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Abstract
Background: The exponential growth of digital technologies and the ubiquity of social media platforms have led to unprece-
dented mental health challenges among college students, highlighting the critical need for effective intervention approaches.
Objective: This study aimed to explore the relationship between meeting the 24-hour movement guidelines (24-HMG) health
behavior combinations and the risk of social network addiction (SNA) as well as mental health issues among university
students. It further sought to compare differences in mental health indicators and SNA levels across various risk groups and
adherence patterns, and to identify the optimal 24-HMG health behavior intervention strategies for students at high risk of
SNA.
Methods: This cross-sectional study recruited a total of 12,541 university students from the university town of Guizhou
Province as participants. Data were collected through standardized questionnaires, including the Chinese version of Social
Network Addiction Scale for College Students (SNAS-C), the adult attention-deficit/hyperactivity disorder (ADHD) self-report
scale (ASRS), and the Chinese version of the Diagnostic and Statistical Manual of Mental Disorders, Fifth Edition (DSM-5)
Self-Report Level 1 Cross-Cutting Symptom Measure for Adults (DSM-5 CCSM), among others. The primary analytical
method used was the random forest model, which was used to explore the relationship between different 24-HMG behavior
combinations and mental health variables among student at high-risk of SNA. In addition, the study aimed to identify the
optimal 24-HMG health behavior intervention strategies for this high-risk group.
Results: Participants in the meeting none group exhibited the highest SNA scores (57.98), which declined progressively
with greater adherence. Among single-guideline groups, meeting physical activity (PA; 53.07) and meeting sedentary time
(ST; 52.72) showed similar scores. Further reductions were seen in meeting PA+ST (49.68), meeting sleep (48.44), and
meeting ST+sleep (44.75), with the lowest in meeting PA+ST+sleep. Approximately 6% of the variance in SNA was
attributable to differences in adherence patterns (η²=0.06). Students meeting all three 24-HMG components—PA, sleep, and
ST—demonstrated the strongest protection against attention deficit, depression, and anxiety. All 24-HMG behaviors were
inversely associated with mental health symptoms, except academic satisfaction, which was positively correlated. Random
forest modeling identified meeting sleep+ST as the most impactful for mania (0.4491), sleep disturbance (0.4032), personality
(0.3924), and dissociation (0.3832). Meeting ST alone showed the strongest effects on substance (0.6176) and alcohol use
(0.6597). Depression was influenced by meeting sleep+ST (0.2053), meeting PA+ST+sleep (0.1650), and meeting PA+ST
(0.1634). The model achieved high accuracy for ASRS (0.912; F1-score=0.927), with robust predictions for substance use
(F1-score=0.873) and mania (F1-score=0.836).
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Conclusions: Adherence to the health behaviors recommended by the 24-HMG can significantly improve the mental health
outcomes of university students at high risk for SNA. The findings of this study support the development of mental health
intervention strategies for students at high-risk of SNA based on the 24-HMG framework.
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Introduction
Background
Social network addiction (SNA) is an emerging behavio-
ral addiction characterized by excessive dependence on
social network platforms, which significantly impairing an
individual’s daily social functioning. In recent years, with
the rapid proliferation of smartphones and internet technol-
ogies, SNA has rapidly proliferated globally, particularly
among university students. Previous studies have indicated
that university students, who face academic pressures, strong
social interaction needs, and a high level of acceptance of
new media technologies, are at higher risk of developing SNA
[1,2]. An international survey reported that approximately
30% of university students experience varying degrees of
SNA [3].

SNA not only directly disrupts an individual’s daily
life functioning but is also closely related to a variety of
mental health issues. A large body of empirical research has
demonstrated a significant positive correlation between SNA
and anxiety, depression, and personality disorders [2,4]. For
instance, a study by Zhang et al [5] on Chinese university
students found that individuals classified as high-risk for SNA
exhibited significantly higher levels of anxiety and depres-
sive symptoms compared to low-risk groups. In addition,
SNA is closely associated with decreased sleep quality,
impaired academic performance, and social dysfunction [6,7].
Recent studies further have revealed that SNA may exacer-
bate mental health issues by increasing loneliness, lowering
self-esteem [2,8], and promoting negative social compari-
sons and cyberbullying [9,10]. Therefore, understanding the
pathological mechanisms of SNA and exploring effective
intervention strategies have become important research topics
in the field of health psychology.

Although Griffiths’ 6D model of behavioral addiction
(salience, tolerance, mood modification, relapse, withdrawal,
and conflict) provides a solid foundation for the theoret-
ical conceptualization of SNA [11-13], there are impor-
tant differences between SNA and other types of internet
addiction (eg, internet gaming disorder or compulsive internet
use) in terms of specific cognitive and emotional mecha-
nisms. Specifically, SNA involves more self-concept and
self-presentation processes [14,15], as well as social anxiety,
loneliness, and other specific social emotional processing
mechanisms [16]. Moreover, recent neuroscience research has
started to uncover the potential neurobiological basis of SNA.
Structural magnetic resonance imaging (MRI) studies have
begun that individuals with SNA exhibit significantly reduced
gray matter volumes in the amygdala, ventral striatum, and
orbitofrontal cortex [17,18]; functional MRI studies further

indicate weakened functional connectivity between the frontal
eye field and dorsolateral prefrontal cortex in individuals with
SNA, suggesting impaired executive control and attention
regulation [19]. Similar to other forms of addiction, the
midbrain-limbic pathway and the prefrontal-striatal loop
related to the dopamine system may play a key role in the
reward sensitivity and impulsivity in SNA—reward sensi-
tivity and impulsivity associated with SNA [20]. Notably,
the unique functional alterations in the anterior cingulate
cortex in SNA may distinguish it from other addiction types
[17]. However, longitudinal studies that clarify the causal
relationship between excessive social network use and brain
function changes remain lacking [18] , and future research
needs to strengthen the exploration of this mechanism.

