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Abstract

Background Despite the well-documented benefits of physical activity, insufficient activity remains highly prevalent
among adolescents with obesity. This study is the first to apply interpretable machine learning methods to identify
the barriers, facilitators, and U-shaped determinants of physical activity in this population.

Methods We analyzed data from 1,041 adolescents with obesity from the China Education Panel Survey. A range of
personal, family, and school-level variables were incorporated to construct six machine learning models for predicting
physical activity attainment. The Shapley Additive Explanations (SHAP) method, a game-theoretic approach for
explainable artificial intelligence, was used to identify key predictive factors and quantify their relative contributions.

Results The Random Forest model demonstrated the best performance, achieving an accuracy of 85.30% and an
AUC of 0.720 on the test set. SHAP analysis revealed several key factors associated with physical activity. Positive
facilitators included parents with an education level beyond high school (> 3.27 for mothers, > 3.51 for fathers), higher
school rankings (>3.77), adequate school sports facilities (> 1.44), and a personal interest in sports. Negative barriers
included excessive screen time (>5.51 h) and school location in central urban areas (>4.23). Notably, U-shaped
relationships were identified for academic workload, sleep problems, and self-perceived appearance. Specifically,
moderate levels of these factors were associated with lower physical activity, whereas both low and high extremes
promoted activity.

Conclusion This study demonstrates that physical activity among adolescents with obesity is shaped by a complex
interplay of individual, family, and school-level factors, with parental education emerging as the strongest predictor.
The identification of specific risk thresholds (e.g., screen time >5.51 h) and U-shaped relationships offers precise,
actionable targets for intervention. These findings underscore the need for multi-level strategies: families should
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prioritize fostering cultural capital, schools should ensure facility accessibility beyond regular hours, and policymakers
must address environmental constraints in urban settings. To facilitate the translation of these insights into practice, a
web-based tool has been deployed to help physical education teachers identify at-risk students and design targeted

interventions.
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Introduction

Adolescent obesity has emerged as a critical public health
challenge in China [1]. The prevalence has surged dra-
matically, with rates among Chinese boys increasing from
1.3% in 1990 to 15.2% in 2022, and among girls from 0.6%
to 7.7% over the same period [2]. This condition poses
significant health risks, contributing not only to cardio-
metabolic disorders such as cardiovascular disease, dia-
betes, and hypertension [3] but also to psychological and
social difficulties, including low self-esteem and social
exclusion [4]. Crucially, obesity during adolescence is a
strong predictor of premature mortality in adulthood [5]
and is notoriously difficult to reverse; an estimated 80%
of adolescents with obesity will remain obese as adults
[6, 7]. This persistence underscores the urgent need for
effective interventions during this developmental stage.

Physical activity represents a low-cost, non-pharma-
cological intervention with substantial potential for both
preventing and managing adolescent obesity [8]. Regu-
lar engagement in physical activity not only facilitates
weight control but also enhances self-efficacy and men-
tal well-being [9]. Despite these well-established ben-
efits, a significant proportion of adolescents with obesity
fail to meet recommended activity levels [10], a paradox
that has been consistently documented [11]. Previous
research has explored the underlying reasons for this dis-
connect. Some studies have emphasized psychological
barriers, such as a lack of interest or low self-efficacy [12],
while others have highlighted the overriding influence of
external social and environmental factors [13, 14].

The socio-ecological model offers a valuable theoreti-
cal framework for understanding the multi-level deter-
minants of physical activity. This model posits that health
behaviors are shaped by the complex interplay of fac-
tors across multiple levels: intrapersonal (e.g., beliefs,
attitudes), interpersonal (e.g., family support), organiza-
tional (e.g., school environment), community, and policy
domains [15, 16]. Applied to adolescent physical activity,
this framework suggests that interventions targeting only
individual-level factors are unlikely to succeed if the sur-
rounding environmental and social contexts are not con-
currently addressed [17].

Consistent with this perspective, a substantial body
of literature has identified three primary levels of influ-
ence on physical activity among adolescents with obesity.
At the individual level, key barriers include lack of inter-
est, perceived laziness, low self-efficacy, poor physical

capacity, and body image dissatisfaction [18—22]. At the
family level, factors such as parental support, parental
education level, parental engagement in physical activity,
and family socioeconomic status play crucial roles [23—
26]. At the school level, the availability of sports facilities,
experiences of peer bullying, and the structure of physi-
cal education programs have been shown to significantly
impact participation [27-29]. Collectively, these findings
indicate that physical activity behavior in this population
is a product of multiple, interacting forces spanning indi-
vidual traits, family environment, and school context.

Despite these valuable insights, significant gaps remain
in our understanding. First, most prior studies have
examined these factors in isolation using traditional
statistical approaches, which are often ill-equipped to
handle the complexity and interactions among numer-
ous variables across different ecological levels [30]. These
methods typically assume linear relationships and treat
predictors independently, thereby failing to capture
potential nonlinearities and interdependencies. Second,
while a wide array of influencing factors has been iden-
tified, their relative importance—and how they might
interact with one another to shape behavior—remains
unclear. This knowledge gap hinders the development of
comprehensive, multi-level intervention strategies that
target the most critical determinants.

