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Abstract

Background: Adolescent depression is an increasing
public health concern, with excessive screen time elevating
depression risk and activity interests providing protection.
However, most studies examine these behaviors separately
and rely on limited analytical methods. This study used
machine learning (ML) to develop a predictive model and
evaluate the combined influence of screen time and activity
interests on adolescent mental health.

Methods: A multi-center survey was conducted
among adolescents aged 10-14 years in Chongchuan Dis-
trict, Nantong. Depression-related domains were assessed
using the Child and Adolescent Mental Health Screening
Questionnaire, integrating seven validated scales. A two-
stage feature-selection strategy identified 11 key predictors.
Three ML models (logistic regression [LR], extreme gra-
dient boosting [XGBoost], and categorical boosting [Cat-
Boost]) were trained with an 80:20 stratified split. Class
imbalance was addressed using synthetic minority over-
sampling technique and class-weighting. Model perfor-
mance and interpretability were evaluated using receiver
operating characteristic (ROC) and calibration curves, par-
tial dependence plots, and shapley additive explanations
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(SHAP) analyses.

Results: A total of 2202 valid questionnaires were
analyzed. The distribution of depression severity was as
follows: safe 59%, mild 17%, moderate 11%, and severe
13%. The integrated questionnaire demonstrated strong re-
liability (Cronbach’s o = 0.910) and good construct valid-
ity (Kaiser—Meyer—Olkin [KMO] = 0.91; root mean square
error of approximation [RMSEA] = 0.049; and compara-
tive fit index [CFI] = 0.859). ROC-Youden analysis con-
firmed expert-defined cutoffs (29, 32, and 35). Feature se-
lection identified 11 key predictors, with activity interest
and psychological functioning consistently ranking highest
in importance. Across the three ML models, LR exhibited
the best generalizability, XGBoost showed overfitting, and
CatBoost achieved balanced performance. SHAP and par-
tial dependence analyses revealed nonlinear screen-time ef-
fects and dose-dependent protective effects of activity in-
terest, including the moderation of high screen exposure in
severe-risk groups.

Conclusions: This study suggests that ML models can
be used to screen adolescents at risk of depression by cap-
turing the combined influence of screen time and activity
interests. The model is intended for screening rather than
diagnosis and may support school-based early identifica-
tion, and further validation in clinical contexts is needed.
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Introduction

Depression is a prevalent global mental health dis-
order that profoundly affects emotional, cognitive, behav-
ioral, and physiological functioning. According to a 2023
report from the World Health Organization [1], depression
affects approximately 3.8% of the global population and
contributes to nearly 700,000 suicide deaths each year. Re-
cent data from China’s National Health Commission (2024)
[2] estimate a 2% prevalence among adolescents, accom-
panied by marked impairments in social functioning, aca-
demic performance, and overall quality of life. In the diag-
nostic and statistical manual of mental disorders, fifth edi-
tion (DSM-5), depression is characterized by persistent low
mood and anhedonia, often accompanied by impaired con-
centration, sleep disturbances, hopelessness, and reduced
self-worth.

Growing evidence supports the involvement of impor-
tant neurobiological mechanisms in the association between
modern behaviors and depression [3]. Disruptions in circa-
dian rhythms and melatonin secretion, often exacerbated by
blue-light (BL) exposure from digital screens, are strongly
associated with sleep disturbances, a core symptom of de-
pression. Screen-emitted BL delays melatonin release, pro-
longs sleep latency, reduces REM sleep, and decreases
morning alertness, creating a maladaptive sleep-wake cy-
cle that may heighten vulnerability to depressive symptoms
[4,5]. Additionally, chronic stimulation of the reward sys-
tem by digital media can dysregulate dopamine pathways,
contributing to anhedonia by impairing the brain’s ability to
process pleasure [6].

Therefore, screen time has emerged as a key behav-
ioral factor in adolescent mental health research. Przybyl-
ski and Weinstein [7] demonstrated that more than 2 hours
of daily screen exposure significantly reduces psychologi-
cal adaptability in adolescents. Twenge ef al. [8] further
linked excessive social media use to increased depression
risk, especially among girls. A synthesis of 35 longitudinal
studies suggested that higher screen time in young people
(aged 10-24 years) is associated with subsequent depres-
sive symptoms, although the effect size was small [9]. Pre-
sleep screen use [10] appears particularly detrimental, as it
disrupts circadian rhythms and further impairs sleep quality
[11], heightening depression risk.

Conversely, activity interests, including physical,
artistic, and social activities, serve as protective psycholog-
ical resources [12]. The study of Fredricks and Eccles [13]
reported that adolescents with greater activity engagement
exhibit better emotional well-being, greater self-efficacy,
stronger social connectedness, and enhanced resilience. In

contrast, lack of interest or displacement by excessive enter-
tainment media [3] (e.g., short video and gaming) increases
social withdrawal and negative affect, elevating depression
vulnerability.

Despite extensive research on screen time and activity
interests, current studies have four key limitations: (1) most
examine these factors independently, overlooking their po-
tential interaction; (2) traditional statistical approaches of-
ten fail to capture the nonlinear, multidimensional nature
of these behaviors; (3) existing assessments rely on static
questionnaire scores without dynamic predictive capacity;
and (4) there is a paucity of evidence specific to Chinese
adolescents, a population with distinct cultural and devel-
opmental digital habits.

