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Abstract
Background: Depressive symptoms and learning weariness represent overlapping dimensions of
adolescent well-being. Characterizing their joint distribution may inform more differentiated assessment
and support. This study examined joint screening phenotypes, identified socioecological correlates of
co-occurrence, and compared three models for classifying the co-occurring phenotype.

Methods:This school-based cross-sectional study included 57,753 students aged 10–18 years in
Jiangsu Province, China. Screening results defined four mutually exclusive phenotypes: double negative,
learning weariness only, depressive symptoms only, and co-occurring depressive symptoms and learning
weariness. Multinomial logistic regression examined adjusted associations with co-occurrence relative
to the double-negative group. Logistic regression, random forest (RF), and gradient boosting machine
(GBM) models classified co-occurrence versus the remaining phenotypes using stratified training,
validation, and test sets (70%, 15%, and 15%). Performance was assessed using areas under the receiver
operating characteristic curve (AUROC) and precision–recall curve (AUPRC), Brier scores, sensitivity, and
specificity. SHapley Additive exPlanations (SHAP) quantified predictor contributions to GBM outputs.

Results: The double-negative, learning-weariness-only, depressive-symptoms-only, and co-occurring
phenotypes accounted for 61.3%, 21.8%, 8.7%, and 8.2% of students, respectively. Bullying victimization,
sleep problems, and internet addiction were associated with higher odds of co-occurrence, with adjusted
odds ratios of 3.20, 2.68, and 2.51, respectively. Residential setting and family characteristics were also
associated with co-occurrence. GBM achieved the highest test-set AUROC (0.886) and AUPRC (0.628),
followed by RF (0.852 and 0.556) and logistic regression (0.811 and 0.441). Corresponding Brier scores
were 0.096, 0.108, and 0.123. Sleep problems, internet addiction, and bullying victimization contributed
most to GBM classification.

Conclusions: Joint screening differentiated domain-specific and co-occurring emotional and academic
difficulties, identifying a substantial learning-weariness-only group and an 8.2% co-occurring group. GBM
demonstrated the strongest discrimination among the evaluated models. These findings highlight the
potential value of integrated emotional and academic assessment and provide an empirical basis for
further research on differentiated school-based support.

Background
Depressive symptoms constitute a substantial mental health burden among young people in China. A
2025 meta-analysis of 53 studies involving 314,867 children and adolescents estimated a pooled
prevalence of 23.3% (95% confidence interval [CI], 21.4%–25.1%) [1]. A broader 2024 synthesis of 439
studies encompassing 1,497,524 participants across educational stages, including university students,
reported a pooled prevalence of 26.17% (95% CI, 25.00%–27.41%) [2]. Although differences in
populations, instruments, and screening thresholds preclude direct comparison, these estimates
indicate a considerable burden of depressive symptoms. They also highlight the importance of
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examining how emotional difficulties intersect with students’ experiences of learning, rather than
treating mental health and educational functioning as separate concerns.

Learning weariness encompasses negative cognitions and emotions about learning and disengagement
from learning activities [3]. Related research has examined burnout within a demands–resources
framework [4]. Academic pressure provides one possible connection between learning weariness and
mental health: a systematic review found that 48 of 52 studies reported an association between
academic pressure or the timing of the school year and at least one adverse mental health outcome [5].
More directly, a two-wave study of 1,092 Chinese adolescents identified reciprocal longitudinal
associations between depressive symptoms and learning weariness [6]. Nevertheless, correlations
between continuous measures do not establish how many students meet both screening thresholds, nor
do they distinguish students experiencing only one difficulty. Classifying students into four mutually
exclusive groups—neither outcome, depressive symptoms alone, learning weariness alone, and co-
occurring symptoms—can reveal patterns that remain obscured when the outcomes are analysed
separately.