To address these limitations, the present study lever-
ages data from the China Education Panel Survey (CEPS),
comprising 1,041 adolescents with obesity in junior high
school. By integrating individual, family, and school-level
variables, we construct six machine learning models to
predict physical activity levels. We then apply Shapley
Additive Explanations (SHAP), an interpretable machine
learning method grounded in cooperative game theory
[31], to identify key factors and their specific thresholds
of influence. SHAP quantifies the marginal contribution
of each feature to the model’s prediction for every indi-
vidual, allowing us to precisely determine the impact
of variables such as screen time, parental education, or
academic workload. Unlike traditional methods, SHAP
can capture complex non-linear patterns and interaction
effects, enabling us to identify not only the most impor-
tant factors but also the direction of their influence (posi-
tive or negative) and any U-shaped relationships they
may have with physical activity among adolescents with
obesity.

The specific objectives of this study are to:
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1. Develop and validate machine learning models
using personal, family, and school-level variables
to predict whether adolescents with obesity meet
recommended daily physical activity standards.

2. Employ explainable machine learning methods
(SHAP) to identify the key determinants of physical
activity participation and determine their specific
influence thresholds.

Data and methods

Data sources

This study utilized data from the China Education Panel
Survey (CEPS), a large-scale, nationally representative
survey (available at: http://ceps.ruc.edu.cn) [32]. We
analyzed data from both the baseline survey (2013-2014
academic year) and the first follow-up survey (2014-2015
academic year). All questionnaire items analyzed in this
study were derived directly from the publicly available
CEPS student, parent, and school administrator ques-
tionnaires, as has been done in previous studies using
similar questionnaire items [33]. The baseline survey
employed a stratified, multistage sampling design with
probability proportional to size, randomly selecting 28
county-level administrative units across China (covering
22 provinces, 5 autonomous regions, and 4 municipali-
ties) and 112 schools. It surveyed two cohorts of students
in the 7th and 9th grades, encompassing 19,487 students
in total.

The follow-up survey tracked the cohort of students
who were in the 7th grade at baseline (2013-2014). The
primary analysis for the current study was conducted
using data from this follow-up survey; therefore, our
analytical sample consists of students who were in the
8th grade at the time of outcome measurement. This
dataset provided information on students’ social behav-
ior and development. After excluding cases with missing
data on key variables, the initial sample comprised 7,397
students.

To identify adolescents with obesity, we applied the
BMI classification standards from the Chinese National
Student Physical Fitness and Health Survey [34]. These
age- and sex-specific standards are widely used for
school-based health monitoring in China and are offi-
cially endorsed for identifying weight status in children
and adolescents. Based on these criteria for 8th-grade
students (typically aged 14—15 years):

« For male students, overweight was defined as 22.6 <
BMI < 25.2, and obesity as BMI > 25.3.

+ For female students, overweight was defined as 22.3
< BMI < 24.8, and obesity as BMI = 24.9.

After screening for and excluding outliers (e.g., cases
of extreme obesity or underweight), the final analytical
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sample consisted of 1,041 adolescents with obesity. In
the Chinese education system, children typically start
primary school at age 6, and junior high school (middle
school) covers grades 7 to 9. Thus, the 8th-grade students
in our sample were generally 14 to 15 years old.

This study adhered to the ethical principles outlined in
the Declaration of Helsinki (2013 revision). All data were
de-identified and publicly available, with no issues con-
cerning the disclosure of personal privacy.

Variable definitions

All variables in this study were constructed based on
items from the CEPS questionnaires, which are publicly
available and have been widely used in previous research
(32, 33].

Outcome variable

The primary outcome was physical activity attainment
status. Data were derived from the CEPS student ques-
tionnaire, which asked about the number of days per
week students engaged in physical activity and the typical
daily duration of such activity.

According to the World Health Organization (WHO)
guidelines, adolescents should engage in at least 60 min
of moderate-to-vigorous physical activity (MVPA) daily.
However, recognizing the unique physiological capaci-
ties and potential barriers faced by adolescents with obe-
sity, we made an adaptive adjustment to this standard.
Specifically, participants were classified as “meeting the
standard” (coded as 1) if their self-reported average daily
MVPA duration was >30 min, and as “not meeting the
standard” (coded as 0) otherwise.

Predictor variables

Predictor variables were selected based on the socio-eco-
logical model and organized into three levels: individual,
school, and family.

Individual-level variables

+ Gender: Self-reported (0 = female, 1 = male).

+ Birth weight: Parent-reported, categorized as 0 =
low (<2500g), 1 = normal (2500-4000g), 2 = high
(>4000g).

+ Household registration (hukou): Self-reported (0 =
agricultural, 1 = non-agricultural).

« Self-perceived appearance: Self-reported on
a 5-point Likert scale (1 = very ugly, 5 = very
beautiful).

« Interest in sports: Derived from a multiple-response
question on hobbies; coded as 1 if "sports activities"
was selected, 0 otherwise.
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«+ Dietary habits: Self-reported frequency of unhealthy
food consumption (e.g., fast food, sugary snacks) on
a 5-point scale (1 = never, 5 = always).

«+ Sleep problems: A composite score (range: 0-9)
created by summing responses to nine yes/no
questions about sleep issues (e.g., difficulty falling
asleep, waking during the night, daytime fatigue).
Each problem was coded as 1 if present.

+ Screen time: A continuous variable (range: 2—12
hours) representing the total self-reported weekend
hours spent on television viewing and internet/
gaming.

+ Academic workload: A continuous variable (range:
3-18 hours) representing the total self-reported
weekend hours spent on homework, tutoring, and
self-study.

School-level variables

+ School type: Categorized as 1 = public, 2 = private, 3
= private school for migrant workers' children.