By modeling nonlinear patterns and integrating com-
plex behavioral features, machine learning (ML) [14] pro-
vides a promising methodological solution to these chal-
lenges. Prior studies, such as those by Razavi ef al. [15],
Randhavane et al. [16], and Jacobson et al. [17], demon-
strate the effectiveness of ML in identifying risk markers
using mobile metadata, affective emotional signals, and
passive sensing data, behavioral indicators, and wearable
sensors, offering a foundation for intelligent and personal-
ized mental health assessment.

This study applied ML techniques to a large, school-
based Chinese adolescent cohort to address the above re-
search gaps. By integrating detailed screen use behav-
iors and activity interests, the study aimed to (1) develop
a multi-level depression risk classification model, (2) in-
vestigate associations between screen exposure and activ-
ity engagement, and (3) establish a practical, scalable risk
prediction tool suitable for early intervention in school set-
tings. These techniques may enable more precise risk detec-
tion and inform tailored prevention strategies for adolescent
depression.

Materials and Methods
Determination of Study Subjects

This study was conducted as part of the Mental
Health Promotion Project for Children and Adolescents
in Chongchuan District and utilized data from the 2024
Nantong Adolescent Mental Health Cohort, a longitudi-
nal school-based study. The study was approved by the
Medical Ethics Committee of the Fourth People’s Hospi-
tal of Nantong City, China (ethics approval number: 2022-
k041). The present analysis included primary and junior
high school students aged 10-14 years. A stratified clus-
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ter sampling method was employed. Two primary and two
junior high schools were randomly selected (each having
more than 10 classes per grade) from the 60 primary and
junior high schools in the district. Within each selected
school, five classes per grade (grades 4-9) were randomly
sampled, and all students in these classes were invited to
participate. This sampling strategy ensured representative
coverage across educational stages and school types.

Inclusion Criteria

The inclusion criteria were as follows. (1) Age strat-
ification: Participants were required to be 10-14 years old
(corresponding to early to mid-pubertal stages) to ensure
developmental homogeneity. (2) Assessment competency:
Participants needed to meet both of the following condi-
tions: (i) ability to independently comprehend and com-
plete Chinese-language questionnaires, and (ii) possess no
clinically significant language, cognitive or developmental
impairments that might compromise response validity.

Exclusion Criteria

The exclusion criteria were as follows. (1) History
of severe mental illness: Participants with professionally
diagnosed psychotic disorders (e.g., schizophrenia spec-
trum disorders or bipolar disorder) were excluded. (2) Re-
cent major traumatic events: Participants who had experi-
enced major life stressors within the past month (e.g., be-
reavement or serious accidents) were excluded. (3) Poor
questionnaire quality: Questionnaires were excluded if they
contained: (i) >20% missing data, or (ii) clear logical in-
consistencies (e.g., reporting “>2 hours daily video view-
ing” together with “no screen time”). (4) Severe physi-
cal illness: Participants with significant somatic conditions
(e.g., active malignancies or epilepsy) that could confound
mental health assessments were excluded.

Development of the Child and Adolescent Mental Health
Screening Questionnaire

The study employed the Child and Adolescent Men-
tal Health Screening Questionnaire, developed by Nan-
tong Mental Health Center NMHC), as a multidimensional
tool for assessing psychological and environmental fac-
tors related to adolescent depression. This instrument in-
corporates constructs from seven validated psychological
scales: the Patient Health Questionnaire-9 (PHQ-9; depres-
sion symptoms), the 13-item Beck Depression Inventory
(BDI-13; cognitive-affective symptoms), Egna Minnen Be-
triffande Uppfostran (EMBU; parenting styles), the Mid-

dle School Students Mental Health Scale (MSSMHS; gen-
eral mental health), the Social Avoidance and Distress Scale
(SADS; social avoidance and distress), the Pittsburgh Sleep
Quality Index (PSQI; sleep quality), and the Internet Addic-
tion Disorder Diagnostic Scale (IADDS; problematic inter-
net use). The instrument was culturally adapted to a Chi-
nese adolescent context while preserving the psychometric
properties of the original instruments (Supplementary Ma-
terial 1).

Items were selected based on theoretical relevance to
harmonize these heterogeneous sources, converted to a uni-
fied 4-point Likert format, and reorganized into four func-
tional subdomains: Depression Index, Stressful Events,
Screen Use, and Sleep Status. The PHQ-9 and the BDI-
13 contributed depressive and cognitive-affective symp-
toms (9 and 13 items; a =~ 0.80-0.89 and >0.85). The
EMBU, MSSMHS, and SADS provided indicators of par-
enting styles, psychological strain, and social adaptation
(scores of 1-4; a = 0.70-0.90). Sleep and behavioral reg-
ulation were assessed using the PSQI (19 items, scores of
0-21; a =~ 0.70-0.83) and the IADDS (=20 items; o =~
0.80-0.88).

After standardization, 43 items were retained for the
final instrument. Psychometric testing showed excellent in-
ternal consistency (Cronbach’s a = 0.910), strong split-half
reliability (Guttman = 0.865), and good structural valid-
ity (Kaiser—Meyer—Olkin [KMO] = 0.91, root mean square
error of approximation [RMSEA] = 0.049, and compara-
tive fit index [CFI] = 0.859), confirming that the integrated
questionnaire provides a concise and reliable multidimen-
sional measure of child and adolescent mental health.