Evidence also supports examining these joint patterns across multiple socioecological domains. A
German retrospective cohort study involving 62,796 children and adolescents found that diagnosed
sleep disorders were associated with subsequent depression (hazard ratio, 2.34; 95% CI, 2.09–2.63) [7].
A 2025 meta-analysis of 33 studies involving 303,243 adolescents reported a positive association
between internet addiction and depression (pooled r = 0.318) [8]. At the peer level, a 2024 meta-analysis
of 27 studies found that victimization was associated with higher odds of depression (odds ratio, 2.79;
95% CI, 2.43–3.21) [9]. Family and school relationships provide additional context. A systematic review
of 37 studies linked better parent–child communication with more favourable adolescent mental health
[10], while a 2026 meta-analysis involving 34,875 participants identified an association between
interparental conflict and problematic internet use (r = 0.239), illustrating connections between family
conditions and individual behaviour [11]. A review of 34 longitudinal studies and two intervention studies
further supported the relevance of school connectedness to youth depression and anxiety [12]. These
findings motivate an integrated analysis of individual, family, peer, and school characteristics; however,
associations with a single outcome cannot be assumed to characterize students with co-occurring
depressive symptoms and burnout.

A complementary methodological question is whether these characteristics can help identify the co-
occurring phenotype. Machine learning has expanded across paediatric research, with an earlier
systematic review documenting 363 studies [13], but methodological quality remains consequential. A
systematic review of 129 applications in mental health research identified recurring weaknesses in
preprocessing, model evaluation, and transparent reporting [14]. Accordingly, comparisons between
regression and machine-learning models should assess more than discrimination alone. For an
imbalanced binary outcome, precision–recall performance complements the area under the receiver
operating characteristic curve [15], while probability accuracy and calibration require separate attention
[16]. SHapley Additive exPlanations (SHAP) can characterize how predictors contribute to fitted tree-
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model outputs [17], providing a model-based perspective alongside adjusted regression associations.
Contemporary TRIPOD + AI and PROBAST + AI guidance further emphasizes transparent reporting,
appropriate validation, and careful assessment of bias and applicability [18, 19].

Against this background, the present study examined 57,753 students aged 10–18 years in Jiangsu,
China, spanning primary, junior secondary, general senior secondary, and vocational education. Its
contribution lies in combining a four-category joint screening framework with socioecological
association analyses and interpretable classification modelling within the same large school-based
sample. Specifically, we aimed to characterize the distribution of the four screening phenotypes,
examine adjusted correlates of the co-occurring phenotype, and compare the internally evaluated
classification performance of logistic regression, random forest, and gradient boosting machine models.
By distinguishing associations with co-occurrence from the ability to classify individual students, this
approach provides a more differentiated account of overlapping emotional and academic difficulties and
an empirical basis for subsequent longitudinal research and external validation.

Methods

Study design and participants
This study was a secondary analysis of a school-based cross-sectional survey of family education and
mental health in Jiangsu Province, China. The analytic sample comprised 57,753 students aged 10–18
years after checks of age eligibility, data completeness, and logical consistency. Students attended
primary schools, middle schools, general high schools, and technical high schools. The unit of analysis
was the individual student.

Depressive symptoms
Depressive symptoms were assessed using the Center for Epidemiologic Studies Depression Scale
(CES-D), which has demonstrated validity and measurement stability among Chinese adolescents [20,
21]. Responses were scored from 0 to 3, with positively worded items reverse-scored. Higher total
scores indicated greater symptom severity. A score of at least 16 defined a positive screen for
depressive symptoms [22]. Internal consistency in this sample was good (Cronbach’s α = 0.845).
Screening results indicated depressive symptomatology rather than a clinical diagnosis.

Learning Weariness
Learning weariness was assessed using the 17-item Learning Weariness Scale for Junior High School
Students developed by Zhao [3]. Items covered cognitive, behavioural, and emotional aspects of learning
and were rated from 1 to 5, with higher scores indicating greater learning weariness. Following a
previous application of the same scale, a mean item score of at least 3 was used as the operational
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threshold for learning weariness [23]. This threshold defined the research classification and was not
interpreted as a clinical diagnostic cutoff.

Joint screening phenotypes
Longitudinal research has documented associations between depressive symptoms and learning
weariness in adolescents [24]. Distinguishing single-domain from co-occurring symptoms also has
precedent in adolescent epidemiological research [25]. In this study, the two binary screening results
defined four mutually exclusive groups: double negative, learning weariness only, depressive symptoms
only, and co-occurring depressive symptoms and learning weariness. Double negative indicated scores
below both thresholds. The four-category outcome was used for descriptive analysis and multinomial
logistic regression, with the double-negative group as the reference. For machine learning, co-occurrence
was the positive class, and the other three groups constituted the negative class.