+ School ranking: Subjective ranking of the school
within its county (1 = worst, 5 = best), reported by
the school administrator.

+ School location: Coded as 1 = rural, 2 = township, 3
= urban-rural fringe, 4 = peripheral urban area, 5 =
central urban area.

+ School sports facilities: A composite score (range:
0-3) created by summing the presence (1) or absence
(0) of a sports field, gymnasium, and swimming pool,
as reported by the school administrator.

Family-level variables
+ DParental education: Parent-reported educational

attainment, coded on a scale from 1 = no education
to 7 = graduate degree or higher. Separate variables
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were created for mother's education (M_Edu) and
father's education (F_Edu).

+ Family economic status: Parent-reported on a
5-point Likert scale (1 = very difficult, 5 = very
affluent).

+ Family structure: Parent-reported indicator of
whether the child is an only child (0 = no, 1 = yes).

Research methods

Feature selection algorithm

To identify the most relevant predictors while minimiz-
ing overfitting, we employed a feature selection approach
combining random forest importance and AUC perfor-
mance. First, we assessed the contribution of each vari-
able using a random forest model and ranked them by
their predictive importance. Subsequently, we sequen-
tially added features in order of importance and cal-
culated the cumulative AUC after each addition. As
illustrated in Fig. 1, the AUC increased with each added
feature and plateaued after reaching its maximum, indi-
cating that features beyond this point did not mean-
ingfully enhance model performance. The final set of
features was selected based on this optimal point, ensur-
ing both predictive power and model parsimony [35].

Machine learning methods

Using the scikit-learn library in Python, we developed
six machine learning models based on the 12 features
selected through our feature selection algorithm: logis-
tic regression, support vector machine (SVM), multilayer
perceptron (MLP), XGBoost, LightGBM, and random
forest [36]. The total sample (N = 1,041) was randomly
split into a training set (n = 729) and a test set (n = 312)
using a 70:30 ratio. The training set was used for model
development and hyperparameter tuning, while the test
set was reserved exclusively for final model evaluation
and SHAP analysis.

Feature Contribution and AUC Performance (Top 12 Features Highlighted)
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The outcome variable exhibited substantial class imbal-
ance, with only 16.42% of participants meeting the physi-
cal activity standard. Rather than employing resampling
techniques, we addressed this imbalance by adjusting
the models’ built-in class weight parameters. Model per-
formance was primarily assessed using the area under
the receiver operating characteristic curve (ROC-AUC),
a threshold-independent metric that is robust to class
imbalance.

To identify the optimal hyperparameter configura-
tion for each model, we performed grid search across a
predefined range of values, following established best
practices for machine learning applications in physical
activity research [37, 38]. The complete hyperparameter
search spaces and the final optimized parameters for
each model are provided in Table S1 [39].

SHAP for model interpretability

To enhance the interpretability of our machine learn-
ing models, we employed Shapley Additive Explanations
(SHAP), a game theory-based approach that quantifies
the contribution of each feature to individual predictions
[40]. SHAP values enable a granular analysis of each vari-
able’s impact on the model output: positive SHAP values
indicate that a variable increases the predicted prob-
ability of meeting physical activity standards, whereas
negative values reflect a suppressive effect. This method
allows us to move beyond simple feature importance
rankings to understand both the direction and magnitude
of each factor’s influence.

Statistical methods
Descriptive statistics were computed for all variables.
Categorical variables were presented as frequencies and
percentages [n (%)], with group comparisons conducted
using chi-square tests or Fisher’s exact tests, as appro-
priate based on expected cell counts. All statistical tests
were two-sided, with statistical significance set at P<0.05.
For continuous variables, normality was assessed
prior to analysis. Normally distributed variables were
expressed as mean + standard deviation, with group com-
parisons performed using independent samples *t*-tests.
Non-normally distributed variables were reported as
median with interquartile range (Q,, Qs), and group dif-
ferences were evaluated using the Mann-Whitney U test.

Ethics declaration
Clinical trial number
Not applicable.

Ethics approval and consent to participate

This study conducted a secondary analysis of de-identi-
fied, publicly available data from the China Education
Panel Survey (CEPS). The original CEPS data collection

Page 5 of 16

was approved by the Research Ethics Committee of Ren-
min University of China. Informed consent was obtained
from all participants and their guardians by the CEPS
research team prior to data collection. As this analysis
involved only anonymized, publicly accessible data, no
additional ethical approval or consent was required.

Consent for publication
Not applicable.

Results

Participant characteristics

A total of 1,041 s-year junior high school students (8th
grade) with obesity were included in the final analysis. Of
these, only 171 students (16.42%) met the adapted physi-
cal activity standard (=30 min of daily MVPA), while 870
students (83.58%) did not.

Table 1 presents the complete descriptive statistics and
group comparisons. Key differences between students
who met the physical activity standard and those who did
not are summarized below.

At the individual level, a significant association was
found between interest in sports and physical activ-
ity attainment (x> = 30.38, *p* < 0.001). Among students
reporting an interest in sports, 86 (25.6% of that sub-
group) met the standard, compared to 85 (12.1% of that
subgroup) among those without such interest. Sleep
problems were also significantly associated with activ-
ity status. In the “meeting standards” group, 60.82%
reported no sleep problems, compared to 52.41% in the
“not meeting standards” group (*p* = 0.022). For screen
time, while the median was 5 h for both groups, the
interquartile range was slightly narrower in the meeting
standards group, indicating a statistically significant dif-
ference (Z = -2.10, *p* = 0.035).

