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Background and Objectives: As the worldwide secular trends are toward earlier
puberty, identification of contributing factors for precocious puberty is critical. We
aimed to identify and optimize contributing factors responsible for onset of precocious
puberty via machine learning/deep learning algorithms in girls.

Methods: A cross-sectional study was performed among girls aged 6-16 years from 26
schools in Beijing based on a cluster sampling method. Information was gleaned online via
questionnaires. Machine/deep learning algorithms were performed using Python
language (v3.7.6) on PyCharm platform.

Results: Of 11308 students enrolled, there are 5527 girls, and 408 of them had
experienced precocious puberty. Training 13 machine learning algorithms revealed that
gradient boosting machine (GBM) performed best in predicting precocious puberty. By
comparison, six top factors including maternal age at menarche, paternal body mass
index (BMI), waist-to-height ratio, maternal BMI, screen time, and physical activity were
sufficient in prediction performance, with accuracy of 0.9530, precision of 0.9818, and
area under the receiver operating characteristic curve (AUROC) of 0.7861. The
performance of the top six factors was further validated by deep learning sequential
model, with accuracy reaching 92.9%.

Conclusions:We identified six important factors from both parents and girls that can help
predict the onset of precocious puberty among Chinese girls.

Keywords: precocious puberty, school children, machine learning and deep learning, prediction performance,
top factor
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INTRODUCTION

The incidence and prevalence of precocious puberty are rising
rapidly during recent decades, and differ greatly between genders
around the global (1, 2). In Denmark, there was a 33-fold
increase in annual incidence of premature thelarche from 1998
at 0.07 per 10,000 girls to 2007 at 2.24 per 10 000 girls, and
contrastingly in boys a 15-fold increase in diagnosis of central
precocious puberty was seen during this period (from 0.1 per 10
000 to 2.1 per 10 000) (3). In a separate survey from China, the
adjusted prevalence of precocious puberty was estimated to be
6.19% (girls: 11.47% and boys: 3.26%) in 2019 (2). One major
reason behind these alarming numbers is the worldwide secular
trends toward earlier puberty. Evidence from a comprehensive
meta-analysis showed that age at thelarche decreased 3 months
per decade from 1977 to 2013 (4). With a great improvement in
living standards and nutritional status in school-aged children,
the issue of precocious puberty has received scientific attention,
and we must expand this attention to develop preventive
strategies to curb this global issue.

Observational studies focusing on the risk profiles of
precocious puberty in school-aged children are very limited in
the literature (5–8). For instance, obesity and central obesity in
children were identified as promising risk factors for the
development of earlier pubertal (8). In a separate study,
vitamin D deficiency was associated with over 3-fold increased
risk of precocious puberty in girls (6). The development of
precocious puberty is a complex process, and its manifestations
often involve concurrence of multiple factors, with each factor
bearing a small contribution. In this context, identifying
potential contributing factors and characterizing their internal
relationship represents a practical strategy to inform parents and
public health practitioners to delay or prevent early onset of
precocious puberty. To this end, predictive models or tools are
recommended to risk-stratify precocious puberty among
children. However, the majority of published models or tools
that are developed by traditional statistical methods are based on
the “relative independence” assumption of different factors. In
most cases, this assumption is untenable, as predictive factors
usually act in a synergistic – instead of independent – manner,
leading to biased estimation between exposures and outcomes.

To solve this methodological issue and yield more
information for future studies, we identified and optimized the
panel of contributing factors susceptible to onset of precocious
puberty in Chinese girls aged 6-16 years by using the widely-used
machine learning and deep learning algorithms. To facilitate
practical application, a predictive tool using the minimal number
of contributing factors and the optimal learning algorithm
was proposed.
METHODS

Study Design
This study follows the rationales of a cross-sectional design based
on a stratified cluster random sampling strategy. Online survey
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was conducted at a suburb district (Pinggu) of Beijing during the
first month of 2022. The design and implementation of this
survey, in accordance with the principles of the Declaration of
Helsinki, was approved the Ethics Committees of Beijing
University of Chinese Medicine. The parents and supervisors
of each assessable students gave informed consent prior to
participation in this survey.

Study Participants
Students from total 26 schools, which were randomly selected
from Pinggu district, formed study participants of this survey.
Out of 26 schools, 8 were primary schools, and 18 were middle
schools. All students were initially deemed eligible for inclusion if
they were not diagnosed or reported to experience severe
endocrine disorders, which included but not limited to
hyperthyroidism, hypothyroidism and diabetes mellitus.