Socioecological variables
The survey assessed characteristics across individual, family, peer, and school domains. Demographic
and family variables included age, sex, school stage, region, residential setting, only-child status, body
mass index (BMI), parental education, parental marital status, living arrangement, educational
expenditure, parental involvement, and parental companionship. Behavioural and school-related
measures included sleep quality, academic stress, screen time, internet addiction, early romantic
involvement, and bullying victimization.

Bullying victimization was assessed using the frequency categories of the Olweus Bully/Victim
Questionnaire [26]. Students reporting victimization at least two or three times per month were classified
as positive. Academic stress was measured using the 16-item Educational Stress Scale for Adolescents
(ESSA), covering pressure from study, workload, worry about grades, self-expectation, and despondency
[27]. Items were rated from 1 to 5, yielding a total score of 16–80, with higher scores indicating greater
academic stress. Recent research among Chinese students has also linked academic stress with
depressive and anxiety symptoms [28].

Sleep quality was assessed using the survey sleep score, with scores above 5 classified as poor sleep
and scores of 5 or below as good sleep. The survey documentation referenced the Pittsburgh Sleep
Quality Index (PSQI)[29], for which a global score above 5 was originally used to distinguish poor from
good sleepers. BMI was calculated as weight in kilograms divided by height in metres squared and
categorized using Chinese age- and sex-specific criteria [30]. Early romantic involvement was recorded
as a yes/no item. Daily screen time was categorized as no more than 2 hours versus more than 2 hours.
Weekly parental companionship was categorized as no more than 10 hours versus more than 10 hours
for descriptive analyses and expressed per 10-hour increase in regression.
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Data cleaning and missing values
Data cleaning included checks of duplicate records, permissible ranges, skip patterns, consistency
between date of birth and survey date, scale completeness, and logical relationships among variables.
Students with missing primary outcomes were excluded from the joint-phenotype analysis. For machine
learning, categorical predictors underwent mode imputation and one-hot encoding, and continuous
predictors underwent median imputation.

Statistical analysis
Categorical characteristics were summarized as counts and percentages. Table 1 presents
characteristics by depressive-symptom screening status to show the component outcome underlying
the joint classification. Percentages use the corresponding column total. Unadjusted Pearson chi-square
tests were calculated from the displayed contingency counts, without a continuity correction. These
descriptive comparisons did not incorporate sampling weights or school-level clustering and were
interpreted as exploratory.
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Table 1
Participant characteristics by depressive-symptom screening status

Variable Category Total

(N = 
57,753)

Depressive
symptoms
absent

(n = 47,992)

Depressive
symptoms
present

(n = 9,761)

P
value

Age group (years) ≤ 12 28,203
(48.8)

24,236 (50.5) 3,967 (40.6) < 
0.001

  13–15 22,082
(38.2)

17,949 (37.4) 4,133 (42.3)  

  ≥ 16 7,468
(12.9)

5,807 (12.1) 1,661 (17.0)  

Sex Male 30,103
(52.1)

24,764 (51.6) 5,339 (54.7) < 
0.001

  Female 27,650
(47.9)

23,228 (48.4) 4,422 (45.3)  

Residential setting Urban 23,618
(40.9)

19,821 (41.3) 3,797 (38.9) < 
0.001

  Town 17,468
(30.2)

14,589 (30.4) 2,879 (29.5)  

  Rural 15,780
(27.3)

12,910 (26.9) 2,870 (29.4)  

  Suburban 887
(1.5)

672 (1.4) 215 (2.2)  

Region Northern
Jiangsu

18,173
(31.5)

15,069 (31.4) 3,104 (31.8) 0.014

  Central Jiangsu 18,127
(31.4)

14,974 (31.2) 3,153 (32.3)  

  Southern
Jiangsu

21,453
(37.1)

17,949 (37.4) 3,504 (35.9)  

learning weariness No burnout
(mean < 3)

40,455
(70.0)

35,418 (73.8) 5,037 (51.6) < 
0.001

  Burnout (mean ≥ 
3)

17,298
(30.0)

12,574 (26.2) 4,724 (48.4)  

Sleep quality Good (≤ 5) 44,403
(76.9)

37,434 (78.0) 6,969 (71.4) < 
0.001

  Poor (> 5) 13,350
(23.1)

10,558 (22.0) 2,792 (28.6)  

Values are n (%); CNY, Chinese yuan; BMI, body mass index.
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Variable Category Total