At the family level, parental educational attainment
emerged as a strong differentiator. In the meeting stan-
dards group, 59.65% of mothers had attained a high
school education or higher, substantially exceeding
the 40.92% in the non-meeting group (x* = 26.27, *p* <
0.001). Similarly, 68.42% of fathers in the meeting stan-
dards group had at least a high school education, com-
pared to 48.16% in the non-meeting group (x> = 29.60,
*p* < 0.001).

At the school level, the availability of sports facili-
ties was significantly associated with physical activ-
ity attainment (x* = 11.43, *p* = 0.010). Notably, 25.00%
of students in schools with three sports facilities met
the standard (15 out of 60), compared to only 6.67% in
schools with no such facilities (3 out of 45).

In summary, significant bivariate associations with
physical activity attainment were observed for interest
in sports, sleep problems, screen time, parental educa-
tion (both mother and father), and the number of school
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Table 1 Basic characteristics and differences of participants

Variables Total Physical Activ- Physical Activ- Statistic P
(n=1041) ity Not Meeting ity Meeting
Standards Standards
(n=870) (n=171)
Individual level
Sport Interest, n(%) x’=30.38 <0.001
No interest 705 (67.72) 620 (71.26) 85 (49.71)
Interest in sports 336(32.28) 250 (28.74) 86 (50.29)
Personal Cognition, n(%) =171 0.789
Very ugly 33(3.17) 27 (3.10) 6(3.51)
Somewhat ugly 83(7.97) 72 (8.28) 11 (6.43)
Average 807 (77.52) 675 (77.59) 132 (77.19)
Fairly beautiful 62 (5.96) 52(5.98) 10 (5.85)
Very beautiful 56 (5.38) 44 (5.06) 12 (7.02)
Dietary Habits, n(%) ¥’=2.83 0.587
Never 54 (5.19) 45 (5.17) 9(5.26)
Rarely 349 (33.53) 287 (32.99) 62 (36.26)
Sometimes 510 (48.99) 432 (49.66) 78 (45.61)
Often 119 (11.43) 100 (11.49) 19(11.11)
Always 9(0.86) 6 (0.69) 3(1.75)
Sleep Problem, n(%) - 0.022%
0 560 (53.79) 456 (52. 41) 104 (60.82)
1 237 (22.77) 201 (23.10) 36 (21.05)
2 132 (12.68) 116 (13.33) 16 (9.36)
3 65 (6.24) 58 (6.67) 7 (4.09)
4 25 (2.40) 23 (2.64) 2(1.17)
5 15 (1.44) 13 (1.49) 2(1.17)
6 4(0.38) 2(0.23) 2(117)
7 2(0.19) 0 (0.00) 2(1.17)
8 1(0.10) 1(0.11) 0(0.00)
Screen Time, M (Q;, Q) 5.00 (4.00, 5.00 (4.00, 7.00) 5.00 (4.00, 6.00) 7=-2.10 0.035
7.00)
Academic Workload, M (Q,, Qs) 6.00 (5.00, 6.00 (5.00, 8.00) 6.00 (5.00, 8.00) 7=-0.76 0.448
8.00)
Family Level
Fam Econ, n(%) X’=6.50 0.164
Very Difficult 21(2.02) 20 (2.30) 1(0.58)
Somewhat difficult 86 (8.26) 72 (8.28) 14 (8.19)
Moderate 780 (74.93) 658 (75.63) 122 (71.35)
Somewhat affluent 144 (13.83) 113 (12.99) 31(18.13)
Very affluent 10 (0.96) 7(0.80) 3(1.75)
M Edu, n(%) ¥’=2627 <0001
No education 0 0 0
Elementary school 162 (15.56) 150 (17.24) 12 (7.02)
Junior high school 421 (40.44) 364 (41.84) 57(3333)
Vocational high school/technical school/general high school 270 (25.94) 208 (23.91) 62 (36.26)
Associate Degree 84 (8.07) 69 (7.93) 15(8.77)
Bachelor's Degree 95 (9.13) 71 (8.16) 24 (14.04)
Graduate and above 9(0.86) 8(0.92) 1(0.58)
F Edu, n(%) ¥’=2960 <0001
No education 0 0 0
Elementary school 118 (11.34) 108 (12.41) 10 (5.85)
Junior high school 387 (37.18) 343 (39. 43) 44 (25.73)
Vocational high school/technical school/general high school 305 (29.30) 245 (28.16) 60 (35.09)
Associate Degree 99 (9.51) 70 (8.05) 29 (16.96)
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Table 1 (continued)
Variables Total Physical Activ- Physical Activ- Statistic P
(n=1041) ity Not Meeting ity Meeting
Standards Standards
(n=870) (n=171)
Bachelor's Degree 113 (10.85) 88(10.11) 25(14.62)
Graduate and above 19 (1.83) 16 (1.84) 3(1.75)
School Level
School Rank, n(%) X’=2.73 0.604
Lowest 64 (6.15) 58 (6.67) 6(3.51)
Below Average 4(0.38) 3(0.34) 1(0.58)
Middle 170 (16.33) 142 (16.32) 28 (16.37)
Upper-middle 537 (51.59) 445 (51.15) 92 (53.80)
Best 266 (25.55) 222 (25.52) 44 (25.73)
School Loc, n(%) x’=5.87 0.209
Rural 150 (14.41) 128 (14.71) 22(12.87)
Township 122 (11.72) 94 (10.80) 28(16.37)
Urban-rural fringe 157 (15.08) 129 (14.83) 28 (16.37)
Peripheral urban areas 74 (7.11) 60 (6.90) 14 (8.19)
Central urban areas 538 (51.68) 459 (52.76) 79 (46.20)
Sports Fac, n(%) ¥=1143 0010
0 45 (4.32) 42 (4.83) 3(1.75)
1 687 (65.99) 586 (67.36) 101 (59.06)
2 249 (23.92) 197 (22.64) 52 (3041)
3 60 (5.76) 45 (5.17) 15(8.77)

