardians of all participant children. Data exported from electronic questionnaires to a Microsoft O�ce
ExcelTM spreadsheet were strictly checked by trained staff. In case of missing or uncertain records,
parents or guardians were contacted by phones for the sake of accuracy.

Overweight and obesity de�nition
Several o�cial de�nitions are available for the de�nition of childhood overweight and obesity, including
the International Obesity Task Force (IOTF) criteria, World Health Origination (WHO) criteria, and Chinese
criteria. In this study, we adopted the WHO criteria for wide application. In detail, overweight and obesity
are de�ned based on body mass index (BMI) z-scores at a cutoff of 5 years old under the WHO criteria
[22–24]. In children 5 years of age or below, overweight and obesity are de�ned as the BMI Z-score
between 2 and 3 and > 3, respectively. In children over 5 years of age, overweight and obesity are
separately de�ned as the BMI Z-score between 1 and 2 and > 2.

De�nitions of baseline characteristics
Time spent on outdoor activities every day was calculated as the sum of time both on workdays × 5 and
weekends × 2 divided by 7. Fast foods referred to foods with high energy and low nutrition (e.g.,
hamburger and French fries), Night meal was de�ned as eating food within 2 hours before bedtime.
Weekly intake frequency was consistent with fast food and night meals, which was classi�ed as every
day, often (3-5 times), occasional (1-2 times) or none or occasionally. Picky eating was de�ned as yes or
no. Gestational, birth weight and birth height were recorded. Delivery mode included vaginal delivery and
caesarean section.

Parental height was self-reported. Paternal and maternal age at delivery was calculated as the difference
between the date of child’s birthdate and parent birthdate. Maternal gestational diabetes mellitus
diagnosed by doctors from second-class or above hospitals, were recorded. Education was categorized
as doctor’s degree or above, master’s degree, bachelor’s degree, and high school degree or below. The
relatives in this study referred to the parents, grandparents, and grandparents-in-law of children. Family
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income (RMB per year) was categorized as ≥1,000,000, 600,000-1,000,000, 300,000-600,000, 100,000-
300,000, and <100,000.

Statistical analyses
Considering that the number of children with obesity was small, overweight and obesity were combined
as a single group compared with the non-overweight group (the reference group). Factors with missing
data over 30% were removed from the analysis. Missing data were derived using the multiple imputation
procedure by the mice package in the R environment (Version 4.1.1). Categorical data are expressed as
count (percentage). For continuous data, P values for comparison between children with non-overweight
and overweight or obesity were derived by the t test for normally distributed data, the rank-sum test for
skewed data, and the χ2 test for categorical data.

To examine the association of data from children and parents with childhood overweight/obesity, nine
machine learning algorithms were employed, including Logistic regression model, decision tree, support
vector machine (SVM), random forest, K-nearest neighbor (KNN), gradient boosting machine (GBM),
extreme gradient boosting (XGBoost), light gradient boosting machine (LGBM), and naïve Bayes. On the
basis of the nine machine learning algorithms, both hard and soft voting classi�ers were calculated as an
ensemble machine learning method. The performance of machine learning algorithms was assessed
using accuracy, precision, recall, F1 score, and area under the receiver operating characteristic curve
(AUROC). Accuracy is a measurement of how good a model is. Precision is a measurement of how many
positive predictions were actual positive observations. Recall is a measure of how many actual positive
observations were predicted correctly. F1 score is an ‘average’ of both precision and recall. The
importance of each factor under study was calculated using the χ2 test and ranked in an ascending order.

Additionally, a deep learning algorithm, sequential model was also employed to test this association by
using three different optimization algorithms, that is, adaptive moment estimation (Adam), root mean
square prop (RMSprop), and stochastic gradient descent (SGD). Model loss and accuracy were used to
appraise prediction performance.

Both machine learning and deep learning algorithms were trained on 60% of study children (the training
group) and tested on the remaining 40% (the testing group) as an internal validation of the prediction
model.

All analyses were done using the community PyCharm (Edition 2018.1 x64) under Windows 10 with the
Python (Python Software Foundation) software (Version 3.7.6).

Results

Baseline characteristics
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After removing data with incomplete information of interest, a total of 9478 children were eligible for
inclusion, and their baseline characteristics by obesity status are presented in Table 1. There are 1250
children with overweight or obesity, which accounts for 13.19% of all study children.
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Table 1
The baseline characteristics of study children by overweight/obesity status.