Furthermore, existing evidence suggests that inappropri-
ate use of the internet and social media among adolescents
and young adults may reinforce the risk of SNA through
complex interactions with lifestyle factors. On the one hand,
numerous studies have found that SNA is closely associ-
ated with decreased PA, increased sedentary behavior, and
sleep disorders [21-23]. On the other hand, regular PA has
been shown to effectively buffer the adverse effects of SNA
on depressive symptoms [24]. These studies suggest that
interventions promoting a healthy lifestyle may effectively
reduce the risk of SNA.

Recently, the World Health Organization’s 24-hour
movement guidelines (24-HMG) have provided a systematic
framework for improving individual health behaviors and
mental health [25]. The 24-HMG recommend that adults
engage in at least 150 minutes of moderate-intensity PA per
week, reduce ST, and ensure 7‐9 hours of quality sleep per
night. Empirical studies have shown that individuals who
meet the 24-HMG recommendations for healthy behaviors
exhibit better mental health, higher life satisfaction, and
improved social functioning [26-28]. Recent research on
adolescents further indicates that individuals who do not
meet the 24-HMG recommendations for healthy behaviors
are more likely to develop internet addiction behaviors [29],
highlighting the potential of 24-HMG adherence in SNA
interventions.

The mechanisms through which meeting the 24-HMG
mitigates SNA risk may involve multiple pathways, such as
circadian rhythm synchronization, cognitive fatigue reduc-
tion, and modulation of the dopamine reward system.
Specifically, regular sleep and PA can stabilize the secre-
tion rhythms of melatonin and cortisol, promoting emotional
regulation and self-control [30]; simultaneously, regular PA
and reduced sedentary behavior can effectively activate
prefrontal cortex functions, enhancing attention and cogni-
tive control [31,32]; in addition, PA naturally activates the
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dopamine system, reducing individuals’ excessive reliance on
immediate social rewards (eg, social media interactions) [33].

However, current research still has notable limitations.
First, existing studies have not fully explored the precise
intervention effects of different activity combinations on
specific mental health issues [34,35]; second, there is still a
lack of research on personalized intervention strategies for
university students at high risk of SNA [6,9]. Therefore,

understanding the relationship between different 24-HMG
adherence patterns and mental health, as well as establishing
personalized intervention plans for high-risk populations, has
significant theoretical and practical implications.
Objectives
Based on the above background, this study aims to address
the core questions shown in Textbox 1:

Textbox 1. Research questions
• Are there differences in mental health indicators and 24-HMG adherence patterns between university students with

high-risk and low-risk of SNA?
• Are there differences in SNA levels between university students with different 24-HMG adherence patterns?
• Are there differences in mental health indicators among university students with different 24-HMG adherence

patterns?
• For university students with high-risk of SNA, which 24-HMG adherence pattern shows the optimal intervention

effect on improving specific mental health issues?

Methods
Participants and Procedure
This study used survey data collected from college stu-
dents in the university town of Guizhou Province, China,
between September and October 2024. A combination of
internet-based and offline sampling methods was used. For
internet-based sampling, participants were recruited through
university-based social media platforms and email lists, while
offline sampling involved stratified random selection of
classrooms across different faculties. This approach collected
data from 12,766 university students across 12 provinces,
municipalities, and autonomous regions, including Guizhou,
Guangxi, Chongqing, Sichuan, Beijing, Jiangsu, Shandong,
Henan, Heilongjiang, and others. The initial response rate was
approximately 85%, with 2250 students declining participa-
tion.

During the data preprocessing phase, 225 participants who
had been clinically diagnosed with mental disorders were
excluded to enhance the data quality and the reliability of the
research conclusions. Ultimately, 12,541 valid questionnaire
responses from undergraduate students were included in the
analysis. All study participants confirmed having experience
using social network platforms (such as Weibo, WeChat, and
Xiaohongshu), meeting the inclusion criteria for this study.
Ethical Considerations
Before the survey, all participants were thoroughly informed
about the study’s purpose, principles of data confidential-
ity and anonymity, voluntary participation, and the right to
withdraw at any time. To ensure informed consent, partici-
pants were informed that no material compensation would
be provided for their participation. For offline participants,
written consent was obtained after they fully understood the
relevant information, while online participants were required
to check the option “I have read the above information and
agree to participate in this study” before proceeding to the
questionnaire page.

The study protocol was approved by the Academic Ethics
Committee of Guizhou Normal University (Approval No.:
20230300005), ensuring ethical compliance throughout the
research process.
Measures

Demographic Characteristics
All participants were asked about basic information, including
gender, age, and academic year.

Social Network Addiction Scale
The Social Network Addiction Scale (SNAS) was devel-
oped by Shahnawaz et al [12] based on Griffiths’ 6-factor
model of addictive behavior [4], aiming to assess social
media addiction across 6 core dimensions: salience, mood
modification, tolerance, withdrawal symptoms, conflict, and
relapse. The original scale consists of 21 items, rated on a
5-point Likert scale (1=strongly disagree, 5=strongly agree).
The Chinese version of the SNAS (SNAS-C) used in this
study was revised and localized by Bi et al [13] based
on the original scale. The revised SNAS-C maintains the
same structure and dimensions as the original version and
has demonstrated high reliability and validity in preliminary
studies [13].