Item Selection and Construction of the 43-Item Core
Questionnaire

The seven original scales contained more than 180
items. A three-stage item-selection procedure integrating
theory-driven and data-driven criteria was applied to con-
struct a concise and psychometrically coherent screening
tool.

Stage 1: Theory-guided initial screening. All items
were categorized into four conceptual domains informed by
conceptual frameworks of adolescent depression, diagnos-
tic criteria from the International Classification of Diseases,
11th Revision (ICD-11) and the Diagnostic and Statistical
Manual of Mental Disorders, Fifth Edition (DSM-5), and
constructs commonly used in school-based mental-health
screening: Depression Index (emotional, cognitive, moti-
vational, and somatic symptoms), Stressful Events (family,

502 Actas Esp Psiquiatr 2026;54(2):500-515. https://doi.org/10.62641/aep.v54i2.2068 | ISSN:1578-2735
© 2026 The Author(s). This is an open access article under the CC BY 4.0 license.


https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/

Yunjie Jiang, et al.

Impact of the Interaction Between Screen Time and Activity Interests on Adolescent Depression Risk: Con-

struction of a Predictive Model Based on Machine Learning

peer, school, and environmental stressors), Screen Use, and
Sleep Status. Items unrelated to these constructs were ex-
cluded, resulting in 84 items.

Stage 2: Psychometric reduction. Exploratory and
confirmatory factor analyses, item-total correlations, and
redundancy checks were conducted. Items were removed
if they exhibited factor loadings of <0.40, cross-loadings
of >0.30, or item-total correlations of <0.30. The best-
performing item within sets of highly similar items was re-
tained. This step reduced the pool to 56 items.

Stage 3: Predictive-utility-oriented refinement. Items
were further evaluated to ensure suitability for subsequent
predictive modeling using (1) correlation with depressive-
symptom severity (|p| > 0.13), (2) model-based feature
importance (>1%), and (3) multicollinearity control (r <
0.75). The final set consisted of 43 core items retained
across the four conceptual domains.

The resulting instrument demonstrated strong psycho-
metric performance, including excellent internal consis-
tency (Cronbach’s a = 0.910), good factor structure (RM-
SEA = 0.049 and CFI = 0.859), and adequate subdomain
coherence, supporting its use as a concise and multidimen-
sional screening tool for child and adolescent mental health.

Purpose, Structure, and Assessment Domains

The final questionnaire consisted of 50 items, includ-
ing baseline demographic questions and 43 core items as-
sessing four key domains associated with depression risk:
Depression Index: emotional state, cognitive symptoms,
motivation, vitality, and psychophysiological responses;
Stressful Events: family, school, peer, and environmen-
tal stressors experienced in daily life; Screen Use Behav-
iors: duration and patterns of exposure to different types of
electronic screens; and Sleep Status: sleep timing, latency,
quality, and daytime functioning.

Recall bias was minimized by having the partic-
ipants report behaviors for the past week, with morn-
ing/afternoon/evening time periods specified to improve ac-
curacy.

Scoring System and Standardization

All items were scored on a 4-point Likert scale. Pos-
itively keyed (protective) items were reverse-coded so that
higher scores uniformly indicated greater psychological or
behavioral risk. The instrument was organized into four
dimensions based on item attributes, with the following

scoring rules: Depression Index (Q8-Q20): Q8—Q16 and
Q20 scored normally; Q17—Q19 reverse-coded. Stress-
ful Events (Q21-Q34): Higher frequency or impact cor-
responds to higher scores. Screen Use (Q39-Q43): This
dimension was scored according to daily screen exposure
duration. Sleep Status (Q45—Q50): Higher scores indicate
poorer sleep quality and greater rhythm disruption. Be-
cause the dimensions differed in item counts, raw scores
were standardized using Z-score normalization:

Score-Mean
SD ’

where Mean and SD were derived from the training set to
avoid information leakage. Standardized dimension scores
were used in model training and feature selection.

For outcome labeling (risk stratification), we used the
raw Depression Index total score (Q8—Q20) as the labeling
variable. The term x;€ {1,2,3,4} denotes the response to
item . For reverse-coded items, x’ ;= 5-x;; otherwise, x’; =
xj. The Depression Index total score was calculated as

Q20
S:Z‘ anzy.

j=

Given 13 items, the theoretical range of S is 13-52
(range observed in this dataset: 13—45). Z-score standard-
ization was applied only to predictor (subscale) scores for
model training and feature selection, using mean and SD es-
timated from the training set to avoid information leakage.