Questionnaire
An electronic questionnaire was designed, and it was a priori
tested to be appropriate and valid based on the reliability
coefficient a exceeding 0.85. For the sake of convenience,
questionnaire was generated in the form of QR code that can
be easily recognized by common smart phones on the market by
the “Wenjuanxing” (available at the website https://www.
wenjuan.com), an online crowdsourcing platform in
mainland China.

Data collection
This valid questionnaire was distributed by school teachers in
charge to the parents or supervisors of each student to collect
data from both students and their parents, as well as their
grandparents and grandparents-in-law.

In total, parents or supervisors of 11633 students received this
questionnaire, and 11308 of them responded. Given the fact that
the prevalence of precocious puberty differs by gender, only 87 of
5781 boys (1.5%) were found to experience precocious puberty in
this study population. To derive a reliable estimate, the present
analysis was restricted to girls only. There were 5567
questionnaires filled by the parents or supervisors of girls.
After excluding 40 questionnaires with missing important
information, data from 5527 valid questionnaires were
analyzed finally.

Quality Control
Because data in this survey were gleaned from online
questionnaires, it is essential to appraise the quality. Before
circulating our questionnaires, each item was explained in
details to teachers in charge by trained staff. The questionnaire
was circulated by school teachers to the parents or supervisors of
students under survey. In the case of any uncertainty when filling
in the questionnaire, trained staff were contacted by teachers for
confirmation. Labeled data were downloaded from the
“Wenjuanxing” platform into the Microsoft Office Excel™ file.
All data were double checked by trained staff to ensure accuracy.
In the case of missing data or data with extreme values, teachers
in charge were contacted by re-inviting the parents or
Supervisors to provide or validate these data.
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Survey Data From Students
Data on birth year and month, sex, nationality, birth weight,
birth body length, gestational week, time spent on physical
activity and screen, daily sitting time, time to night sleep, sleep
duration and eating speed were collected from students under
study. In addition, dietary preferences including frequency of
eating fiber-rich, out-of-season, meat, plant protein, tonic or
sweet foods, snacks, milk products, foods with preservatives or
fast foods were recorded. Lifestyle habits that may affect puberty
onset were also recorded, including consuming night meal,
sleeping with the lights on, monophagia, frequent use of plastic
tableware, and exposures to adult cosmetics. Body height (to the
nearest 0.1 cm), body weight (to the nearest 0.1 kg), and waist
circumference (to the nearest 0.1 cm) were measured by trained
physicians. Waist circumference was measured at 2 cm above
the umbilicus.
Survey Data From Parents
and Grandparents
Data collected from parents and grandparents included birth
year, sex, body height and weight, education, family income,
maternal age at menarche, baring age of both parents, pregnancy
order, delivery order, history of using assisted reproductive
technology, delivery mode, breastfeeding duration, infancy
feeding ways, and age of adding complementary food. The
number of two parents and four grandparent who were
diagnosed to have hypertension or diabetes mellitus was
summed meanwhile.
Precocious Puberty Definition
Precocious puberty was defined according to the guidelines
recommended by the Chinese Medical Association Pediatrics
Branch in 2015 (9) and the Ministry of Health of the People’s
Republic of China in 2011 (10). Girls with breast development
before 8 years of age and menarche before 10 years of age are
considered to experience precocious puberty.

As this survey was undertaken in schools and due to the strict
prevention and control for COVID-19 in China, it is difficult to
examine the physical status of students on spot. Self-observation
and visual assessment methods suitable for survey were adopted
to determine whether girls had precocious puberty (11). In detail,
the standards for breast development are that the breasts are hill-
shaped and palpated with nodules inside. To reduce or avoid
information bias, the methods were explained in detail by trained
staff to teachers in charge, as well as the parents and
grandparents of each girl in the survey.
Definitions of Survey Data
Body mass index (BMI) was calculated as follows: weight (kg)/
height (m2). Waist-to-height ratio (WHtR) was calculated as
waist (cm) divided by height (cm). Central obesity was defined as
WHtR ≥0.47 in girls (12). Duration of sleeping, physical activity,
sitting, and screening was recorded in hours and separately
calculated as the sum of time on working days × 5 and time
Frontiers in Endocrinology | www.frontiersin.org 3
on weekends × 2 divided by 7. Eating speed was recorded in
minutes and calculated as the average time of breakfast, lunch
and supper within a day. All types of dietary preferences and
habits that may affect puberty onset were categorized into 4
groups: every day, 3-5 times weekly, 1-2 times weekly and none
or occasionally. Fiber-rich foods referred to grains, seasonal
vegetables and fruits. Night meal was defined as eating foods
within 2 hours before bedtime. Screen time was defined as sum of
time spent on watching television, using computers and mobile
phones, and the other kinds of electronic devices with screens.