(N = 
57,753)

Depressive
symptoms
absent

(n = 47,992)

Depressive
symptoms
present

(n = 9,761)

P
value

Daily screen time ≤ 2 h 40,376
(69.9)

34,842 (72.6) 5,534 (56.7) < 
0.001

  > 2 h 17,377
(30.1)

13,150 (27.4) 4,227 (43.3)  

Early romantic
involvement

No 50,033
(86.6)

42,185 (87.9) 7,848 (80.4) < 
0.001

  Yes 7,720
(13.4)

5,807 (12.1) 1,913 (19.6)  

Bullying victimization No 45,172
(78.2)

38,911 (81.1) 6,261 (64.1) < 
0.001

  Yes 12,581
(21.8)

9,081 (18.9) 3,500 (35.9)  

School stage Primary school 30,734
(53.2)

26,156 (54.5) 4,578 (46.9) < 
0.001

  Middle school 20,450
(35.4)

16,653 (34.7) 3,797 (38.9)  

  High school 5,248
(9.1)

4,223 (8.8) 1,025 (10.5)  

  Technical high
school

1,321
(2.3)

960 (2.0) 361 (3.7)  

Only-child status Yes 19,709
(34.1)

16,605 (34.6) 3,104 (31.8) < 
0.001

  No 38,044
(65.9)

31,387 (65.4) 6,657 (68.2)  

Parental education Middle school or
below

29,557
(51.2)

24,452 (51.0) 5,105 (52.3) < 
0.001

  High school 15,494
(26.8)

12,849 (26.8) 2,645 (27.1)  

  Bachelor’s
degree

11,990
(20.8)

10,116 (21.1) 1,874 (19.2)  

  Graduate degree 712
(1.2)

575 (1.2) 137 (1.4)  

Parental marital
status

Married 52,961
(91.7)

44,293 (92.3) 8,668 (88.8) < 
0.001

Values are n (%); CNY, Chinese yuan; BMI, body mass index.
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Variable Category Total

(N = 
57,753)

Depressive
symptoms
absent

(n = 47,992)

Depressive
symptoms
present

(n = 9,761)

P
value

  Divorced 3,172
(5.5)

2,450 (5.1) 722 (7.4)  

  Remarried after
divorce

1,148
(2.0)

865 (1.8) 283 (2.9)  

  Widowed 472
(0.8)

384 (0.8) 88 (0.9)  

Parental educational
expenditure, previous
year (CNY)

None 3,351
(5.8)

2,625 (5.5) 726 (7.4) < 
0.001

  1–4,999 16,867
(29.2)

13,788 (28.7) 3,079 (31.5)  

  5,000–19,999 24,084
(41.7)

20,066 (41.8) 4,018 (41.2)  

  20,000–49,999 9,476
(16.4)

8,129 (16.9) 1,347 (13.8)  

  ≥ 50,000 3,975
(6.9)

3,384 (7.1) 591 (6.1)  

Weekly parental
companionship

≤ 10 h 20,117
(34.8)

15,768 (32.9) 4,349 (44.6) < 
0.001

  > 10 h 37,636
(65.2)

32,224 (67.1) 5,412 (55.4)  

Living arrangement Both parents 36,327
(62.9)

30,482 (63.5) 5,845 (59.9) < 
0.001

  Mother only 5,486
(9.5)

4,293 (8.9) 1,193 (12.2)  

  Father only 1,328
(2.3)

1,047 (2.2) 281 (2.9)  

  Parents and
grandparent(s)

10,800
(18.7)

9,210 (19.2) 1,590 (16.3)  

  Grandparent(s)
only

3,465
(6.0)

2,691 (5.6) 774 (7.9)  

  Living alone 58 (0.1) 41 (0.1) 17 (0.2)  

  Other 289
(0.5)

228 (0.5) 61 (0.6)  

Values are n (%); CNY, Chinese yuan; BMI, body mass index.
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Variable Category Total

(N = 
57,753)

Depressive
symptoms
absent

(n = 47,992)

Depressive
symptoms
present

(n = 9,761)

P
value

BMI category Underweight 3,754
(6.5)

3,052 (6.4) 702 (7.2) < 
0.001

  Normal weight 40,427
(70.0)

33,920 (70.7) 6,507 (66.7)  

  Overweight 8,374
(14.5)

6,860 (14.3) 1,514 (15.5)  

  Obesity 5,198
(9.0)

4,160 (8.7) 1,038 (10.6)  

Values are n (%); CNY, Chinese yuan; BMI, body mass index.