In this study, the overall Cronbach α for the SNAS-C
was 0.958, indicating very high internal consistency. In
addition, the Cronbach α values for the low-risk and high-risk
groups of SNA were 0.957 and 0.951, respectively, further
validating the reliability of the scale across different risk
groups. Therefore, the SNAS-C is considered an effective
tool for accurately measuring and assessing the level of social
network addiction among college students. Based on the risk
classification criteria for SNA proposed by Bi et al [13], this
study categorized students with SNAS-C scores greater than
58 as the high-risk group and those with scores less than 58 as
the low-risk group.
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Adult Attention-Deficit/Hyperactivity Disorder
Self-Report Scale
The adult attention-deficit/hyperactivity disorder (ADHD)
self-report scale (ASRS), developed by the World Health
Organization (WHO), is a standardized psychometric tool
designed to assess core symptoms of ADHD in adult
populations [36]. The ASRS consists of 18 items divided into
2Ds: inattention and hyperactivityand impulsivity. Each item
is rated on a 5-point Likert scale (0=never, 4=very often),
reflecting the individual’s behavioral performance over the
past 6 months. The scale demonstrates good reliability and
validity, with internal consistency coefficients (Cronbach α)
typically exceeding 0.80 and high correlation with clinical
diagnostic outcomes [36]. Due to its brevity and ease of use,
the ASRS is widely applied in clinical screening, epidemio-
logical surveys, and individual self-assessment, serving as
an essential tool for early identification and intervention of
ADHD. This study used the Chinese version of the ASRS
[37], which has been validated for use in the Chinese
population and demonstrates good reliability and validity.
In this study, the Cronbach α for the ASRS was 0.954,
indicating high reliability of the scale in the research context.
Diagnostic and Statistical Manual of Mental
Disorders, Fifth Edition Self-Report Level 1
Cross-Cutting Symptom Measure for Adults
This study used the Diagnostic and Statistical Manual of
Mental Disorders, Fifth Edition (DSM-5) Self-Report Level
1 Cross-Cutting Symptom Measure for Adults (DSM-5
CCSM) to assess participants’ psychiatric symptoms over
the past 2 weeks [38]. The scale includes 23 items covering
13 psychopathological dimensions: depression (items 1‐3),
mania (items 4‐5), anxiety (items 6‐8), somatic symptoms
(items 9‐10), suicidal ideation (item 11), psychotic symptoms
(items 12‐13), sleep problems (item 14), memory (item 15),
obsessive-compulsive symptoms (items 16‐17), dissociative
symptoms (item 18), personality functioning (items 19‐20),
and substance use (items 21‐23). Each item is rated on a
5-point Likert scale (0=“none, not at all” to 4=“severe, nearly
every day”), reflecting the severity of symptoms experienced
by participants over the past 2 weeks. The scale has been
validated in the Chinese population, with a Cronbach α
coefficient of 0.89, indicating good internal consistency [37].
Therefore, the Chinese version of the DSM-5 CCSM was
used as a reliable tool for measuring psychiatric symptoms in
this study.
Academic Stress and Academic
Satisfaction
This study used a self-designed questionnaire to measure
academic stress and academic satisfaction [39]. Academic
stress was assessed through the question, “How much
pressure do you feel from your current academic tasks?”
using a 5-point Likert scale (1=“no pressure at all,” 5=“very
high pressure”). Academic satisfaction was assessed through
the question, “How satisfied are you with your current
academic experience?” also using a 5-point Likert scale
(1=“very dissatisfied,” 5=“very satisfied”). The measurement

method was adapted from Cohen et al’s [40] stress assess-
ment framework and Diener et al’s [41] satisfaction measure-
ment approach to ensure the validity and reliability of the
measured variables.
24-HMG Variables
This study used the Canadian 24-HMG as a reference
standard [25] . The framework of these guidelines includes
three core components: (1) PA guidelines, (2) ST guidelines,
and (3) sleep guidelines. The measurement of these varia-
bles was based on self-report questionnaires designed in our
previous studies [42-44], which comprehensively assessed
adolescents’ PA frequency, duration of each activity, daily
ST (including screen time), and self-reported sleep duration.

According to the 24-HMG standards, meeting the PA
guideline is defined as engaging in at least 60 minutes of
moderate-to-vigorous PA daily; meeting the ST guideline is
defined as having no more than 180 minutes of screen time
per day and no more than 8 hours of total ST; meeting the
sleep guideline is defined as having 7 to 9 hours of sleep per
night. The adherence to each guideline was coded as a binary
variable: meeting the guideline (following) was coded as 1,
and not meeting the guideline (not following) was coded as 0.

Based on adherence to the three guidelines, a mutually
exclusive categorical variable was further constructed to
represent the 24-HMG meeting patterns, which included the
following 8 combinations:meeting none, meeting only one
guideline (meeting PA, meeting ST, and meeting sleep),
meeting any 2 guidelines simultaneously (meeting PA+ST,
meeting PA+sleep, meeting ST+sleep), and meeting all 3
guidelines simultaneously (meeting PA+ST+sleep).
Statistical Analysis
This study used a variety of statistical methods to analyze the
data. First, independent samples t tests were used to com-
pare differences in mental health indicators between different
SNA risk groups, with effect sizes measured using Cohen d,
where 0.2 indicates a small effect, 0.5 a medium effect, and
0.8 a large effect [45]. Second, χ2 tests were conducted to
analyze the relationship between SNA risk and adherence to
the 24-hour movement guidelines, with effect sizes assessed
using Cramer V, where 0.1 indicates a small effect, 0.3 a
medium effect, and 0.5 a large effect [46].