Z Mann-Whitney test, x> Chi-square test, -: Fisher exact, *: Simulated p-value
M Median, Q, 1st Quartile, Q; 3st Quartile

sports facilities. These findings provide preliminary evi-
dence for the multivariable modeling and mechanism
identification that follow.

Model comparison

Figure 2 presents the performance of six machine learn-
ing models in classifying physical activity attainment
among adolescents with obesity, evaluated on both the
training and test sets. The models compared were: Sup-
port Vector Machine (SVM), Extreme Gradient Boosting
(XGBoost), Light Gradient Boosting Machine (Light-
GBM), Logistic Regression (LR), Random Forest (RF),
and Multi-Layer Perceptron (MLP).

In terms of accuracy (Fig. 2A), the Random Forest
model achieved the highest performance on the train-
ing set (90.52%), followed by XGBoost (86.13%) and SVM
(85.03%). On the test set, RF again demonstrated the
highest accuracy (85.30%), with XGBoost and MLP tied
for second (84.35%). This pattern suggests that the RF
model strikes an effective balance between learning from
the training data and generalizing to unseen data.

For discriminative ability, as assessed by the area
under the receiver operating characteristic curve (AUC)
(Fig. 2B), the RF model achieved the highest training
AUC (0.980), followed by XGBoost (0.885) and Light-
GBM (0.830). On the test set, RF maintained its lead-
ing position (AUC=0.720), with MLP (0.714) and

XGBoost (0.709) showing comparable but slightly lower
performance.

To select the optimal model for subsequent interpre-
tation, we considered multiple performance metrics
in accordance with established guidelines for machine
learning applications in health behavior research [41].
Our primary criterion was test-set AUC, as it provides a
threshold-independent measure of discriminative ability
and is particularly robust to class imbalance [42, 43]. Sec-
ondary criteria included test accuracy, the discrepancy
between training and test performance (as an indicator of
overfitting), and balanced accuracy.

Based on these criteria, the Random Forest model
was selected as the most suitable for further analysis. As
shown in Fig. 2, RF achieved the highest test AUC (0.720)
and test accuracy (85.30%) among all models evaluated.
Although the training-test performance gap (training
AUC = 0.980; test AUC = 0.720) suggests some degree
of overfitting, this level of performance degradation is
acceptable for complex social science data, where some
noise and irreducible error are expected [44]. In com-
parison, the next best-performing models—MLP (AUC
= 0.714) and XGBoost (AUC = 0.709)—demonstrated
slightly lower discriminative ability.

Therefore, the Random Forest model was selected for
subsequent SHAP analysis to identify the key factors
influencing physical activity among adolescents with
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Fig.2 Comparison of prediction performance of different machine learning models in training set and test set. A Accuracy; B Area under the curve (AUC)

obesity and to elucidate the direction and magnitude of
their effects.

Key determinants of physical activity in adolescents with
obesity

To identify the key determinants of physical activity
attainment among adolescents with obesity, we applied
SHAP (Shapley Additive Explanations) to the best-per-
forming Random Forest model. Figure 3 presents the
feature importance ranking (Fig. 3A) and the direction of
each variable’s influence (Fig. 3B), while Fig. 4 visualizes
the nonlinear relationships and identifies specific thresh-
old values.

Feature importance ranking: multi-level determinants

As shown in Fig. 3A, maternal education (M_Edu) had
the highest mean absolute SHAP value, indicating it
was the strongest predictor of physical activity attain-
ment among adolescents with obesity. This was closely
followed by interest in sports (Sport_Interest), school
location (School_Loc), paternal education (F_Edu), and
academic workload (Academic_Workload). The presence

of five top-ranked variables spanning family (paren-
tal education), school (location), and individual (sports
interest, academic workload) levels underscores the
multi-dimensional nature of physical activity determi-
nants in this population.

Direction of influence and threshold effects

Figure 3B illustrates the direction of each variable’s effect
on the model’s prediction, while Fig. 4 provides a detailed
visualization of the relationship between individual vari-
ables and their SHAP values, enabling identification of
specific thresholds. Based on these analyses, we classified
the key predictors into three categories: positive facilita-
tors, negative barriers, and variables exhibiting U-shaped
relationships.

Positive facilitators

Increases in these variables were associated with a
higher predicted probability of meeting physical activity
standards:
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A Top 10 SHAP Feature Importances
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Fig. 3 Feature importance ranking and feature direction. A Mean absolute SHAP values (feature importance ranking); B SHAP values (direction of

influence)

«+ DParental education: When maternal education
reached 23.27 (equivalent to high school level or
above) and paternal education reached 23.51 (high
school level or above), the likelihood of physical
activity attainment increased.

« Interest in sports: Having a personal interest in
sports was a strong positive facilitator.

« School sports facilities: When the sports facility
score reached >1.44 (approximately equivalent to
having at least one to two facilities), physical activity
participation was more likely.