Multinomial logistic regression used the double-negative phenotype as the reference category. Adjusted
odds ratios (aORs) and 95% confidence intervals (CIs) are reported for selected associations with the co-
occurring phenotype, which was the inferential focus of this report. Adjustment covered demographic,
family, sleep, digital-behaviour, school, and peer domains. Regression estimates describe cross-sectional
associations with phenotype membership and were not interpreted as changes in absolute risk or as
causal effects.

Machine learning and model interpretation
Students were randomly divided into training (70%), validation (15%), and test (15%) sets, stratified by the
co-occurring outcome. The models were class-weighted logistic regression, RF, and GBM. Classification
thresholds were selected by maximizing the Youden index in the validation set and were fixed before
test-set assessment. Test-set performance was used for the principal model comparison; training-set
performance was reported separately[31].

Outcome-defining information was not used as predictor input. Preprocessing was confined to the
training data, and the validation and test sets were kept separate from model fitting to prevent
information leakage.

Performance measures were AUROC, AUPRC, Brier score, sensitivity, and specificity. AUPRC summarized
precision–recall performance for the positive class and was interpreted in relation to the frequency of
co-occurrence. The Brier score represented mean squared probability error; a lower score indicated
better probability accuracy. Brier scores were not treated as a substitute for a calibration curve or
calibration parameters [32]. Comparisons between models were descriptive because uncertainty
estimates for performance differences were not presented.
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Mean absolute SHAP values were calculated using Tree SHAP to summarize predictor contributions in
GBM. These values describe the magnitude of contributions to the model output, not the direction of an
association or the effect of an intervention. In keeping with methodological concerns in mental-health
prediction research, model discrimination and explanation were interpreted separately from readiness
for clinical or school use .

Software and ethics
Data cleaning and model analyses were performed in Python 3.9 using pandas, statsmodels, scikit-learn,
and SHAP. The study protocol was approved by the Human Research Committee of the Jiangsu
Research and Guidance Center for Mental Health Education in Primary and Secondary Schools (approval
no. JS-MH2024.001). Informed consent was obtained for participation. The study was conducted in
accordance with the principles of the Declaration of Helsinki [33].

Results

Participant characteristics and phenotype distribution
The analytic sample comprised 57,753 students with a mean age of 12.88 years (SD, 1.99), including
27,650 females (47.9%). Participants attended four school stages and resided in urban, town, rural, and
suburban settings (Table 1). Overall, 9,761 students (16.9%) screened positive for depressive symptoms
and 17,298 (30.0%) for learning weariness.The joint screening classification identified 35,418 students
(61.3%) in the double-negative group, 12,574 (21.8%) in the learning weariness-only group, 5,037 (8.7%)
in the depressive-symptoms-only group, and 4,724 (8.2%) in the co-occurring group (Table 2). learning
weariness alone was approximately 2.5 times as prevalent as depressive symptoms alone.

Table 2
Distribution of joint screening phenotypes

Joint phenotype Screening combination n Percentage
(%)

Double negative Depressive symptoms negative; learning
weariness negative

35,418 61.3

learning weariness
only

Depressive symptoms negative; learning
weariness positive

12,574 21.8

Depressive symptoms
only

Depressive symptoms positive; learning
weariness negative

5,037 8.7

Co-occurring
phenotype

Depressive symptoms positive; learning
weariness positive

4,724 8.2

Total — 57,753 100.0

Correlates of the co-occurring phenotype
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Adjusted associations with the co-occurring phenotype, relative to the double-negative group, are
presented in Table 3. Bullying victimization (aOR = 3.20; 95% CI, 2.90–3.52), sleep problems (aOR = 2.68;
95% CI, 2.47–2.91), and internet addiction (aOR = 2.51; 95% CI, 2.26–2.79) were associated with higher
odds of co-occurrence.