Total Score and Interpretation of Risk Levels

Psychiatric experts at NMHC used empirical score
distributions and ICD-11 diagnostic references to estab-
lish a four-level risk stratification framework: level 0
(safe): 13.0-28.9, indicating no clinically relevant depres-
sive symptoms; level 1 (mild risk): 29.0-31.9, suggest-
ing mood fluctuations or mild sleep/eating disturbances;
level 2 (moderate risk): 32.0-34.9, reflecting persistent
negative emotions lasting >2 weeks; and level 3 (severe
risk): 35.0-52.0 (theoretical); 35.0-45.0 observed in this
dataset, indicating pronounced depressive symptoms war-
ranting psychological or medical evaluation. This classi-
fication provides clear and operationalized criteria for pre-
dictive modeling, school-based screening, and tailored in-
tervention strategies.
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Risk Stratification Logic

A four-level depression risk framework was con-
structed using raw Depression Index total scores (Q8—
Q20) as the labeling variable. The cutoffs (29, 32, and
35) were initially defined by psychiatric experts based on
ICD-11/DSM-5 diagnostic guidelines, empirical score dis-
tributions, and clinical patterns observed in adolescent co-
horts. These expert-defined thresholds were further eval-
uated using receiver operating characteristic (ROC) curves
and Youden index (YI) optimization, which confirmed their
discriminative validity. As adolescent depressive risk re-
flects interacting emotional, behavioral, and environmental
factors, the Depression Index total score provides a clini-
cally coherent basis for stratification.

Model Construction

Utilizing school-based survey data, we employed ML
approaches to develop a graded depression risk prediction
model. The analytical pipeline comprised the following:
(1) data collection, (2) preprocessing, (3) feature engineer-
ing, (4) predictive modeling, and (5) comparative evalua-
tion.

Data preprocessing: Following the rigorous applica-
tion of the inclusion and exclusion criteria, 2202 valid cases
remained for analysis (94.5% retention).

Training and testing sets: The dataset was randomly
partitioned into training (80%) and testing (20%) subsets.
The training set was used for model development and five-
fold cross-validation, while the testing set served as an ex-
ternal hold-out dataset for evaluating generalization perfor-
mance.

Feature selection: A two-stage feature selection
framework was implemented, combining hypothesis-
driven selection with data-driven statistical filtering to iden-
tify the most informative predictors.

Model construction: Three ML algorithms, logistic re-
gression (LR), XGBoost, and CatBoost, were trained and
evaluated. Model performance was assessed using ROC
analysis and corresponding performance metrics.

Class Imbalance Handling

Two strategies were used during model training to ad-
dress the imbalance across the four severity categories (safe
59%, mild 17%, moderate 11%, and severe 13%). Synthetic
minority over-sampling technique was used to increase the

representation of minority classes (levels 1-3) within the
training set, and class-weight adjustment was used in LR,
XGBoost, and CatBoost to reduce bias toward the major-
ity class. All balancing methods were applied exclusively
to the training set, while the original distribution was main-
tained in the test set to avoid information leakage.

Model Evaluation

Calibration curves, partial dependence plots, and
SHAP value visualizations were generated to assess per-
formance, analyze feature effects, and evaluate the relia-
bility of probability estimates. Five-fold cross-validation
performed on the training set showed that LR exhibited the
lowest performance variance and the smallest train-test dis-
crepancy among the three models, supporting its superior
generalizability.

Statistical Analysis

Descriptive statistics were used to summarize demo-
graphic characteristics and questionnaire responses. Group
differences across the four depression risk levels were ex-
amined using chi-square tests for categorical variables and
one-way analysis of variance (ANOVA) for continuous
variables. Reliability was assessed using Cronbach’s «
and the Guttman split-half coefficient. Construct validity
was examined using the KMO statistic and Bartlett’s test of
sphericity, followed by confirmatory factor analysis (CFA)
to evaluate the four-factor structure. Model fit was assessed
using the RMSEA, p-close (PCLOSE), the CFI, and related
indices. Spearman correlations were computed between all
variables and the depression index; variables with |p| >
0.13 were retained for subsequent modeling [18,19]. Two-
tailed p-values of <0.05 were used for chi-square tests,
one-way ANOVA, Bartlett’s test of sphericity, and Spear-
man correlation analyses. A correlation heatmap was gen-
erated to visualize associations between psychological, be-
havioral, and environmental variables. Cutoff values were
examined using ROC curve analysis to establish a statis-
tically robust basis for the four-level depression risk strat-
ification. The 0-3 levels were reformulated into clinically
meaningful binary comparisons (e.g., at risk vs. not at risk),
and optimal thresholds were identified using the Y1. All sta-
tistical analyses were two-tailed, with p < 0.05 considered
statistically significant.
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Results
Basic Content of the Questionnaire

A total of 2331 questionnaires were collected, of
which 2202 valid responses were retained after conduct-
ing quality control (94.5% retention rate). The participants
were classified into four categories based on depression
severity scores: safe (59%), mild (17%), moderate (11%),
and severe (13%). Significant differences in mental health
scores were observed across screen-based activities and ac-
tivity interests (all p < 0.01; Table 1).

Questionnaire Reliability and Validity Analysis

Given that the instrument integrated items derived
from seven established psychological scales, we first con-
ducted a comprehensive psychometric assessment at the
integrated scale level to ensure measurement quality af-
ter reconstruction. Reliability analysis demonstrated excel-
lent internal consistency for the full scale (Cronbach’s a =
0.910) and strong split-half reliability (Guttman coefficient
= 0.865), indicating high stability and coherence among the
integrated items.