+ School ranking: Schools ranked at >3.77 (upper-
middle level or above) were associated with higher
physical activity attainment among students with
obesity.

Negative barriers

Increases in these variables were associated with
a reduced probability of meeting physical activity
standards:

» Screen time: When weekend screen time reached
>5.51 hours, the likelihood of physical activity
attainment decreased substantially.

+ School location: Schools located in "core urban areas”
(location code >4.23) were associated with lower
physical activity participation among adolescents
with obesity.

U-shaped relationships

These variables exhibited a pattern where moderate
levels were associated with reduced physical activity,
while both low and high extremes were associated with
increased activity:

+ Academic workload: Workloads in the range of
4.8 to 12 hours showed a negative association with
physical activity. However, both lighter workloads
(<4.8 hours) and heavier workloads (>12 hours)
were associated with increased likelihood of meeting
activity standards.

« Sleep problems: The presence of sleep problems
(from >0.40 to approximately 5 issues) was negatively
associated with physical activity. Notably, when the
number of sleep problems exceeded 5, the model
predicted an increased likelihood of meeting physical
activity standards.

« Self-perceived appearance: Adolescents who
perceived their appearance as "average" or "fairly
attractive" (scores ranging from 2.89 to 4 on the
5-point scale) were less likely to engage in physical
activity. In contrast, those at both extremes—
perceiving themselves as "very ugly” or "fairly ugly"
(scores <2.89) or as "very attractive" (score = 5)—
showed a higher predicted probability of physical
activity attainment.

Discussion

Individual-level influencing factors

Our findings reveal several important individual-level
factors that shape physical activity among adolescents
with obesity, including evidence of a potential vicious
cycle, a nuanced “time displacement” effect, and novel
U-shaped relationships.

First, our results suggest that adolescents with obesity
may become trapped in a self-reinforcing vicious cycle:
lack of interest in exercise — reduced physical activity
— increased obesity — greater fatigue during exercise —
further diminished interest. We observed a positive asso-
ciation between interest in physical activity and actual
activity time, consistent with prior research [21]. This
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Fig. 4 Feature dependency graph

relationship can be understood through the proposed
“vicious cycle of obesity and physical activity” Whether
obesity is present from early childhood or develops dur-
ing adolescence, reduced physical function often leads to
lower mood and heightened perceptions of fatigue dur-
ing and after exertion [45]. These negative experiences,
in turn, diminish interest in physical activity [46]. As
interest wanes, motivation to engage in exercise declines,
resulting in sustained inactivity and further exacerba-
tion of obesity [47]. This cyclical pattern underscores

the importance of early intervention to disrupt the cycle
before it becomes entrenched.

Second, our findings provide partial support for the
“time displacement” effect of screen-based media use.
Consistent with previous studies [48], we identified
prolonged screen time (> 5.51 h on weekends) as a sig-
nificant barrier to physical activity. This reflects a classic
“time crowding out” phenomenon: time spent on elec-
tronic screens displaces time available for physical activ-
ity. However, our results offer a novel perspective on this
effect when considering academic workload. Logically,
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academic demands might be expected to exert a similar
crowding-out effect, a pattern supported by some prior
research [49]. Yet, we found that among adolescents
with obesity, heavy academic workload (= 12 h on week-
ends) was actually associated with increased likelihood
of meeting physical activity standards. This counterin-
tuitive finding points to a potentially deeper explanatory
factor: self-discipline. We hypothesize that highly self-
disciplined students are better able to manage their time
effectively, allowing them to meet academic demands
while still prioritizing physical activity. For these stu-
dents, the time crowding-out effect of academic work-
load may be attenuated or even reversed, resulting in a
positive association between study time and extracurric-
ular activity. This interpretation, while speculative, high-
lights the need for future research examining the role of
self-regulation and time management skills in moderat-
ing the relationship between competing demands and
physical activity.

Finally, this study identified U-shaped relationships
between two individual-level factors—self-perceived
appearance and sleep problems—and physical activity
among adolescents with obesity. These findings represent
one of the key innovations of our study.

Regarding self-perceived appearance, adolescents who
rated themselves as “very ugly” or “very beautiful” were
more likely to engage in physical activity, while those per-
ceiving themselves as “average” were least likely to do so.
Traditional perspectives emphasize a direct link between
negative body image and exercise avoidance among ado-
lescents with obesity [50]. However, our results reveal
a more complex pattern: extreme body perceptions—
whether extremely negative or extremely positive—may
actually motivate physical activity engagement. This
duality can be explained through complementary mech-
anisms. Adolescents who perceive themselves as “very
ugly” may be motivated to improve their body shape
through exercise, viewing physical activity as a means
of enhancing self-image and achieving weight-related
goals [9]. Conversely, those who perceive themselves as
“very beautiful” may already have established exercise
habits that contribute to and reinforce their positive self-
perception [51]. This finding suggests that interventions
should not only address the inhibitory effects of nega-
tive body image but also recognize that certain negative
self-perceptions, under the right conditions, can serve as
catalysts for behavior change.