Maternal BMI and paternal BMI were calculated from self-
reported weight and height. Education was classified into
Bachelor’s (or equivalent) degree or above, high (or equivalent)
school degree, and junior high school degree or below.
Household income was categorized as <100,000, 100,000-
300,000 and >300,000 RMB per year. Delivery mode included
natural labor and cesarean section. Breastfeeding duration and
age of adding complementary foods were recorded in months.
Infancy feeding ways included exclusive breastfeeding, mixed
feeding, and artificial feeding.
Statistical Analyses
Data were analyzed using the PyCharm (Edition 2018.1 x64)
embedded by the Python (Python Software Foundation)
software (Version 3.7.6) under the Windows 10 system.
Variables were retained for analysis if the percentage of
missing rows is less than 30%. Missing data were filled in by
multiple imputation method using the “mice” package in the R
environment (Version 4.1.1).

As this survey was performed at 26 schools, the degree of
difference between schools was appraised by the intraclass
correlation coefficient (ICC) (13). The ICC statistic ranges
from zero to unity, and if this statistic equals to zero, the
variance in questionnaire is not due to variation between schools.

All study girls were grouped according to the absence or
presence of precocious puberty features. Descriptive statistics
were expressed as mean (standard deviation) or median
(interquartile range) for continuous variables, and as number
(percent) for categorical variables. Deviation from normal
distribution was tested from skewness and kurtosis statistics.
Differences in these variables between girls with and without
precocious puberty were quantified by using the t test, rank-sum
test or c2, when appropriate. Two-sided probability was deemed
statistically significant if it is less than 0.05.

All valid variables were fed to machine learning algorithms.
To minimize overfitting, data from 5527 girls were randomized
into the training set and the validation set at a ratio of 6:4. Due to
the low ratio of precocious puberty, the purpose of this
classification choice is to ensure that there are sufficient
number of cases with precocious puberty in both training and
validation sets.

In this study, besides the traditional logistic regression
algorithm, additional 12 different machine learning algorithms
were employed, including decision tree, Adaboost decision tree,
support vector machine (SVM), random forest, K-nearest
neighbor (KNN), gradient boosting machine (GBM), extreme
June 2022 | Volume 13 | Article 892005
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gradient boosting (Xgbc), light gradient boosting machine
(LGBM), Gaussian naive Bayes (gNB), multinomial naive
Bayes (mNB), Bernoulli naive Bayes (bMB) and multi-layer
perceptron (MLP). The machine learning algorithms
performed supervised learning in given data, adjusting for the
magnitude and direction of model error to improve prediction
accuracy. Data from the training set were first fed to each
machine learning algorithm, and data from the validation set
were used to test prediction performance of these algorithms.
Prediction performance was assessed from five diverse aspects,
namely, accuracy, precision, recall, F1 score, and the area under
the receiver operating characteristic curve (AUROC). Based on
the five aspects, the optimal machine learning algorithm was
selected. By definition, accuracy refers to the rate of correct
prediction, and precision measures the ability to target actual
positive observations. Recall reflects the capability to predict
actual positivity correctly. F1 score, calculated as the harmonic
mean between precision and recall, takes both false positives and
false negatives into account. AUROC is proposed as a
summarized accuracy index, with a higher value indicating a
higher probability of having the characteristic under study.

With the use of optimal machine learning algorithm, the
minimum number of top variables were determined by
prediction capability. The prediction capability of cumulative
variables was reflected by AUROC, accuracy, and precision,
upon which, the top variables was ranked in an ascending
order. For clinical application, the minimal number of top
variables that can achieve maximum predictive performance
was ascertained. Performance of this minimal number of top
variables in predicting onset of precocious puberty in girls was
further appraised by accuracy and loss using the deep learning
sequential model. For comparison, deep learning sequential
model was performed using 3 different optimizers [adaptive
moment estimation (Adam), root mean square prop
(RMSprop), and stochastic gradient descent (SGD)].