Factors under study Non-
overweight

Overweight or
obesity

P

(n=8228) (n=1250)

Baseline factors        

Sex (%) Boys 4134 (50.2%) 677 (54.2%) 0.011

  Girls 4094 (49.8%) 573 (45.8%)  

Age(month)   54.70 [48.20,
65.40]

66.40 [55.30,
72.70]

<0.001

Lifestyle-related factors        

Night meal (%) None or
occasionally

4801 (58.3%) 762 (61.0%) 0.002

  1-2 times weekly 1872 (22.8%) 299 (23.9%)  

  3-5 times weekly 795 (9.7%) 113 (9.0%)  

  Every day 760 (9.2%) 76 (6.1%)  

Sweet foods (%) None or
occasionally

484 (5.9%) 67 (5.4%) 0.218

  1-2 times weekly 2046 (24.9%) 284 (22.7%)  

  3-5 times weekly 4452
(54.15%)

714 (57.1%)  

  Every day 1246 (15.1%) 185 (14.8%)  

Sweet drinking (%) None or
occasionally

131 (1.6%) 21 (1.7%) <0.001

  1-2 times weekly 220 (2.7%) 44 (3.5%)  

  3-5 times weekly 1923 (23.4%) 409 (32.7%)  

  Every day 5954 (72.4%) 776 (62.1%)  

Fast foods (%) None or
occasionally

62 (0.8%) 14 (1.1%) <0.001

  1-2 times weekly 76 (0.9%) 19 (1.5%)  

Continuous data are expressed as mean (standard deviation) in normal distributions and median
[interquartile range] in skewed distributions. Categorical data are expressed as count (percentage). For
continuous data, P for comparison between children with non-overweight and overweight or obesity
was derived by t test for normally distributed data, by rank-sum test for skewed data, and by χ2 test
for categorical data.
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Factors under study Non-
overweight

Overweight or
obesity

P

(n=8228) (n=1250)

  3-5 times weekly 2582 (31.4%) 464 (37.1%)  

  Every day 5508 (66.9%) 753 (60.2%)  

Eating speed (minute)   18.30 [15.00,
26.70]

16.70 [13.30,
23.30]

<0.001

Outdoor activities (h per day)   1.60 [1.00,
2.30]

1.60 [1.00,
2.30]

0.95

Sitting duration (h per day)   2.00 [1.30,
3.70]

2.30 [1.30,
4.10]

<0.001

Electronic screens (h per day)   1.00 [0.60,
1.60]

1.10 [0.60,
1.90]

<0.001

Sleep duration (h per day)   10.00 [9.30,
10.60]

9.90 [9.00,
10.30]

<0.001

Fall asleep time (h per day)   9.00 [9.00,
10.00]

9.00 [9.00,
10.00]

0.385

Fetal and neonatal factors        

Pregnancy order (median
[IQR])

  2.00 [1.00,
2.00]

2.00 [1.00,
2.00]

0.117

Delivery order   1.00 [1.00,
2.00]

1.00 [1.00,
2.00]

0.566

Delivery mode (%) Vaginal delivery 4500 (54.7%) 584 (46.7%) <0.001

  Cesarean section 3728 (45.3%) 666 (53.3%)  

Birthweight (kg)   3.30 [3.00,
3.60]

3.40 [3.00,
3.75]

<0.001

Birth body length (cm)   50.00 [50.00,
52.00]

51.00 [50.00,
52.00]

<0.001

Bearing age of father   30.60 [27.90,
34.20]

29.95 [27.22,
33.40]

<0.001

Bearing age of mother   29.30 [27.00,
32.70]

28.90 [26.40,
32.00]

<0.001

Continuous data are expressed as mean (standard deviation) in normal distributions and median
[interquartile range] in skewed distributions. Categorical data are expressed as count (percentage). For
continuous data, P for comparison between children with non-overweight and overweight or obesity
was derived by t test for normally distributed data, by rank-sum test for skewed data, and by χ2 test
for categorical data.
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Factors under study Non-
overweight

Overweight or
obesity

P

(n=8228) (n=1250)

Activities time during
pregnancy (h per day)

  1.60 [1.00,
2.60]

2.00 [1.00,
3.00]

<0.001

Gestational diabetes (%) NO 7488 (91.0%) 1126 (90.1%) 0.314

  YES 740 (9.0%) 124 (9.9%)  