Construct validity was evaluated using the KMO mea-
sure and Bartlett’s test of sphericity. The integrated ques-
tionnaire yielded a KMO value of 0.91, and Bartlett’s test
reached statistical significance (p < 0.001), confirming ad-
equate sampling and strong inter-item correlations suitable
for factor-structure analysis. The CFA results indicated
good overall model fit, with an RMSEA of 0.049 (PCLOSE
= 0.729) and an acceptable incremental fit index (CFI =
0.859). Because the integrated questionnaire combines
items from multiple heterogeneous scales, slightly lower
incremental fit indices, such as CFI, are expected in recon-
structed multidimensional instruments.

The ROC-YI analysis produced optimal thresholds
that closely matched the expert-defined cutoff values of 29,
32, and 35, confirming the statistical consistency and dis-
criminative validity of the four-level classification frame-
work. Collectively, these results demonstrate that the inte-
grated scale possesses solid internal consistency and strong
structural validity. All items were standardized to a uni-
fied 4-point Likert format to ensure compatibility across
the original scales, and score directions were harmonized
through reverse-coding when required. Dimension scores
and the total score were calculated by summing standard-
ized item scores within their respective domains. This scor-
ing strategy ensured consistency across the integrated di-
mensions and preserved comparability among items with

different original scoring schemes.

Data Feature Selection Strategy

We implemented a dual-phase feature selection proto-
col to identify optimal predictor combinations and develop
a clinically robust depression risk prediction framework.

Theory-driven selection: Building upon established
adolescent mental health research, we systematically iden-
tified six core behavioral domains, including (1) screen-
based activities and (2) interest-driven activities.

Data-driven selection: We computed Pearson’s cor-
relation coefficients (p) between remaining features and
depression severity scores. Features exceeding the |p| >
0.13 threshold were retained based on effect size magni-
tude. This procedure yielded clinically relevant predictors,
including psychological symptoms and social function-
ing measures. The resulting multilevel predictive frame-
work fully aligned with the variables listed in Supplemen-
tary Table 1. The behavioral layer consisted of six fea-
tures, watching TV, playing games, daily chatting, learning,
scrolling video apps, and activity interest, capturing adoles-
cents’ screen-related behaviors and engagement in interest-
based activities. The psychological layer consisted of five
features: relationships with teachers, concentration, stress
levels, perceived family evaluation, and worry about the fu-
ture, reflecting core emotional, cognitive, and social func-
tioning attributes.

Together, these predictors form a coherent behavior-
psychology dual-layer feature framework, offering a mech-
anistic perspective on how screen use patterns and activity
participation contribute to adolescent depression risk. The
operational definitions of these variables are provided in
Supplementary Table 1. Both the correlation matrix and
the random forest feature-importance ranking further sup-
ported this feature-selection framework, consistently high-
lighting activity interest (importance weight = 22.5%) and
psychological-function features (e.g., psychological status,
18.3%) as the primary predictors (Fig. 1).

Model Construction

Given the multifactorial nature of adolescent depres-
sion risk prediction, we employed three distinct ML ap-
proaches for systematic comparison, ranging from inter-
pretable linear models to advanced ensemble methods, to
optimally balance predictive performance with clinical in-
terpretability.
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Table 1. Basic information on survey participants.

Depression risk level

Survey item p-value
Safe (n=1299)  Mild depression (n = Moderate depression Severe depression
380) risk (n = 237) risk (n = 286)
Sex, n (%) 0.058
Male 733 (56.4) 185 (48.7) 128 (54.0) 151 (52.8)
Female 566 (43.6) 195 (51.3) 109 (46.0) 135 (47.2)
Age (y) mean (SD) 12.24 (0.64) 12.24 (0.64) 12.25 (0.63) 12.35 (0.65) 0.446
Watching TV per day, n% <0.01
<0.5h 824 (63.4) 213 (56.1) 111 (46.8) 149 (52.1)
0.5-1h 357 (27.5) 116 (30.5) 87 (36.7) 73 (25.5)
12h 94 (7.2) 41 (10.8) 31 (13.1) 39 (13.6)
>2h 24 (1.8) 10 (2.6) 8 (3.4) 25(8.7)
Playing games per day, n% <0.01
<0.5h 1005 (77.4) 239 (62.9) 135 (57.0) 168 (58.7)
0.5-1h 198 (15.2) 95 (25.0) 61(25.7) 67 (23.4)
1-2h 63 (4.8) 36 (9.5) 28 (11.8) 32(11.2)
>2h 33(2.5) 10 (2.6) 13 (5.5) 19 (6.6)
Daily chatting, n% <0.01
<0.5h 1113 (85.7) 295 (77.6) 162 (68.4) 211 (74.2)
0.5-1h 142 (10.9) 65 (17.1) 54 (22.8) 48 (16.8)
1-2h 33(2.5) 14 (3.7) 15 (6.3) 15 (5.3)
>2h 11(0.8) 6 (1.6) 6(2.5) 11 (3.8)
Learning, per day, n% <0.01
<0.5h 907 (69.8) 234 (61.8) 125 (52.7) 169 (59.1)
0.5-1h 274 (21.1) 89 (23.4) 68 (28.7) 73 (25.5)
1-2h 85 (6.6) 43 (11.3) 31(13.1) 30 (10.5)
>2h 33(2.5) 13 (3.4) 13 (5.5) 14 (4.9)
Scrolling video apps, per day, n% <0.01
<0.5h 1025 (78.9) 246 (64.7) 132 (55.7) 163 (57.0)
0.5-1h 179 (13.8) 86 (22.4) 75 (31.6) 64 (22.7)
1-2h 67(5.2) 32 (8.4) 19 (8.0) 31(10.8)
>2h 28 (2.2) 16 (4.2) 11 (4.6) 27 (9.4)
Activity interest, n (%) <0.01
Extreme 228 (17.6) 99 (26.1) 70 (29.5) 108 (37.8)
Some 523 (40.2) 168 (44.5) 101 (42.6) 102 (35.7)
Occasional 392 (30.3) 79 (20.8) 40 (16.9) 57 (19.9)
None 156 (12.0) 33(8.7) 26 (11.0) 19 (6.6)
Construction of the Three Models rectional effects: positive coefficients (e.g., play game) in-
dicate increased risk, and negative coefficients (e.g., activ-
Rigorous feature selection identified 11 clinically rel- ity diversity) indicate reduced risk.
evant predictors as model inputs. LR, XGBoost, and Cat-
Boost were then implemented to allow a comparative anal- L2 regularization was applied to mitigate overfitting.
ysis of algorithmic performance in predicting clinical risk. This parsimonious model provided a stable baseline for