To reflect the degree of prediction directly, the top variables
identified above were incorporated into the Logistic regression
model. The effect-size estimates are expressed as odds ratio (OR)
with 95% confidence interval (CI).
RESULTS

Between-School Variation Appraisal
The ICC statistic for all items in our questionnaire was extremely
low (less than 0.044), meaning that there was low likelihood of
clustering within schools, as well as low likelihood of difference
in items between schools.

Baseline Characteristics
Table 1 shows the distributions and comparisons of 5527 girls
(mean age: 10.88 years, range: 6-16 years) stratified by the
presence and absence of precocious puberty. 408 girls were
defined to experience precocious puberty, with the prevalence
rate of 7.4% in this girl population.
Frontiers in Endocrinology | www.frontiersin.org 4
Selecting the Optimal Machine
Learning Algorithm
Figure 1 shows the prediction accuracy of 13 different machine
learning algorithms evaluated in this study. Table 2 compares
the performance of these algorithms from five aspects. After
comparison, the algorithm GBM performed the best, with the
AUROC of 0.784 (Figure 2), the accuracy of 0.952, the precision
of 0.932, the recall of 0.350, and the F1 score of 0.509. The
prediction model for precocious puberty was therefore
constructed using the GBM algorithm.

Selecting the Minimal Number
of Contributors
The importance of each variable under study in predicting
precocious puberty was estimated and ranked in an ascending
order, and that of the top 20 variables is illustrated in Figure 3.
The cumulative contribution of top 10 variables is assessed in
Table 3, and by comparison the prediction capability of top six
variables was comparable with that of all 45 variables under
study (AUROC: 0.7861; accuracy: 0.9534; precision: 1.0000). The
six variables included maternal age at menarche, paternal BMI,
WHtR, maternal BMI, screen time, and physical activity.

Performance Assessment Using Deep
Learning Model
As presented in Table 4, the prediction performance was
compared between top 6 variables and all study variables
under the deep learning sequential model. By using three
optimizers, the performance as assessed by model accuracy and
model loss was comparable between the two sets of variables (for
accuracy: 94.12% using all variables and 92.90% using top six
variables; for loss: 26.05% using all variables and 25.66% using
top six variables in the validation set), which further reinforced
the prediction capability of the top six variables selected by
machine learning algorithms.

Risk Estimates of the Top 6 Variables
Using Logistic Regression Model
The top 6 variables identified above was incorporated into the
Logistic regression model to estimate the effect-size of prediction
(Table 5). Consistent with the above findings, the top 6 variables
were significantly associated with the onset of precocious puberty.
DISCUSSION

This is a cross-sectional, large survey in school girls aged 6-16
years from Beijing to identify and optimize contributing factors
susceptible to precocious puberty. The key findings of this study
are the contribution of six top factors from both parents and girls
under the optimal GBM algorithm to the prediction of
precocious puberty, which can not only help inform parents to
prevent or postpone the earlier puberty of their daughters, but
also suggest healthcare professionals to launch education
reforms, such as weight control and outdoor activity
recommendation. Importantly, the incorporation of the six top
June 2022 | Volume 13 | Article 892005
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TABLE 1 | The baseline characteristics of school girls stratified by the presence of precocious puberty.

Survey factors Absence of precocious puberty Presence of precocious puberty P

(n = 5119) (n = 408)

Age (months) 130.0 [106.0, 157.0] 131.0 [111.0, 152.00] 0.573
Ethnicity (%) Han 4888 (95.5) 393 (96.3) 0.892

Man 143 (2.8) 9 (2.2)
Hui 12 (0.2) 0 (0.0)
Others 76 (1.5) 6 (1.5)

WHtR 0.43 [0.39, 0.48] 0.45 [0.40, 0.50] <0.001
BMI 18.07 [15.61, 21.23] 20.05 [17.79, 23.29] <0.001
Fiber-rich foods (%) None or occasionally 90 (1.8%) 11 (2.7%) 0.095

1-2 times weekly 793 (15.5%) 77 (18.9%)
3-5 times weekly 1446 (28.2%) 117 (28.7%)
Every day 2790 (54.5%) 203 (49.8%)

Out-of-season foods (%) None or occasionally 688 (13.4%) 53 (13.0%) 0.041
1-2 times weekly 1845 (36.0%) 174 (42.6%)
3-5 times weekly 1399 (27.3%) 105 (25.7%)
Every day 1187 (23.2%) 76 (18.6%)