To further explore the relationship between the 24-HMG
and SNA scores, one-way ANOVA was used, with effect
sizes measured using η² (eta squared), where 0.01 indicates
a small effect, 0.06 a medium effect, and 0.14 a large
effect [47]. Subsequently, multiple regression analysis was
used to build statistical models, controlling for confound-
ing variables such as age, gender, and academic year, to
examine the relationships between adherence to different
activity guidelines (eg, PA, sleep duration, and screen time)
and various mental health issues (eg, anxiety, depression,
and stress). The explanatory power of the regression models
was evaluated using adjusted R², and standardized regression
coefficients (β) along with their significance levels were
reported [48].
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To identify optimal lifestyle intervention strategies for
university students at high risk of SNA, a regression
prediction model was constructed using the random forest
algorithm [49]. To ensure data integrity, all features and
target variables were uniformly converted into numerical
values. A complete-case analysis was adopted to exclude
samples with missing key variables, thereby enhancing the
robustness of the results. The overall proportion of missing
data was only 0.02%, randomly distributed without system-
atic patterns. According to established statistical guidelines,
such low and random missingness is unlikely to introduce
substantial bias; thus, imputation was not performed to
avoid potential estimation bias.The dataset was randomly
divided into training and testing sets in an 80:20 ratio.
To eliminate the influence of varying feature scales, all
input variables were standardized using the standard scaler
method (mean=0, SD=1). Feature selection was conducted
solely on the training set by combining Gini importance
and mutual information to identify variables with substantial
predictive value. The random forest model was trained on
the training data, and key hyperparameters (eg, number of
trees, maximum depth, and minimum samples for split) were
optimized via 10-fold cross-validation and grid search. To
mitigate overfitting, constraints were applied to the maximum
tree depth and the number of features considered per tree.
Model performance was evaluated on the testing set using
the coefficient of determination (R²) as the primary regres-
sion metric, providing a comprehensive measure of predictive
accuracy and generalizability. The final model yielded feature
importance scores, which were visualized using a heatmap
derived from the feature importance matrix to illustrate
the contribution of each variable to risk prediction. These
findings offer both a theoretical foundation and empirical
evidence to support targeted intervention design.

All statistical analyses were performed using SPSS
(version 26.0; IBM Corp) and Python (version 3.8; Python
Software Foundation), with statistical significance defined as
P<.05.

Results
Sample Characteristics
In this study, 12,541 university student participants were
divided into a group with low-risk of SNA (n=6242) and
a group with high-risk of SNA (n=6299). The average age
of the group with low-risk of SNA was 19.80 years (SD
1.82), while the average age of the group with high-risk of

SNA was 19.48 years (SD 1.42). In terms of gender distribu-
tion, the group with low-risk of SNA consisted of 49.78%
(3107/6242) female participants and 50.22% (3135/6242)
male participants, whereas the group with high-risk of SNA
had a significantly lower proportion of female participants,
with only 39.25% (2470/6299), and 60.75% (3823/6299)
male participants.

In terms of mental health and behavioral characteristics,
the group with high-risk SNA had significantly higher scores
on the SNAS-C compared to the low-risk SNA group (mean
66.20, SD 7.34 vs mean=38.43, SD 11.89, P<.001), and also
scored significantly higher on the adultASRS and several
mental health dimensions (P<.001). The results indicated a
large effect size for the difference in SNAS-C scores (Cohen
d=−2.81), with an absolute value far exceeding the traditional
threshold for a large effect (Cohen d ≥0.80), highlighting the
excellent discriminative validity of this scale for stratifying
SNA risk.

In the medium effect size range (0.50≤d<0.80), the
group with high-risk of SNA showed clinically significant
differences in core psychopathological dimensions, such
as attention deficit symptoms (ASRS, Cohen d=−0.69),
obsessive-compulsive symptoms (Cohen d=−0.58), anxiety
(Cohen d=−0.58), and depression (Cohen d=−0.56). Notably,
academic satisfaction was the only positively correlated
indicator (Cohen d=0.58). Small effect size indicators
(0.20≤d<0.50) revealed relatively weaker but statistically
significant associations in the group with high-risk of SNA
for substance use (alcohol: Cohen d=−0.31; tobacco: Cohen
d=−0.20), sleep disorders (Cohen d=−0.50), and psychotic
symptoms (Cohen d=−0.47), with all comparisons showing
P<.001.

In addition, in terms of health behaviors, the group with
high-risk of SNA had significantly lower adherence rates to
the PA, sleep duration, and sedentary behavior guidelines
compared to the group with low-risk of SNA (P<.001).
Specifically, the adherence rate to the PA guideline in
the high-risk group was 11.97% (753/6299), significantly
lower than the 18.57% (1159/6242) in the low-risk group
(Cramer V=0.10); regarding sleep duration, the compliance
rate for the high-risk group was only 7.96% (501/6299),
much lower than the 17.11% (1068/6242) in the low-risk
group (Cramer V=0.13); and for sedentary behavior, the
percentage of participants in the low-risk group failing to
meet the guideline was 77.23% (4821/6242), higher than the
70.44% (4433/6299) in the high-risk group (Cramer V=0.10).
Detailed sample characteristics are presented in Table 1.