Regarding sleep problems, we observed a similarly
nuanced pattern. Contrary to previous conclusions that
sleep problems are uniformly negatively correlated with
physical activity [52], our study found that both very few
(< 0.4 reported problems) and very many (> 5 reported
problems) sleep issues were associated with increased
physical activity. The former finding is intuitive: good
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sleep quality enhances physical vitality and mental alert-
ness, which in turn increases motivation and capacity for
physical activity. The latter finding, however, is counter-
intuitive and warrants careful interpretation. While we
might expect multiple sleep problems to hinder exercise
participation, our results suggest that when adolescents
experience more than five sleep-related difficulties, phys-
ical activity levels actually increase. This phenomenon
may reflect an active coping mechanism: adolescents
facing significant sleep disturbances may intentionally
increase their physical activity as a strategy to improve
sleep quality [53]. Alternatively, this could reflect reverse
causality, whereby higher physical activity levels (per-
haps from school sports teams or training) lead to greater
physical fatigue and, paradoxically, more reported sleep
problems. Given the cross-sectional nature of our data,
we cannot determine causal direction, and this relation-
ship warrants investigation in future longitudinal studies.

Family-level influencing factors

This study found that higher parental educational attain-
ment was associated with increased physical activ-
ity among adolescents with obesity. Specifically, when
maternal education reached > 3.27 (equivalent to high
school level or above) and paternal education reached >
3.51 (high school level or above), the likelihood of meet-
ing physical activity standards increased. This finding
aligns with existing literature, suggesting that parents
with higher education levels provide more resources and
support for physical activity, thereby increasing their
children’s participation [54]. A key contribution of this
study is the identification of specific educational attain-
ment thresholds. This also implies that in Chinese fami-
lies where both parents have a high school education or
lower, adolescents with obesity may face a relative lack of
resources and support for physical activity.

Another family-level variable, family economic sta-
tus, did not rank among the top 10 features in terms of
predictive importance. However, previous studies have
identified economic conditions as a critical factor influ-
encing physical activity participation among adolescents
with obesity [55]. This discrepancy can be explained by
examining how family economic status was measured
and distributed in our sample. As detailed in Sect. 2.2.2,
this variable was derived from a subjective, self-reported,
five-point Likert scale. Table 1 shows that nearly 75%
of adolescents in this study reported their family’s eco-
nomic status as “moderate” (category 3 on the 5-point
scale), while only 2.02% reported “very difficult” and
0.96% reported “very affluent” This high concentration
of responses in the middle category indicates limited sta-
tistical variability in perceived economic standing within
this cohort.
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This homogeneity in perceived economic status statis-
tically weakens its power to predict differences in physi-
cal activity behavior. In contrast, parental education
levels (M_Edu and F_Edu) showed much greater vari-
ability across seven educational categories, ranging from
“elementary school” to “graduate degree and above.” This
broader distribution allows education level to emerge as a
stronger differentiator in predictive models.

Therefore, in the context of this Chinese sample, the
influence of subjectively perceived family economic
status on adolescents’ physical activity may be over-
shadowed by the more differentiating factor of cultural
capital, as represented by parental education. This does
not imply that economic factors are unimportant in gen-
eral, but rather that within the relatively homogeneous
perceived economic conditions of our sample, cultural
capital emerges as a stronger predictor. Future research
employing more objective and varied measures of family
wealth may reveal different patterns.

School-level influencing factors

School location, ranking, and the availability of sports
facilities all significantly influence physical activity levels
among adolescents with obesity.

First, although urban schools generally have better
access to sports resources on paper, this study found
that adolescents with obesity attending schools in cen-
tral urban areas (school location > 4.23) actually face
greater barriers to physical activity. This paradox high-
lights a critical distinction: the mere existence of sports
resources does not equate to their accessibility. In many
urban schools in China, sports facilities are routinely
closed after school hours, limiting students’ opportuni-
ties to use these resources beyond scheduled physical
education classes. Furthermore, Chinese middle schools
are typically assigned based on proximity to school dis-
tricts, meaning that students attending urban schools
generally reside in those same high-density urban areas.
In such environments, public recreational space per cap-
ita is often severely limited, with parks, playgrounds, and
sports fields in short supply [56]. Together, institutional
access barriers (restricted facility hours) and physical
space constraints (limited public recreation infrastruc-
ture) create compounded obstacles to physical activity
among adolescents with obesity in urban settings.

Second, school ranking also plays an important role.
This study found that schools ranked in the upper-mid-
dle and top tiers (rank > 3.77) are more likely to promote
physical activity participation among students with obe-
sity. Several mechanisms may explain this association.
Higher-ranked schools in China generally command
greater educational resources, including better-funded
physical education programs and superior sports facili-
ties [57]. Students attending these schools also tend to

Page 12 of 16

exhibit greater self-discipline and time management
skills, enabling them to balance academic demands with
extracurricular engagement. Additionally, higher-ranked
schools often set higher expectations for students’ holistic
development, including physical fitness, and may there-
fore be more proactive in encouraging physical activity.
The finding that sports facility availability (Sports_Fac >
1.44) promotes physical activity among adolescents with
obesity is consistent with this interpretation, suggesting
that material resources and institutional culture work in
tandem to create an environment conducive to physical
activity.

Limitations and future prospects

Despite the strengths of this study, including its appli-
cation of interpretable machine learning methods to
identify key factors influencing physical activity among
adolescents with obesity, several limitations should be
acknowledged.

First, physical activity duration was measured using
self-report questionnaires, which may be subject to recall
bias and social desirability effects. Participants may over-
estimate their activity levels or misremember actual dura-
tion, potentially affecting the accuracy of our outcome
variable. Future studies could address this limitation by
employing more objective measurement methods, such
as wearable devices or activity trackers, to capture con-
tinuous, real-time physical activity data.