Animal protein foods (%) None or occasionally 60 (1.2%) 7 (1.7%) 0.565
1-2 times weekly 834 (16.3%) 62 (15.2%)
3-5 times weekly 1643 (32.1%) 139 (34.1%)
Every day 2582 (50.4%) 200 (49.0%)

Plant protein foods (%) None or occasionally 424 (8.3%) 38 (9.3%) 0.357
1-2 times weekly 2038 (39.8%) 175 (42.9%)
3-5 times weekly 1436 (28.1%) 111 (27.2%)
Every day 1221 (23.9%) 84 (20.6%)

Milk products (%) None or occasionally 179 (3.5%) 6 (1.5%) 0.112
1-2 times weekly 755 (14.7%) 55 (13.5%)
3-5 times weekly 1314 (25.7%) 108 (26.5%)
Every day 2871 (56.1%) 239 (58.6%)

Tonic foods (%) None or occasionally 4218 (82.4%) 352 (86.3%) 0.077
1-2 times weekly 517 (10.1%) 37 (9.1%)
3-5 times weekly 181 (3.5%) 12 (2.9%)
Every day 203 (4.0%) 7 (1.7%)

Food with preservatives (%) None or occasionally 2831 (55.3%) 219 (53.7%) 0.094
1-2 times weekly 1730 (33.8%) 153 (37.5%)
3-5 times weekly 366 (7.1%) 29 (7.1%)
Every day 192 (3.8%) 7 (1.7%)

Fast foods (%) None or occasionally 2357 (46.0%) 187 (45.8%) 0.335
1-2 times weekly 2416 (47.2%) 195 (47.8%)
3-5 times weekly 233 (4.6%) 22 (5.4%)
Every day 113 (2.2%) 4 (1.0%)

Snacks (%) None or occasionally 909 (17.8%) 58 (14.2%) 0.087
1-2 times weekly 2907 (56.8%) 244 (59.8%)
3-5 times weekly 914 (17.9%) 83 (20.3%)
Every day 389 (7.6%) 23 (5.6%)

Sweet foods (%) None or occasionally 885 (17.3%) 57 (14.0%) 0.126
1-2 times weekly 3001 (58.6%) 244 (59.8%)
3-5 times weekly 932 (18.2%) 88 (21.6%)
Every day 301 (5.9%) 19 (4.7%)

Eating speed (minutes) 16.67 [13.33, 20.00] 16.67 [13.33, 20.00] 0.063
Night meal (%) None or occasionally 2653 (51.8) 219 (53.7) 0.02

1-2 times weekly 1482 (29.0) 135 (33.1)
3-5 times weekly 533 (10.4) 29 (7.1)
Every day 451 (8.8) 25 (6.1)

Sleep with lights on (%) None or occasionally 4426 (86.5) 355 (87.0) 0.99
1-2 times weekly 298 (5.8) 24 (5.9)
3-5 times weekly 126 (2.5) 9 (2.2)
Every day 269 (5.3) 20 (4.9)

Monophagia (%) None or occasionally 2552 (49.9%) 239 (58.6%) 0.005
1-2 times weekly 1534 (30.0%) 110 (27.0%)
3-5 times weekly 561 (11.0%) 32 (7.8%)
Every day 472 (9.2%) 27 (6.6%)

Use of plastic tableware (%) None or occasionally 3328 (65.0%) 264 (64.7%) 0.657

(Continued)
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TABLE 1 | Continued

Survey factors Absence of precocious puberty Presence of precocious puberty P

(n = 5119) (n = 408)

1-2 times weekly 1036 (20.2%) 88 (21.6%)
3-5 times weekly 311 (6.1%) 27 (6.6%)
Every day 444 (8.7%) 29 (7.1%)

Cosmetics exposure (%) None or occasionally 4650 (90.8%) 368 (90.2%) 0.038
1-2 times weekly 301 (5.9%) 18 (4.4%)
3-5 times weekly 65 (1.3%) 12 (2.9%)
Every day 103 (2.0%) 10 (2.5%)

Physical activity (hours per day) 1.29 [1.00, 1.57] 1.00 [0.86, 1.57] 0.002
Sitting duration (hours per day) 5.86 [3.43, 7.43] 6.29 [4.14, 7.43] 0.032
Screen time (hours per day) 1.29 [0.64, 1.57] 1.29 [0.89, 2.00] <0.001
Sleep duration (hours per day) 9.00 [8.29, 9.29] 8.71 [8.29, 9.29] 0.067
Fall asleep time (hours per day) 10.00 [9.00, 10.00] 10.00 [9.50, 10.00] 0.008
Pregnancy order (%) 1 3404 (66.8%) 269 (66.1%) 0.437