Table 1. Demographic, mental health, and behavioral comparisons between university students with low and high SNA risk . Categorical variables
are expressed as n (%), and continuous variables are expressed as mean (SD). For categorical variables, P values were obtained using the χ2 test;
for continuous variables between two groups, P values were obtained using the independent samples t test; and for continuous variables among three
groups, P values were obtained using one-way ANOVA.

Characteristic
Total
(n=12541） Low risk SNA (n=6242）

High risk SNA
(n=6299） P value

Cohen d
or Cramer V

Age in years, mean (SD) 19.64 (1.64） 19.80 (1.82） 19.48 (1.42） <.001 0.19
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Characteristic
Total
(n=12541） Low risk SNA (n=6242）

High risk SNA
(n=6299） P value

Cohen d
or Cramer V

Sex, n (%) <.001 0.11
  Female 6962 (55.51） 3107 (49.78） 2470 (39.25）
  Male 5579 (44.49） 3135 (50.22） 3823 (60.75）
Grade, n (%) <.001 0.08
  Freshman year 7151 (57.02） 3812 (61.07） 3339 (53.01）
  Sophomore year 4978 (39.70） 2220 (35.57） 2758 (43.75）
  Junior year 412 (3.28） 208 (3.33） 204 (3.19）
SNAS-Csa, mean (SD) 52.37 (17.03） 38.43 (11.89） 66.20 (7.34） <.001 -2.81
ASRSsb, mean (SD) 23.5 (11.47） 19.72 (11.41） 27.25 (10.25） <.001 -0.69
Substance use, mean (SD) 0.14 (0.45） 0.09 (0.36） 0.20 (0.53） <.001 -0.25
Tobacco use, mean (SD) 0.31 (0.74） 0.25 (0.69） 0.37 (0.77） <.001 -0.20
Alcohol use, mean (SD) 0.27 (0.59） 0.18 (0.50） 0.36 (0.66） <.001 -0.31
Personality, mean (SD) 1.03 (1.40） 0.66 (1.17） 1.39 (1.51） <.001 -0.55
Dissociation, mean (SD) 0.49 (0.70） 0.30 (0.58） 0.67 (0.76） <.001 -0.55
OCDc, mean (SD) 1.16 (1.39） 0.77 (1.19） 1.55 (1.47） <.001 -0.58
Memory, mean (SD) 0.63 (0.78） 0.44 (0.68） 0.83 (0.82） <.001 -0.51
Sleep disturbance, mean (SD) 0.73 (0.82） 0.53 (0.73） 0.93 (0.86） <.001 -0.50
Psychotic tendency, mean (SD) 1.11 (1.73） 0.71 (1.39） 1.50 (1.92） <.001 -0.47
Suicidal tendency, mean (SD) 0.32 (0.63） 0.20 (0.51） 0.45 (0.71） <.001 -0.40
Somatic, mean (SD) 1.27 (1.35） 0.90 (1.18） 1.63 (1.41） <.001 -0.56
Anxiety, mean (SD) 2.34 (2.06） 1.76 (1.87） 2.91 (2.08） <.001 -0.58
Mania, mean (SD) 1.6 (1.37） 1.29 (1.30） 1.89 (1.37） <.001 -0.45
Anger, mean (SD) 0.81 (0.77） 0.61 (0.70） 1.01 (0.78） <.001 -0.54
Depression, mean (SD) 1.74 (1.46） 1.34 (1.33） 2.13 (1.47） <.001 -0.56
Academic stress, mean (SD) 1.47 (0.96） 1.23 (0.97） 1.69 (0.90） <.001 -0.49
Academic satisfaction, mean (SD) 3.68 (0.89） 3.93 (0.90） 3.43 (0.80） <.001 0.58
Physical activity, n (%) <.001 0.10
  Not following 10629 (84.75） 5083 (81.43） 5540 (88.03）
  Following 1912 (15.25） 1159 (18.57） 753 (11.97）
Sleep time, n (%) <.001 0.13
  Not following 10972 (87.49） 5174 (82.89） 5792 (92.04）
  Following 1569 (12.51） 1068 (17.11） 501 (7.96）
Sedentary time, n (%) <.001 0.10
  Not following 9258 (73.82） 4821 (77.23） 4433 (70.44）
  Following 3283 (26.18） 1421 (22.77） 1860 (29.56）

aSNAS-C: Chinese version of the Social Network Addiction Scale.
bASRS: attention-deficit/hyperactivity disorder self-report scale.
cOCD: Obsessive–compulsive disorder.