Gestational weight gain (kg)   15.00 [10.00,
18.00]

15.00 [10.00,
20.00]

<0.001

Infancy feeding (%) Breastfeeding 4738 (57.6%) 688 (55.0%) 0.096

  Non-breastfeeding 3490 (42.4%) 562 (45.0%)  

Breastfeeding duration
(months)

  13.00 [8.00,
18.00]

12.00 [8.00,
18.00]

0.038

Family-related factors        

Number of relatives with
obesity

0 5680 (69.0%) 736 (58.9%) <0.001

  1 1747 (21.2%) 307 (24.6%)  

  2 578 (7.0%) 141 (11.3%)  

  3 157 (1.9%) 51 (4.15%)  

  4 45 (0.5%) 13 (1.0%)  

  5 15 (0.2%) 2 (0.25)  

  6 6 (0.1%) 0 (0.0%)  

Number of relatives with
diabetes

0 5693 (69.25) 828 (66.2%) 0.226

  1 2038 (24.8%) 331 (26.5%)  

  2 433 (5.3%) 74 (5.95)  

  3 47 (0.6%) 12 (1.0%)  

  4 6 (0.1%) 2 (0.2%)  

  5 6 (0.1%) 2 (0.2%)  

Continuous data are expressed as mean (standard deviation) in normal distributions and median
[interquartile range] in skewed distributions. Categorical data are expressed as count (percentage). For
continuous data, P for comparison between children with non-overweight and overweight or obesity
was derived by t test for normally distributed data, by rank-sum test for skewed data, and by χ2 test
for categorical data.
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Factors under study Non-
overweight

Overweight or
obesity

P

(n=8228) (n=1250)

  6 5 (0.1%) 1 (0.1%)  

Number of relatives with
asthma

0 7881 (95.8%) 1194 (95.5%) 0.463

  1 327 (4.0%) 50 (4.0%)  

  2 9 (0.1%) 3 (0.2%)  

  3 4 (0.0%) 2 (0.2%)  

  6 7 (0.1%) 1 (0.1%)  

Number of relatives with
allergy

0 5850 (71.1%) 884 (70.7%) 0.113

  1 1833 (22.3%) 282 (22.6%)  

  2 447 (5.4%) 61 (4.9%)  

  3 83 (1.0%) 17 (1.4%)  

  4 6 (0.1%) 4 (0.3%)  

  5 4 (0.0%) 0 (0.0%)  

  6 5 (0.1%) 2 (0.2%)  

Paternal education High school degree
or below

2868 (34.9%) 551 (44.1%) <0.001

  Bachelor’s degree 3925 (47.7%) 535 (42.8%)  

  Master’s degree 1011 (12.3%) 119 (9.5%)  

  Doctor’s degree or
above

424 (5.2%) 45 (3.6%)  

Maternal education High school degree
or below

2611 (31.7%) 486 (38.9%) <0.001

  Bachelor’s degree 4277 (52.0%) 619 (49.5%)  

  Master’s degree 1105 (13.45) 119 (9.5%)  

Continuous data are expressed as mean (standard deviation) in normal distributions and median
[interquartile range] in skewed distributions. Categorical data are expressed as count (percentage). For
continuous data, P for comparison between children with non-overweight and overweight or obesity
was derived by t test for normally distributed data, by rank-sum test for skewed data, and by χ2 test
for categorical data.
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Factors under study Non-
overweight

Overweight or
obesity

P

(n=8228) (n=1250)

  Doctor’s degree or
above

235 (2.9%) 26 (2.1%)  

Family income (RMB per year) <100000 RMB 2741 (33.3%) 474 (37.9%) 0.006

  100000-300000
RMB

3032 (36.8%) 458 (36.6%)  

  300000-600000
RMB

1693 (20.6%) 219 (17.5%)  

  600000-1000000
RMB

487 (5.9%) 60 (4.8%)  

  > 1000000 RMB 275 (3.3%) 39 (3.1)  

Continuous data are expressed as mean (standard deviation) in normal distributions and median
[interquartile range] in skewed distributions. Categorical data are expressed as count (percentage). For
continuous data, P for comparison between children with non-overweight and overweight or obesity
was derived by t test for normally distributed data, by rank-sum test for skewed data, and by χ2 test
for categorical data.