2 1260 (24.7%) 96 (23.6%)
3 340 (6.7%) 30 (7.4%)
4 72 (1.4%) 10 (2.5%)
5 21 (0.4%) 2 (0.5%)

Delivery order (%) 1 4303 (84.4%) 363 (89.0%) 0.096
2 710 (13.9%) 41 (10.0%)
3 67 (1.3%) 3 (0.7%)
4 17 (0.3%) 1 (0.2%)

Delivery mode (%) Vaginal delivery 2558 (50.0%) 190 (46.6%) 0.198
Cesarean section 2561 (50.0%) 218 (53.4%)

Assisted reproductive technology (%) Unused 5043 (98.5%) 401 (98.3%) 0.671
Used 76 (1.5%) 7 (1.7%)

Gestational week 39.00 [38.00, 40.00] 39.00 [38.00, 40.00] 0.006
Birth weight (kg) 3.30 [3.00, 3.60] 3.30 [3.00, 3.50] 0.038
Birth body length (cm) 50.00 [50.00, 52.00] 50.00 [50.00, 52.00] 0.922
Bearing age of father 27.58 [25.67, 30.08] 27.33 [25.75, 29.50] 0.529
Bearing age of mother 26.58 [24.50, 28.92] 26.33 [24.33, 28.33] 0.218
Infancy feeding (%) Breastfeeding 3027 (59.1%) 226 (55.4%) 0.217

Mixed feeding 1523 (29.8%) 127 (31.1%)
Artificial feeding 569 (11.1%) 55 (13.5%)

Breastfeeding duration (months) 8.00 [0.00, 13.00] 7.00 [0.00, 12.00] 0.123
Time to add complementary (months) 6.00 [6.00, 7.00] 6.00 [6.00, 6.00] 0.008
Maternal age at menarche 13.00 [12.00, 14.00] 13.00 [12.00, 14.00] <0.001
Paternal BMI 25.43 [23.39, 27.76] 25.95 [23.75, 28.49] 0.005
Maternal BMI 22.92 [20.82, 25.39] 23.90 [21.48, 26.44] <0.001
Number of relatives with hypertension (%) 0 2420 (47.3%) 149 (36.5%) <0.001

1 1186 (23.2%) 120 (29.4%)
2 939 (18.3%) 88 (21.6%)
3 412 (8.0%) 34 (8.3%)
4 162 (3.2%) 17 (4.2%)

Number of relatives with diabetes (%) 0 3471 (67.8%) 266 (65.2%) 0.131
1 1216 (23.8%) 96 (23.5%)
2 348 (6.8%) 40 (9.8%)
3 63 (1.2%) 3 (0.7%)
4 21 (0.4%) 3 (0.7%)

Paternal education (%) Junior high school degree or below 803 (15.7%) 54 (13.2%) 0.167
High school degree 1857 (36.3%) 139 (34.1%)
Bachelor’s degree or above 2459 (48.0%) 215 (52.7%)

Maternal education (%) Middle school degree or below 806 (15.7%) 48 (11.8%) 0.074
High school degree 1490 (29.1%) 118 (28.9%)
Bachelor’s degree or above 2823 (55.1%) 242 (59.3%)

Household income (RMB per year) <100,000 2420 (47.3%) 162 (39.7%) 0.003
100,000-300,000 2299 (44.9%) 200 (49.0%)
>300,000 400 (7.8%) 46 (11.3%)
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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 girls with non-precocious puberty or precocious puberty was derived by t test for normally distributed data, by rank-sum test
for skewed data, and by c2 test for categorical data. WHtR, waist-to-height ratio; BMI, body mass index.
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factors in GBM algorithm can be developed as a tool to facilitate
the better identification of school girls who are at high risk for the
future experience of precocious puberty and might benefit from
early lifestyle or medical interventions. To the best of our
knowledge, this is thus far the first attempt of using machine
learning and deep learning techniques to characterize the risk
profiles of precocious puberty in school girls.