comparing more complex models. XGBoost achieved the

highest training accuracy but displayed a clear train-test

LR Model performance gap indicative of overfitting (Fig. 2). Cat-
Boost showed balanced performance across several met-

The LR model applies a sigmoidal transformation to  rics, whereas LR maintained a more consistent performance

linear combinations of predictors, yielding interpretable  between the training and test sets. Importantly, LR also ex-
probabilities in which coefficient signs directly reflect di-
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Fig. 1. Feature-target association and importance visualization. (a) Correlation heatmap depicting feature-target associations (color

intensity indicates correlation strength). (b) Random forest—derived feature importance rankings, highlighting activity engagement and

psychological functioning as dominant predictors. In this figure, “Level” denotes the severity categories of depressive/anxiety symptoms.

hibited the smallest discrepancy across the five-fold cross-
validation, further supporting its superior generalizability
and robustness.

CatBoost Model

The assessment instruments included several categor-
ical and ordinal variables (e.g., activity engagement levels
and psychological symptom scores). Traditional models re-
quire these variables to be converted through one-hot en-
coding. CatBoost’s processes categorical and ordinal data
directly using its ordered boosting strategy, allowing these
measures to be processed without losing their original struc-
ture. This approach helps preserves hierarchical relation-
ships within psychological constructs.

XGBoost Model

XGBoost uses an iterative residual-based learning
process that can capture nonlinear relationships between
predictors. This capability is useful for identifying complex
risk patterns, such as the combined effect of high screen
exposure and low activity engagement, which are often
missed by linear models.
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Feature Engineering and Data Standardization

Given substantial feature scale variation (e.g., hourly
screen time vs. 4-point Likert-scale psychological mea-
sures), we standardized all features using z-scoring by
transforming them to an N (0, 1) distribution. This normal-
ization enhances convergence in gradient-based algorithms
(e.g., LR) while enabling comparable feature importance
metrics (e.g., SHAP values) across variables. Both Cat-
Boost and LR maintained well-calibrated probability pre-
dictions, as evidenced by their close approximation to the
ideal calibration curve (Fig. 3).

We employed an 80:20 train-test split with strati-
fied sampling preserving original risk-level distributions for
data partitioning. Standardization parameters were derived
exclusively from the training set. They were then applied
to the test data to prevent data leakage.

Model Evaluation and Analysis

This study systematically examined the predictive pat-
terns of screen time and activity interest in adolescent de-
pression risk using SHAP value interpretation, partial de-
pendence analysis, and comparative modeling approaches.
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Integrated Multi-model Evaluation Framework: Performance Benchmarking, Metric Visualization and Probebility Calibration
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Test Set Performance
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Fig. 2. Performance and calibration of three depression risk prediction models. (a) Training and test results. XGBoost achieved
the highest test accuracy (0.918), CatBoost obtained the highest recall (0.915), and LR showed the smallest train—test discrepancy. (b)
Multidimensional comparison of model performance. XGBoost showed balanced indicators, while LR showed greater variability. (c)

Calibration curves. XGBoost was closest to the ideal reference line. CatBoost tended to underestimate probabilities near the 0.5 threshold.

XGBoost, extreme gradient boosting; CatBoost, categorical boosting.

ROC curves were used to compare the performance of the
three models in the four-class classification task (Fig. 3).
LR displayed the highest area under the curve (AUC) for
categories 0 and 3, demonstrating its precision in identify-
ing extreme states.

Direct Effect of Screen Time on Depression Risk Levels

SHAP analysis revealed nonlinear associations be-
tween screen-related behaviors and depression risk levels.
Watching TV, playing games, scrolling video apps, daily
chatting, and learning consistently exhibited positive SHAP
values, indicating positive associations with elevated de-
pression risk. Playing games and watching TV showed
particularly strong effects in the high-risk category (cate-
gory 3). Partial dependence analysis uncovered differen-
tial risk patterns. Screen time exhibited varying risk as-
sociations across activities. Nonlinear predictive relation-
ships were found between specific screen behaviors and
graded depression risk levels (Fig. 4). Moderate TV watch-
ing demonstrated protective associations in low-risk indi-
viduals (category 0). In contrast, excessive game playing
and scrolling video apps beyond optimal thresholds showed

dose-dependent risk elevation. Notably, both insufficient
and excessive game playing exhibited U-shaped associa-
tions with high-risk depression.