 

Machine learning models
To select the model with the best performance, children’s data were evaluated by nine widely-evaluated
machine learning algorithms. After the training and testing process, the SVM (accuracy: 0.9457) was
ranked as the best algorithm, followed by the GBM (accuracy: 0.9454) as re�ected by model accuracy
(Figure 1). Importantly, the performance of both algorithms was superior over that of hard (accuracy:
0.9436) and soft (accuracy: 0.9433) voting classi�cations.

Besides accuracy, four additional performance indexes were also evaluated under the nine machine
learning algorithms. As shown in Figure 2, out of all algorithms, the GBM had the highest F1 score
(0.7748), followed by the SVM with the F1 score at 0.7731. Considering that F1 score is the harmonic
mean of precision and recall, the GBM was identi�ed as the best machine learning model in this study.

Ranking importance
As this study involved an analysis of 31 factors, it is interesting to know the importance order of these
factors. To shed some light, the importance of top ten factors was estimated and ranked, as displayed in
Figure 3. Overall, the most important factor was age of children, followed by eating speed, number of
relatives with obesity, sweet drinking, paternal education, delivery mode, number of relative with diabetes,
night meals, family incoming, and maternal education.

Selection of best factors
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To select the minimum number of factors with decent prediction performance, the changes in AUROC,
accuracy, and precision with the increasing number of top factors using the GBM algorithm are presented
in Table 2. By comparison, the top �ve factors seemed su�cient enough to obtain descent performance,
and they included age of children, eating speed, number of relatives with obesity, sweet drinking, and
paternal education.

Table 2
The distributions of areas under the receiver operating curve (AUROC),

accuracy and precision with the cumulating number of top ten factors in
an ascending order.

Number of top ten factors in rank AUROC Accuracy Precision

1 0.9527 0.9456 0.8258

2 0.9538 0.9456 0.8258

3 0.9539 0.9443 0.8177

4 0.9539 0.9435 0.8225

5 0.9837 0.9443 0.8222

6 0.9836 0.9430 0.8141

7 0.9842 0.9438 0.8276

8 0.9838 0.9427 0.8151

9 0.9835 0.9433 0.8221

10 0.9836 0.9411 0.7968

 

Con�rmation by deep learning model
To examine whether the performance of above top �ve factors is comparable with all factors under study,
a classical deep learning sequential model was used in both training and testing groups (Table 3). To
optimize this model, three optimizers were adopted. From both loss and accuracy aspects, the model
using only top �ve factors almost had the same performance level with the full model, reinforcing the
results of machine learning algorithms performed aforementioned.
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Table 3
Model loss and accuracy for deep learning sequential model using three optimizers in both training and

testing groups.
Optimization algorithms Training group Testing group

Loss Accuracy Loss Accuracy

All factors        

Adam 9.29% 95.34% 12.38% 93.96%

RMSprop 10.8% 94.78% 12.12% 93.78%

SGD 10.89% 94.67% 11.32% 94.17%

Top 5 factors        

Adam 10.63% 94.32% 11.01% 93.17%

RMSprop 10.56% 94.51% 11.59% 93.12%

SGD 11.02% 94.07% 11.71% 93.33%

Abbreviations: Adam, adaptive moment estimation; RMSprop, root mean square prop; SGD, stochastic
gradient descent.

 

Comparison with traditional Logistic regression model
As the algorithms of both machine learning and deep learning are non-transparent, the traditional Logistic
regression model was used to test the association of top �ve factors selected with the risk of being
overweight or obese in children. As shown in Table 4, all �ve factors were consistently and signi�cantly
associated with childhood overweight or obesity at a signi�cance level of 1‰.

Table 4
The risk prediction of top �ve factors for childhood

overweight/obesity using the Logistic regression model.
Top �ve factors OR (95% CI) P

Age of children 1.06 (1.05-1.07) <0.001

Eating speed 1.43 (1.26-1.62) <0.001

Number of relatives with obesity 1.25 (1.17-1.34) <0.001

Sweet drinking 1.15 (1.08-1.22) <0.001

Paternal education 1.15 (1.06-1.25) 0.001

Abbreviations: OR, odds ratio; 95% CI, 95% con�dence interval.
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Discussion
The aim of this large survey was to explore the risk pro�les of overweight or obesity via a panel of
machine learning and deep learning algorithms by analyzing data from children 3-6 years of age from 30
kindergartens. The key �nding is the identi�cation of �ve factors relevant to both children and parents
that can better differentiate children with overweight or obesity from the general children, with the
prediction performance comparable with that of all factors under consideration. Moreover, it is worth
noting that the GBM algorithm is ranked as the best model for the prediction of childhood overweight or
obesity. To the best of our knowledge, this is thus far the �rst study that has employed both machine
learning and deep learning techniques to identify and characterize factors associated with childhood
overweight or obesity.