Meeting to 24-HMG Guidelines
Among the 12,541 study samples （Multimedia Appendix 1),
the highest proportion of participants adhered solely to the ST
guideline, at 58.2% (7305/12541). In contrast, the proportions
of participants adhering only to the PA guideline (“Meeting
PA”) and the sleep guideline (“Meeting Sleep”) were very
low, at 3.2% (404/12541) and 3.0% (377/12541), respec-
tively. Only 1.6% (200/12541) of participants simultaneously
adhered to both the PA and sleep guidelines (“Meeting
PA+Sleep”), while 7.7% (961/12541) followed both the

PA and ST guidelines (“Meeting PA+ST”). In addition,
5.1% (645/12541) adhered to both the sleep and ST guide-
lines (“Meeting ST+Sleep”). Finally, 2.8% (347/12541) of
participants met all 3 guidelines for PA, sleep, and ST
(“Meeting PA+ST+Sleep”).
Comparison of SNAS-C Scores Among
University Students With Different
Meeting Patterns to the 24-HMG
Figure 1 and Multimedia Appendix 2 illustrate the impact of
different activity participation levels on the total SNA score
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(SNAS-C). The “Meeting None” group, which did not meet
any guidelines, had the highest average score of 57.98. As
the number of met 24-HMG guidelines increased, the SNA
scores showed a gradual decline. The average scores for the
groups meeting only the PA guideline (Meeting PA) and
only the sedentary behavior guideline (Meeting ST) were
53.07 and 52.72, respectively. The scores further decreased
for groups meeting both the PA and sedentary behavior
guidelines (Meeting PA+ST), the sleep guideline (Meeting
Sleep), and both the sleep and sedentary behavior guidelines

(Meeting Sleep+ST), with average scores of 49.68, 48.44,
and 44.75, respectively. The group meeting all 3 guidelines—
PA, sleep, and sedentary behavior (Meeting PA+Sleep+ST)—
had the lowest score.This effect size indicates that approxi-
mately 6% of the variance in SNA scores can be attributed
to differences in health behavior patterns (η²=0.06), which
is a medium effect according to Cohen's guidelines and may
be considered meaningful in behavioral science and mental
health research.

Figure 1. Impact of Different 24-HMG meeting patterns on social network addiction scores (SNAS-C).(The numbers above the bars represent the
mean value [SD]). T: physical activity; ST: sedentary time.

Mental Health Status of University
Students With Different 24-HMG Meeting
Patterns
The study results (Figure 2) revealed a significant association
between 24-HMG healthy behaviors and mental health status.
Among these, simultaneous adherence to the PA, sleep,
and sedentary behavior guidelines (Meeting PA+Sleep+ST)
demonstrated the strongest and most consistent protective
effects, particularly in improving attention deficit (ASRS),

depression, and anxiety symptoms. Adherence to both the
sleep and sedentary behavior guidelines (Meeting Sleep+ST)
and the PA and sleep guidelines (Meeting PA+Sleep)
also showed strong protective effects. Except for academic
satisfaction, which was positively correlated, all 24-HMG
healthy behaviors were negatively correlated with scores
for mental health issues among college students. Moreover,
composite behaviors (meeting multiple guidelines simulta-
neously) exhibited stronger protective effects than single
behaviors.
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Figure 2. Relationship between different 24-HMG meeting patterns and university students’ mental health. PT: physical activity; ST: sedentary time.

Prediction of the Optimal 24-HMG
Behavioral Intervention Strategies for
Different Mental Health Issues in
University Students With High-Risk of
SNA Using Random Forest
This study used a random forest regression model to
systematically analyze the relationships between seven
24-HMG healthy lifestyle combinations and 18 mental health
variables. Through feature importance ranking, the optimal
intervention strategies for each mental health issue were
identified. For each mental health variable, cross-validated
R² scores were calculated, and the feature importance of the
seven lifestyle variables was extracted and ranked, generating
a detailed report (Multimedia Appendix 3).

The analysis results (Figure 3) revealed that Meeting
Sleep+ST had high feature importance across most men-
tal health variables, particularly for mania (0.4491), sleep
disturbance (0.4032), personality (0.3924), and dissociation
(0.3832). The response of different mental health issues
to lifestyle interventions varied significantly: Meeting ST
had the most significant impact on being suicidal (0.6791)
and alcohol use (0.6597), while depressive symptoms were
influenced by multiple lifestyle factors, including meeting
sleep+ST (0.2053), meeting PA+sleep+ST (0.1650), and
meeting PA+ST (0.1634).

Notably, single lifestyle interventions (eg, meeting PA
alone or meeting sleep alone) had relatively low importance
for most mental health variables, suggesting that combined
intervention strategies (especially those involving sleep and
screen time) may be more effective than single interventions.
The cross-validated R² values for all models ranged from
0.0022 to 0.0299, indicating that 24-HMG healthy lifestyle

variables had limited explanatory power for mental health
variables but still provided some reference value.

By analyzing 4 key metrics—accuracy, precision, recall,
and F1-score (Multimedia Appendix 4)—the results revealed
significant differences in the predictive performance across
various mental health variables. The ASRS stood out with an
accuracy of 0.912, precision of 0.943, recall of 0.911, and
an F1-score of 0.927, indicating that the model performed
exceptionally well in identifying and predicting ASRS-rela-
ted issues. Substance use followed closely, with an F1-score
of 0.873 and balanced metrics (accuracy: 0.856, precision:
0.889, recall: 0.858). Mania ranked third, with an F1-score of
0.836 and other metrics at accuracy: 0.823, precision: 0.845,
and recall: 0.827, demonstrating strong predictive capabili-
ties.

Notably, the precision metric was slightly higher than
other metrics for most variables, indicating that the model
was cautious in making positive predictions and had a
low false positive rate. For example, depression achieved a
precision of 0.812, while its recall was 0.789, suggesting
that the model prioritized reliability in identifying depressive
symptoms. In contrast, some variables, such as memory and
somatic, had relatively lower metrics (F1-scores of 0.756 and
0.742, respectively), which may imply weaker associations
between these mental health issues and lifestyle factors or the
need to incorporate additional features to improve predictive
performance.