The beeswarm plot visualization corroborated these
nonlinear patterns. It showed risk-level-dependent varia-
tions in feature effects, with feature value magnitudes di-
rectly modulating their directional influence on risk predic-
tion. The partial dependence analysis showed nonlinear re-
lationships between specific screen behaviors and graded
depression risk (Fig. 4). It also highlighted critical transi-
tion thresholds during excessive usage.

Relationship Between Activity Interest and Different
Depression Risk Levels

SHAP value rankings revealed activity interest as a
consistently top-ranked feature, particularly for extreme-
risk classifications (categories 0 and 3). Partial depen-
dence analysis identified an inverted U-shaped relation-
ship. While moderate activity engagement optimally re-
duced risk, both excessive participation and its complete ab-
sence decreased its protective benefits. This indicated dose-
dependent protective effects of activity engagement. In
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high-risk individuals (category 3), activity interest moder-
ated the adverse effects of screen time, potentially through
emotion regulation and social support enhancement. Fig. 5
presents a beeswarm plot quantifying both directionality
and magnitude of feature contributions to model predic-
tions. The results confirmed the dominant predictive im-
portance of activity engagement and psychological factors.

Interaction Mechanism Between Screen Time and Activity
Interest

Model comparisons revealed a clear competition be-
tween screen time and activity engagement. Increased

screen use consistently displaced opportunities for interest-
based activities. This effect was most evident in moderate-
and high-risk individuals. Conversely, limited screen expo-
sure coupled with diversified activity participation was as-
sociated with stable low-risk profiles. Partial dependence
analysis confirmed this behavioral divergence. The mod-
els showed strong predictive validity for these interactions
(F1 >0.78; maximum AUC = 0.98). Fig. 6 displays the
ranked SHAP values across risk categories, demonstrating
category-specific variation and the model’s capacity for dif-
ferentiated risk assessment.
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Intervention Insights and Model Value

Our findings suggest that adolescent depression pre-
vention should follow a principle of moderation and bal-
ance.

For low-risk individuals (category 0), interventions
should maintain current healthy patterns. This includes bal-
ancing screen exposure (e.g., watching TV <1 hour/day)
alongside sustained engagement in interest-based activi-
ties. The LR model showed strong discriminative valid-
ity in this subgroup (AUC = 0.93), supporting its utility for
population-level screening and progress monitoring.

High-risk individuals (category 3) require more inten-
sive strategies. These include stricter control of excessive
screen exposure, especially prolonged TV watching and re-
peatedly scrolling video apps, through the structured pro-
motion of social interaction and physical activity. The LR
model achieved exceptional performance in this subgroup

(AUC = 0.98), enabling precise case identification and ef-
fective follow-up.

High-AUC models provide enhanced capability for
detecting behavior-behavior interactions and predicting
transitions across risk levels. These strengths support per-
sonalized behavior tracking and targeted intervention plan-
ning.

Discussion

This study adopted a multi-school, regional cross-
sectional survey design by randomly selecting two primary
schools and two junior high schools in Chongchuan Dis-
trict, Nantong City. Theory-driven and data-driven ap-
proaches were integrated to develop ML models for predict-
ing depression risk in adolescents. Comprehensive model
evaluation revealed that LR achieved optimal overall per-
formance, whereas CatBoost exhibited the most balanced
recall-precision trade-off, confirming that screen time and
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explanations.

activity interest are key factors in assessing depression risk.

An integrated questionnaire was reconstructed from
seven established scales, creating a multidimensional struc-
ture that naturally increased model complexity. This struc-
tural heterogeneity can influence incremental fit indices,
and such patterns have been documented in integrated psy-
chological instruments [20]. Importantly, the strong RM-
SEA and PCLOSE values in this study indicate that the
four-factor structure adequately captured the primary do-
mains relevant to adolescent depression. Future refine-
ment, such as item-level revision and multi-group valida-
tion across developmental stages, will further clarify struc-
tural stability and ensure that the instrument maintains ro-
bust measurement properties in broader applications [21].

Excessive screen time among adolescents may ad-
versely affect mental health and elevate depression risk.
Pre-sleep exposure to screen-emitted BL suppresses mela-
tonin secretion and disrupts circadian rhythms. This dis-
ruption leads to delayed sleep and reduced sleep efficiency,
physiological disturbances associated with greater depres-
sion vulnerability [5]. Our findings align with this pattern,

as higher depression levels were predicted in adolescents
with longer evening screen time. Additionally, sustained
digital stimulation from entertainment-based content may
dysregulate the dopamine reward system, contributing to
anhedonia, a core feature of depression [22].

Beyond these neurobiological pathways, the present
findings can also be interpreted within established psychi-
atric frameworks [23]. According to DSM-5 diagnostic cri-
teria, core depressive symptoms in youth, such as anhe-
donia, sleep—wake disturbances, irritability, and impaired
concentration [24], closely align with the behavioral pat-
terns identified in this study. Evening screen exposure is
consistent with sleep disruption as a transdiagnostic path-
way, commonly co-occurring with anxiety and depressive
symptoms in youth [25]. Likewise, excessive or dysreg-
ulated screen use resembles the maladaptive behavioral
patterns seen in problematic internet use, a condition fre-
quently accompanied by attentional and emotion-regulation
difficulties [26].