Childhood obesity has a complex, multifactorial etiology [25], involving the interactions between inherited
and non-inherited factors. Over the last two decades, a vast amount of resources and endeavors have
been devoted to identify and characterize factors responsible for overweight or obesity in children [26–
32], yet unfortunately the underlying risk pro�les still remain to be determined, mainly because the
majority of factors identi�ed by traditional statistical analyses have been plagued by inconsistency and
non-reproducibility. With the availability of big data, it can be a challengeable task to manually select a
traditional regression model (such as linear or logistic regression model) that incorporates perhaps
nonlinear and interactive relationships of multiple obesity-susceptibility factors with the health outcome.
Moreover, due to the high degree of collinearity among relevant factors, the probability of unstable
estimates is high. To help resolve these issues, machine learning and deep learning algorithms can be
employed to decipher the complex structure of childhood obesity-susceptibility factors due to excellent
predictive power and the capability to handle high-dimensional data.

On the basis of survey data from 9478 children and their parents, we comprehensively appraised the
predictive capability of 31 factors for overweigh or obesity among preschool-aged children by means of
nine well-known machine learning algorithms, as well as the ensemble classi�ers of these algorithms. By
gauging �ve indexes to assess model performance, the GBM algorithm ranked as the best choice. The
GBM is a forward learning ensemble methodology, under the rationale that good predictive results can be
obtained through increasingly re�ned approximations, and it builds regression trees on all factors
assuming that each tree is built in parallel. Like ours, some studies have shown the excellent predictive
performance of the GBM as compared with other models [33, 34]. Besides the identi�cation of best
machine learning model, the key �nding of this survey was the selection of a minimal number of factors
according to their important contributions, including age of children, eating speed, number of relatives
with obesity, sweet drinking, and paternal education. The predictive performance of these �ve factors was
comparable with that of all 31 factors under study, as con�rmed by the more advanced deep learning
technique. The implication of the �ve factors identi�ed in susceptibility to childhood overweight or
obesity is supported by other studies. For example, age is closely related to childhood obesity, as reported
by the China Health and Nutrition Survey (CHNS) and China National Nutritional Surveys (CNNS) [35] that
the prevalence of overweight and obesity generally increased with age in childhood. Additionally, faster
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eating speed was found to be associated with a higher risk of childhood overweight or obesity [14, 36].
Despite the �ve factors were individually reported to be associated with childhood overweight or obesity,
we, for the �rst time, teased them out from a panel of 31 factors relating to both children and parents.
Nevertheless, we agree that further external validations of our �ndings in other independent populations
are necessary, especially by analyzing big data and using arti�cial intelligence techniques.

Strengths and limitations
This survey is based on a strati�ed cluster random sampling strategy, and our �ndings can be
extrapolated to local regions. Also, this survey is strengthened by the simultaneous analysis of various
sources of data from both children and parents and the adoption of popular machine/deep learning
techniques.

Our study has limitations. First, this survey is cross-sectional in design, which cannot address the
possible causality effect. Second, childhood overweight or obesity is complex in nature, and only 31
factors were evaluated in this survey. More factors are needed to yield a more reliable estimate. Third,
only children of Chinese origin were enrolled, and the extrapolation of our �ndings to other groups is
limited.

Conclusions
We have identi�ed �ve factors relating to both children and parents that can help differentiate children
with overweight or obesity from the general children, and importantly the predictive performance of the
�ve factors was comparable with that of all factors under study. For practical reasons, more studies in
longitudinal design, involving a large sample size and adopting more advanced analytical tool, are
warranted in the future to characterize the risk pro�ling of childhood overweight or obesity.
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Figures

Figure 1

Hard and soft voting classi�cations based on nine machine learning algorithms for childhood
overweight/obesity. Each red solid circle represents the accuracy.
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Figure 2

Radar plot illustrating the prediction performance of nine machine learning algorithms in the form of
accuracy, precision, recall, F1 score and area under the receiver operating characteristic curve (AUROC) for
childhood overweight/obesity.
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Figure 3

The ranking importance of top ten factors under study for childhood overweight/obesity.