Overall, the model demonstrated high reliability in
predicting major mental health variables (eg, ASRS,
substance use, and mania), with all metrics consistently above
0.8, providing robust support for lifestyle-based mental health
risk prediction.
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Figure 3. Prediction of optimal 24-hmg guideline health behavior interventions for different mental health issues (This heatmap shows the standard
Random Forest feature importance scores; darker colors indicate higher feature importance.)

Discussion
Principal Findings
This study systematically explored the relationship between
social network addiction and mental health among college
students, revealing the significant role of healthy behaviors
meeting to the 24-HMG in reducing social network addiction
risk and improving mental health.
SNA Risk and Mental Health Issues in
College Students
The results indicate that college students at high risk of SNA
exhibit significant negative impacts on their mental health.
This finding aligns with existing literature, emphasizing that
SNA not only adversely affects academic performance and
social interactions but also poses a serious threat to mental
health. Specifically, the high-risk group scored significantly
higher on multiple mental health indicators, such as anxi-
ety, depression, and personality disorders, compared to the
low-risk group, providing strong evidence for the causal
relationship between SNA and mental health issues.

Recent studies have further validated this connection. For
example, Wang et al [50] found, in their cross-sectional
study, that students with higher SNA scores had signifi-
cantly increased mental health risks, particularly in terms
of anxiety and depressive symptoms. In addition, Smith
and Johnson [51] noted that excessive social network use
during the COVID-19 pandemic was positively correlated
with the worsening of mental health issues. These results not
only highlight the potential harms of SNA, especially during
special periods like pandemics, where social networks may
amplify psychological stress, but also suggest that environ-
mental and contextual factors of social network use should be
considered when designing intervention strategies.
Relationship Between Meeting 24-HMG
Healthy Behaviors and SNA Risk
According to the study data, the low SNA risk group
performed better in adhering to the 24-HMG than the
high-risk group, particularly in meeting the PA and sleep
guidelines. This finding aligns with existing theories and
empirical studies, indicating that a healthy lifestyle helps
reduce the risk of SNA. Conversely, the high-risk group had
lower adherence to the 24-HMG, showing that unhealthy
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behaviors such as lack of PA, insufficient sleep, and
prolonged ST are closely linked to SNA.

These findings suggest that promoting healthy behaviors
among college students, such as increasing PA, improving
sleep duration, and reducing screen time, may be effective
in reducing SNA. A study by Li et al [52] further supports
this view, finding that adherence to the 24-HMG guidelines
was significantly associated with reduced depression risk,
particularly in terms of PA and sleep. In addition, Brown et
al [53] noted that comprehensive interventions targeting ST,
sleep, and PA within the 24-HMG framework had significant
effects on improving mental health. These results indicate that
a healthy lifestyle not only helps reduce SNA risk but also
significantly enhances mental health.

Notably, simultaneous adherence to the PA, sleep,
and sedentary behavior guidelines (Meeting PA+sleep+ST)
demonstrated the strongest and most consistent protective
effects, particularly in improving attention deficit (ASRS),
depression, and anxiety symptoms. This finding underscores
the importance of comprehensive intervention strategies,
suggesting that multidimensional healthy behaviors should be
prioritized in health promotion plans.
Impact of Meeting 24-HMG Guidelines on
SNA
The study results further indicate that as the number of
healthy behaviors adhering to the 24-HMG increases, college
students’ SNA scores show a gradual decline. The “Meeting
None” group, which did not meet any health guidelines, had
the highest SNA score, while the “Meeting PA+sleep+ST”
group, which simultaneously met the PA, sleep, and sedentary
behavior guidelines, had the lowest score. This finding
supports the view that increasing participation in healthy
behaviors, especially comprehensive health behaviors (eg,
combined interventions targeting PA, sleep, and ST), can
effectively reduce social network addiction risk.

However, this result also raises deeper considerations
regarding the effectiveness of intervention strategies.
Although participation in comprehensive health behaviors
significantly reduces SNA risk, how to effectively promote
these behavioral changes in practical interventions remains a
significant challenge. Taylor et al [54] found in their study
on children and adolescents with ADHD that adherence to
the 24-HMG guidelines was significantly associated with
reduced cognitive and social difficulties, further support-
ing the effectiveness of comprehensive health behaviors in
improving mental health and reducing addiction risk. These
findings suggest that future intervention strategies should
focus on promoting the integration and implementation of
healthy behaviors across multiple dimensions.
Protective Effects of Meeting 24-HMG
Guidelines on Mental Health Issues
When exploring the relationship between 24-HMG healthy
behaviors and mental health issues, the study found that
comprehensive health behaviors (eg, simultaneously meeting
the PA, sleep, and sedentary behavior guidelines) had

significant protective effects on mental health, particularly
in alleviating anxiety and depressive symptoms. In contrast,
single health behaviors (eg, increasing PA alone or improv-
ing sleep alone) had relatively weaker effects on mitigating
mental health issues. This result suggests that in practi-
cal interventions, single-behavior interventions may not be
sufficient to produce significant mental health improvements.