The results further provide implications for psychi-
atric intervention.  Activity interest, identified as the
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strongest protective factor in our SHAP analysis (mean ab-
solute SHAP for class 0 = 1.580 and class 3 = 1.550), over-
laps substantially with the core components of cognitive-
behavioral therapy (CBT), particularly behavioral activa-
tion [27]. Enhancing interest-based activities may coun-
teract reward-system dysregulation and decrease anhedo-
nia. In contrast, excessive screen use may be conceptual-
ized within CBT formulations as avoidance behavior, sup-
porting modules such as stimulus control and sleep-hygiene
training [28].

Taken together, integrating ML-derived behavioral
markers with DSM-5 symptom domains [29] offers a more
comprehensive framework for understanding depression
risk in youth [30]. This integrated perspective also supports
clinical practices in child and adolescent psychiatry, includ-
ing structured assessment, early identification, and stepped-
care interventions.

The study also identified significant interaction ef-

fects between screen time and activity interest. This risk-
protection interplay establishes a theoretical framework for
designing personalized interventions. Enhancing activity
interest may mitigate depression progression in individu-
als with high screen times [31]. This suggests a synergis-
tic behavioral-psychological protective pathway [32]. The
protective effect may operate by modulating neurotransmit-
ter systems, such as dopamine and serotonin, which are cru-
cial for maintaining mood stability [33]. A key contribution
of this study is the identification of a significant moderat-
ing effect of activity interests. High levels of activity en-
gagement buffered the negative impact of excessive screen
time and showed a dose-dependent protective pattern. This
behavioral-psychological interaction provides a mechanis-
tic explanation for why activity engagement remains a cen-
tral determinant of depression resilience among adoles-
cents, supporting targeted intervention strategies that simul-
taneously reduce excessive screen exposure and strengthen
interest-based activities.
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Previous research demonstrated that ML techniques
could effectively identify depression and anxiety risk fac-
tors, supporting mental health interventions [34]. Consis-
tent with these findings, our study showed that ML mod-
els could predict adolescent depression risk by incorporat-
ing screen time and activity interest features. Mardini et
al. [35] used XGBoost to identify depression and anxiety
in adolescents. Qirtas ef al. [36] applied LR and other al-
gorithms to predict loneliness and depression using screen
time-related features. The predictive accuracy of the model
in this study further validates the effectiveness of these fea-
tures in adolescent depression risk assessment.

ML models, particularly when used in real-time mon-
itoring, offer a cost-effective, time-efficient approach for
early intervention, especially in schools and resource-
limited settings [37]. The system requires minimal input
data, reduces stigma concerns, and enhances applicability
across diverse environments [38]. The findings emphasize
the importance of screen time regulation (e.g., usage limits
and quality content engagement [39]) and interest develop-
ment (e.g., participation in school clubs [40] and family-
child activities [41]). Addressing both behavioral and psy-
chological factors may effectively reduce depression risk
[42].

While this study advances the understanding of ado-
lescent depression risk assessment, several limitations
should be noted. First, the comparisons presented in Ta-
ble 1 are intended as descriptive summaries of behavioral
patterns within each depression-risk category rather than in-
ferential tests of independent group differences. Because
screen time and activity interest items contributed to the to-
tal score used for risk stratification, direct statistical com-
parisons may introduce partial circularity. These findings
should be interpreted as contextual characterization rather
than evidence of independent associations. Importantly,
the ML feature selection and SHAP analyses, which do
not rely on total-score-based grouping, avoid this limita-
tion. Second, reliance on self-reported measures may in-
troduce response biases in reporting screen time and ac-
tivity interest. The scale used to measure activity interest
(extreme/some/occasional/none) did not differentiate activ-
ity types (e.g., physical, artistic, or social activities). This
limitation may mask their differential effects on depres-
sion risk. Future research should distinguish activity types
to better understand their specific impacts on adolescent
mental health. Finally, the cross-sectional design prevents
causal inference. Thus, whether excessive screen use con-
tributes to depression or whether depressive symptoms in-
crease screen use as a coping mechanism remains unclear.
Future longitudinal studies should examine these dynamic
mechanisms and explore the bidirectional relationship be-

tween screen time and depression.

Future work will focus on developing targeted inter-
ventions for adolescent mental health and investigating the
applications of ML in mental health assessment and inter-
vention.

Conclusions

This study demonstrated that ML could substantially
improve the efficiency of identifying adolescents at risk for
depression by integrating information on screen time and
activity interests. The developed model serves as a practi-
cal early-stage screening tool, capable of supporting timely
detection and intervention in school settings.

Although the model shows strong potential, it is in-
tended for screening rather than diagnostic purposes, and
further validation in clinical contexts is needed. In prac-
tice, embedding this model in schools could help teachers
and parents monitor students’ mental health more proac-
tively, enabling early support for those who may be strug-
gling. This model provides a rapid, low-cost, and scalable
approach to mental-health monitoring and offers meaning-
ful value for promoting healthier psychological develop-
ment in adolescents.
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