Second, while this study identified multiple factors
associated with physical activity, the cross-sectional
nature of the data precludes establishing causal rela-
tionships between these factors and activity outcomes.
The associations we observed may reflect bidirectional
influences or unmeasured confounding variables. For
instance, the U-shaped relationship between sleep prob-
lems and physical activity could indicate that increased
activity improves sleep, that poor sleep motivates activ-
ity as a coping strategy, or that a third factor (e.g., stress)
influences both. Future longitudinal studies are needed
to examine how these factors interact over time and to
clarify the direction of causality.

Third, our sample was drawn exclusively from Chinese
adolescents with obesity, which may limit the general-
izability of findings to other cultural contexts or weight
categories. Replication studies in diverse populations
would help determine whether the identified thresholds
and U-shaped relationships are culturally specific or uni-
versally applicable.

Finally, although we included a comprehensive set
of individual, family, and school-level variables, other
potentially important factors—such as peer influences,
neighborhood built environment, or genetic predisposi-
tions—were not available in the CEPS dataset. Future
research incorporating a broader range of ecological
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levels could provide a more complete understanding of
physical activity determinants.

Practical implications

The findings of this study offer actionable implications
for families, schools, policymakers, and physical educa-
tion teachers seeking to promote physical activity among
adolescents with obesity.

For families

The finding that parental education—particularly moth-
er’s education—emerged as the strongest predictor of
adolescent physical activity suggests that interventions
should focus on enhancing parents’ knowledge and skills
related to physical activity promotion, rather than solely
providing economic support. Parents with lower educa-
tional attainment may benefit from targeted educational
programs that offer practical guidance on how to encour-
age and support their children’s physical activity, model
active lifestyles, and create a home environment condu-
cive to regular exercise. Additionally, the U-shaped rela-
tionship between self-perceived appearance and physical
activity suggests that parents should foster a healthy body
image that avoids both extreme self-deprecation and
overconfidence, while consistently encouraging activity
participation regardless of body image concerns.

For schools

The identification of screen time>5.51 h as a criti-
cal threshold suggests that school-based interventions
should incorporate media literacy education and screen
time reduction strategies into health curricula. Schools
should also consider extending access to sports facili-
ties beyond regular school hours, particularly in urban
areas where public recreational space is limited. The
finding that higher-ranked schools promote physical
activity demonstrates that academic excellence and phys-
ical activity are not mutually exclusive; schools can and
should integrate physical activity promotion into their
broader mission of student development. Furthermore,
the positive association between sports facility avail-
ability (>1.44 facilities) and physical activity attainment
underscores the importance of adequate infrastructure,
though facilities must be accompanied by accessible
hours to be effective.

For policymakers

The paradox that schools in central urban areas—despite
having better facilities on paper—are associated with
lower physical activity participation highlights the need
for policies that ensure facility accessibility, not just
availability. This may include mandating after-school
facility access in public schools or investing in public
recreational spaces in high-density urban environments
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where per capita green space is limited. The U-shaped
relationship between academic workload and physical
activity suggests that education policies should aim for a
balanced approach to academic demands, avoiding both
excessive leniency that may lead to sedentary screen time
and excessive pressure that could crowd out physical
activity.

For physical education teachers

Based on these findings, we have developed and deployed
a web-based screening tool (available at: https://decodin
g-the-pa-paradox-in-obese-adolescents-rf-gaa3orm8yy
hzmx.streamlit.app/). This tool allows teachers to input
student information across the identified risk factors
and receive immediate feedback on the student’s pre-
dicted probability of meeting physical activity standards.
By identifying at-risk students early, teachers can imple-
ment targeted interventions, such as personalized activ-
ity plans, counseling, or referral to school-based physical
activity programs, potentially disrupting the vicious cycle
of inactivity before it becomes entrenched.

Conclusions

This study yields several key conclusions. First, both
screen time and academic workload exert a “time crowd-
ing” effect on physical activity among adolescents with
obesity, but students with high self-discipline appear bet-
ter able to resist this effect, maintaining activity engage-
ment despite competing demands. Second, in Chinese
families, cultural capital—as reflected in parental edu-
cation—has a substantially greater influence on ado-
lescents’ physical activity participation than economic
capital, at least within the relatively homogeneous per-
ceived economic conditions of our sample. Third, higher
school rankings and increased availability of sports facili-
ties promote physical activity among adolescents with
obesity, though the urban paradox we identified reveals
significant heterogeneity among schools in central urban
areas, where facility access barriers may undermine oth-
erwise favorable conditions.

The primary innovation of this study lies in its appli-
cation of interpretable machine learning methods,
which address the limitations of traditional statistical
approaches in handling high-dimensional data and cap-
turing nonlinear relationships. For the first time, this
study identified U-shaped relationships between sleep
problems, self-perceived appearance, academic work-
load, and physical activity among adolescents with obe-
sity, providing specific risk ranges and thresholds that
offer precise targets for intervention. These findings pro-
vide a new perspective for understanding the complex,
multi-determined nature of exercise behavior in this
population.
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To translate these insights into practice, parents should
encourage positive body image and active lifestyles
regardless of weight status; schools should extend access
to sports facilities and promote time management skills;
and policymakers should prioritize reducing screen time
and increasing public recreational spaces, particularly in
dense urban environments. A web-based screening tool
has been developed and deployed to assist physical edu-
cation teachers in identifying students at risk of physical
inactivity, thereby enabling the formulation of targeted,
evidence-based intervention strategies.
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