Recently, the problem of precocious puberty constitutes a
substantial health burden around the global (14). Several studies
have shown that the incidence of precocious puberty have
increased significantly and there are worldwide secular trends
toward earlier puberty (2, 3, 11). Some studies have shown that
early puberty is associated with cognitive function decline in
children with Cushing disease (15). Another study using
Mendelian randomization method provided evidence for the
causal detrimental impact of early puberty on asthma (16). In a
Frontiers in Endocrinology | www.frontiersin.org 7
separate population study, early onset of breast development was
found to be associated with high risk of the presence of
depression (17). In addition, animal studies indicated puberty
as an important developmental period for the establishment of
adipose tissue mass and metabolic homeostasis (18). Given the
high burden of precocious puberty, it is imperative to gain an
understanding of its risk profiles for informing future gender-
specific public health recommendations.

There is evidence that the development of precocious puberty
is a multistep, multifactorial progress, to which inherited,
environmental, and lifestyle-related factors contribute together
(11). In most cases, the contribution of each factor is dependent
on the presence of other factors, and this dependence usually
follows a nonlinear manner. Despite there are good reasons to
adopt traditional statistical approaches such as logistic
regression, they do have limited power for modeling high-
order non-linear patterns of interaction. Hence, success in
characterize the risk profiles of precocious puberty will hinge
FIGURE 1 | The prediction accuracy of 13 machine learning algorithms,
along with hard and soft voting classifiers.
TABLE 2 | The prediction performance of 13 machine learning algorithms from accuracy, precision, recall, F1 score and AUROC aspects for precocious puberty.

Algorithms Accuracy Precision Recall F1 score AUROC

Logistic regression 0.9534 1.0000 0.3439 0.4118 0.7799
Decision tree 0.8892 0.2864 0.3758 0.3251 0.6521
Adaboost decision tree 0.9507 0.9286 0.3312 0.4883 0.7724
Support vector machine 0.9534 1.0000 0.3439 0.5118 0.7576
Random forest 0.9534 1.0000 0.3439 0.5118 0.7513
K-nearest neighbor 0.9290 0.0000 0.0000 0.0000 0.5743
Gradient boosting machine 0.9521 0.9322 0.3503 0.5093 0.7838
Extreme gradient boosting 0.9539 1.0000 0.3503 0.5189 0.6752
Light gradient boosting machine 0.9539 1.0000 0.3503 0.5189 0.7822
Multi-layer perceptron 0.9290 0.0000 0.0000 0.0000 0.5057
Gaussian naive Bayes 0.9398 0.6395 0.3503 0.4527 0.7658
Multinomial naive Bayes 0.9534 1.0000 0.3439 0.5118 0.7202
Bernoulli naive Bayes 0.9534 1.0000 0.3439 0.5118 0.6960
June
 2022 | Volume 13 | Article
AUROC, area under the receiver operating characteristic curve.
FIGURE 2 | The area under the receiver operating characteristic curve
(AUROC) of gradient boosting machine algorithm for the prediction of
precocious puberty. AUC, area under the receiver operating characteristic
curve; ROC, receiver operating characteristic curve.
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TABLE 5 | The risk prediction of top 6 variables for precocious puberty using the Logistic regression model.

Top 6 factors OR (95% CI) P

Maternal age at menarche 0.74 (0.69, 0,80) <0.001
Paternal BMI 1.04 (1.02, 1.07) 0.003
Waist-to-height ratio 1.31 (1.15, 1.49) <0.001
Maternal BMI 1.06 (1.03, 1.10) <0.001
Screen time 1.12 (1.04, 1.22) 0.003
Physical activity 0.78 (0.66, 0.93) 0.006
Frontiers in Endocrinology | www.frontiersin.org 8
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OR, odds ratio; 95% CI, 95% confidence interval.
FIGURE 3 | Top 20 factors for predicting precocious puberty in a descending order of importance. BMI, body mass index.
TABLE 3 | The 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 0.6720 0.9534 1.0000
2 0.6862 0.9534 1.0000
3 0.7137 0.9534 1.0000
4 0.7202 0.9534 1.0000
5 0.7457 0.9525 0.9642
6 0.7861 0.9530 0.9818
7 0.7863 0.9530 0.9818
8 0.7852 0.9525 0.9333
9 0.7806 0.9520 0.9473
10 0.7722 0.9516 0.9310
TABLE 4 | Model loss and accuracy of deep learning sequential model in both training and testing groups.