Therefore, future intervention strategies should focus
on composite behavior interventions, encouraging college
students to improve multiple lifestyle habits simultaneously to
achieve better mental health protection. A study by Anderson
et al [55] demonstrated that comprehensive health behavior
interventions were highly effective in alleviating anxiety
and depressive symptoms, especially during the pandemic.
In addition, Miller et al [56] noted that comprehensive
lifestyle adjustments have long-term protective effects on
mental health. These findings further emphasize the impor-
tance of composite behavior interventions, suggesting that
multidimensional lifestyle adjustments should be considered
when designing interventions to enhance their effectiveness.
Machine Learning Analysis: Prediction of
Optimal Intervention Strategies
This study used a random forest model to analyze the
relationship between 24-HMG health behavior combinations
and various mental health issues in groups with high-risk
SNA, identifying the optimal intervention strategies for
different mental health problems. Through feature impor-
tance analysis, it was found that meeting the sleep and
ST guidelines (Meeting sleep+ST) had a significant protec-
tive effect on anxiety, personality disorders, and dissociative
symptoms, while the combination of PA and ST (Meet-
ing PA+ST) was most effective in improving depressive
symptoms. Although the explanatory power of these lifestyle
combinations for mental health in the group with high-risk of
SNA has certain limitations, they provide important evidence
for developing more personalized and targeted intervention
strategies.

In terms of translating these research findings into specific
campus interventions, policymakers and university manage-
ment should enhance cooperation to create practical and
feasible campus health policies. For example, implement-
ing mandatory screen time limits, promoting campus-wide
digital detox programs, and designing gamified exercise
incentive programs could improve students’ engagement in
and adherence to healthy behaviors. Harris et al [57] also
support the notion that comprehensive lifestyle adjustments
significantly improve mental health during the COVID-19
period, indicating that data-driven personalized intervention
strategies have strong practical application prospects.

However, while digital intervention tools such as health
apps and fitness trackers aid in monitoring and encouraging
health behaviors, they are often accompanied by increased
screen time, which may lead to negative consequences such
as SNA. Future research and practice must balance the
benefits of these digital tools with the risks of excessive
screen use. Optimizing the design of intervention tools,
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reducing passive screen time for users, and integrating offline
activities are expected to alleviate this paradox and promote
positive shifts toward a healthier lifestyle.
Strengths and Limitations of the Study
The strength of this study lies in its comprehensive and
multidimensional analytical approach. First, the large and
representative sample (n=12,541) significantly enhances the
external validity and generalizability of the study’s findings.
Second, an interdisciplinary approach combining psychology,
public health, and machine learning techniques facilitated a
systematic exploration of the complex relationships between
health behaviors and mental health issues. Specifically, the
use of a random forest model effectively addressed nonlinear
relationships and innovatively enabled personalized interven-
tion predictions based on machine learning, providing precise
intervention strategies for different mental health issues.
Furthermore, by integrating the 24-HMG health behavior
standards, this study constructed a scientifically systematic
research framework, deepening the understanding of the
relationship between health behaviors and SNA, and laying
a solid empirical foundation for future customized interven-
tions.

Although this study holds significant theoretical and
practical implications in revealing the relationship between
SNA, mental health, and relevant intervention strategies,
several limitations must be considered when interpreting the
results. First, the cross-sectional design limits the ability to
make clear causal inferences. Future research should adopt
longitudinal or experimental designs to explore the dynamic
causal mechanisms between SNA and mental health. Second,
while this study controlled for variables such as age, gender,
and academic year, it did not fully account for potential
influencing factors such as personality traits, family back-
ground, and internet usage patterns. Future studies incorporat-
ing multivariate regression analyses with additional covariates
would enhance the robustness of causal inferences. Third,
all measurements were based on self-reported data, which
may be influenced by social desirability bias and recall bias,
potentially affecting measurement accuracy and the reliability
of the conclusions. Future studies should consider combining
objective behavioral measurement tools (eg, PA accelerom-
eters, screen usage logs) to improve data objectivity and
research validity, or use actual intervention testing, such as
randomized controlled trials, to verify the effectiveness and
feasibility of intervention strategies.

Moreover, the sample in this study was primarily drawn
from universities in Guizhou Province, China. Although
participants were from 12 different provinces, the cultural
background, educational policies, and school management
practices in the region may influence students’ lifestyle
and behavior patterns, which may limit the generalizability
of the study’s conclusions. While this study explored the
combined effects of various health behaviors such as PA,
sedentary behavior, and sleep on SNA, it did not sufficiently
analyze the moderating effects of social environmental factors
such as cultural background and socioeconomic status, nor
did it adequately consider comorbid factors (eg, substance
abuse and other psychological disorders) that may influence
the results. Future research should integrate these factors’
interactions to gain a more comprehensive understanding of
the causes of SNA and its intervention mechanisms.

Finally, since this study focused on Chinese university
students, the applicability of the findings across different
cultural contexts should be interpreted with caution, given
differences in digital usage habits, sleep patterns, and PA
levels. Future research targeting Western university student
populations will help validate the generalizability of this
study and further refine intervention program designs tailored
to different cultural backgrounds.
Conclusion
This study found that university students with high-risk
of SNA had significantly higher scores on mental health
indicators such as anxiety, depression, and personality
disorders compared to students with low-risk, highlighting
the serious threat that SNA poses to mental health. The
study further revealed that university students who met the
24-HMG health behavior guidelines had significantly better
mental health compared to those who did not meet the
guidelines, with students who simultaneously adhered to the
PA, sleep, and ST guidelines showing stronger effects in
alleviating anxiety and depression. Random forest analysis
identified the optimal behavioral combinations for differ-
ent mental health issues, emphasizing the importance of
comprehensive intervention strategies.

Although this study provides important theoretical and
practical insights, there are some limitations. Given the
differences in digital usage habits, sleep patterns, and PA
levels across various cultural contexts, the cross-cultural
applicability of the study’s results should be interpreted with
caution.
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