Optimizers Training group Testing group

Loss Accuracy Loss Accuracy

All factors
Adam 11.68% 96.32% 31.97% 93.76%
RMSprop 15.30% 95.52% 26.05% 94.12%
SGD 15.86% 95.75% 23.69% 93.80%
Top 6 factors
Adam 26.31% 92.57% 25.71% 92.90%
RMSprop 24.06% 93.51% 25.66% 92.90%
SGD 25.20% 93.07% 25.63% 92.90%
Adam, adaptive moment estimation; RMSprop, root mean square prop; SGD, stochastic gradient descent.
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on our ability to address nonlinearities and interactions between
exposures and outcomes. To shed some light, besides the
traditional logistic regression, we also employed 12 additional
machine learning algorithms to compare their prediction
performance from various aspects. These machine learning
algorithms have shown great promise in application to many
areas in clinical practice and health care, such as assisted disease
diagnosis, clinical outcome prediction and automated image
interpretation (19–22). By comparison, we found the
prediction performance of GBM algorithm is best, and this
algorithm focuses on improved prediction by combining
information from many variables that individually may not be
significant but together are very informative; of less concern is
the functional form of any one variable (23). The GBM algorithm
builds regression trees on all factors in parallel to take adequate
utilization of all variables. On the other hand, the GBM
algorithm might have the risk of overfitting. The possibility of
overfitting can be checked through the accuracy of prediction in
the validation set. What’s more, the six top factors, including age
at menarche, paternal BMI, WHtR, maternal BMI, screen time,
and physical activity were teased out from 45 potential factors in
this study and their prediction performance was not inferior to
all factors involved. The most important factor identified in this
study, age at menarche, was supported by other studies (24, 25).

Besides, WHtR was found to be associated with the significant
risk of precocious puberty in this study, consistent with the
findings of previous studies (8). Relative to BMI, WHtR is an
indicator of central obesity and is less correlated with age (12,
26). There is evidence that excessive visceral fat accumulation,
manifested as central obesity, can impair insulin sensitivity and
even result in insulin resistance (27), and reduced insulin
sensitivity interferes with leptin signaling, which plays in
important role in puberty initiation (28). Our findings
highlight the suitability of monitoring WHtR among school
girls in predicting the risk of precocious puberty. Another
aspect that merits discussion is the contributory role of
parental obesity in predisposition to precocious puberty in
offspring, which was consolidated by other studies (29).

Moreover, it is increasingly recognized that physical activity
and screen time are two factors precipitating the onset of
puberty. As stated by a systematic review, menarche of athletes
with high-intensity physical activity delayed 1.13 years compared
to non-athlete girls (30). In a separate study, aerobic exercise was
reported to delay the progression of puberty in students with
central precocious puberty by increasing adiponectin levels (31).
On the other hand, screen time may alter eating habits (32), and
advertisements through screens would influence dietary choices
(33). Notably, the incidence of precocious puberty increased
significantly during the COVID-19 lockdown due to the
prolonged usage of electronic devices (34). There is evidence
that prolonged screen time can reduce insulin sensitivity and
lead to high fasting insulin levels in girls (35). We agree that
further validations of our findings in other independent groups
are necessary to confirm the implication of six factors identified
in the development of precocious puberty in school girls.
Frontiers in Endocrinology | www.frontiersin.org 9
It is also worth noting that the contribution of these six
factors to precocious puberty is not independent, and they might
act in a synergistic manner. Although the GBM was selected as
the best algorithm in predicting precocious puberty, the
modeling process is less transparent and is harder to interpret,
restricting clinical understanding and implementation in
practice. As such, a high standard of model transparency is
required to allow parents and students, as well as healthcare
professionals to make informed decisions.

Limitations
Several limitations should be acknowledged for the present
study. Firstly, the cross-sectional nature of this survey limited
further interpretation of possible causality between important
factors identified and precocious puberty. Secondly, despite
much efforts are made to ensure data quality, information bias
cannot be fully ruled out in our questionnaires. Thirdly, puberty
is a complex biological process of sexual progression affected by a
dynamic panel of risk factors, and incorporation of more
lifestyle-relevant factors of students is of added interest.
Fourthly, all students enrolled are school-aged girls living in
Beijing, and extrapolation of our findings to other populations
should be made with caution. Fifthly, by means of questionnaire,
it is only possible to appraise the presence of precocious puberty,
rather than to distinguish the types of precocious puberty, such
as central precocious puberty. We agree that further studies are
warranted to identify and optimize the contributing factors
susceptible to the onset of central precocious puberty.

Conclusions
Via a comprehensive analysis, we have identified six important
factors from both parents and students under the optimal GBM
algorithm that can help predict the risk of precocious puberty in
Chinese girls. Further explorations on other potential factors,
especially for school boys and possible molecular mechanisms of
precocious puberty are encouraging and essential.
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