Table 3
Selected adjusted associations with the co-occurring phenotype relative to the

double-negative group
Variable (comparison) aOR 95% CI

Female (vs male) 1.16 1.07–1.25

Town (vs urban) 1.14 1.02–1.27

Rural (vs urban) 1.39 1.25–1.54

Suburban (vs urban) 1.52 1.09–2.12

Parental divorce 1.37 1.18–1.59

Parental remarriage after divorce 1.69 1.37–2.08

Sleep problems 2.68 2.47–2.91

Internet addiction 2.51 2.26–2.79

Bullying victimization 3.20 2.90–3.52

Parental noninvolvement (vs active cooperation) 2.59 1.78–3.75

Weekly parental companionship (per 10-h increase) 0.975 0.965–0.985

aOR, adjusted odds ratio; CI, confidence interval.

Family characteristics were also associated with phenotype membership. Parental noninvolvement,
compared with active cooperation in education, was associated with higher odds of co-occurrence (aOR 
= 2.59; 95% CI, 1.78–3.75). The corresponding aORs for parental divorce and remarriage after divorce
were 1.37 (95% CI, 1.18–1.59) and 1.69 (95% CI, 1.37–2.08), respectively. Each additional 10 hours of
weekly parental companionship was associated with 2.5% lower odds of co-occurrence (aOR = 0.975;
95% CI, 0.965–0.985).

Females had higher odds of co-occurrence than males (aOR = 1.16; 95% CI, 1.07–1.25). Relative to urban
residence, the adjusted odds were higher for town (aOR = 1.14; 95% CI, 1.02–1.27), rural (aOR = 1.39; 95%
CI, 1.25–1.54), and suburban residence (aOR = 1.52; 95% CI, 1.09–2.12).

Internal model performance
GBM achieved the highest test-set AUROC (0.886) and AUPRC (0.628), followed by RF (0.852 and 0.556,
respectively) and logistic regression (0.811 and 0.441, respectively) (Table 4; Fig. 1). The absolute
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differences favouring GBM over logistic regression were 0.075 for AUROC and 0.187 for AUPRC; the
corresponding differences over RF were 0.034 and 0.072.

Table 4
Internal classification performance of the three models

Dataset / model AUROC AUPRC Brier
score

Sensitivity Specificity

Training / GBM 0.906 0.663 0.087 0.842 0.821

Training / RF 0.881 0.604 0.099 0.815 0.794

Training / Logistic
regression

0.828 0.482 0.116 0.768 0.749

Test / GBM 0.886 0.628 0.096 0.826 0.807

Test / RF 0.852 0.556 0.108 0.798 0.781

Test / Logistic
regression

0.811 0.441 0.123 0.752 0.738

AUROC, area under the receiver operating characteristic curve; AUPRC, area under the precision–
recall curve; GBM, gradient boosting machine; RF, random forest.

Panel A shows the training set and panel B the test set. The positive class is the co-occurring
phenotype. The diagonal represents chance discrimination. GBM, gradient boosting machine; RF,
random forest; AUROC, area under the receiver operating characteristic curve.

Bars summarize the magnitude of contributions to the GBM output. Larger values indicate greater
model contribution, not stronger causal effects. SHAP, SHapley Additive exPlanations; GBM, gradient
boosting machine.

The ranking was consistent for the Brier score, which was lowest for GBM (0.096), followed by RF
(0.108) and logistic regression (0.123). At the classification threshold selected in the validation set, GBM
achieved a test-set sensitivity of 0.826 and specificity of 0.807.

GBM interpretation
SHAP analysis identified sleep problems, internet addiction, and bullying victimization as the leading
contributors to GBM predictions, as measured by mean absolute SHAP values (Fig. 2). Other prominent
contributors included early romantic involvement, residential setting, overweight or obesity, parental
companionship, screen time, school stage, and parental marital status. The SHAP rankings highlighted
behavioural, peer, and family characteristics contributing to classification of the co-occurring phenotype.

Discussion

Principal findings
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Joint screening distinguished domain-specific and co-occurring depressive symptoms and learning
weariness, with learning weariness alone substantially more prevalent than depressive symptoms alone.
Co-occurrence was associated with behavioural, peer, and family characteristics. GBM achieved the
strongest internal classification performance, supporting the value of combining joint phenotyping with
socioecological analysis and interpretable modelling.

Socioecological associations
The prominence of sleep and digital behaviour is consistent with longitudinal evidence linking sleep to
school engagement, performance, and learning weariness [34], and problematic device use to sleep and
mental health [35]. Associations with bullying and family circumstances further situate co-occurring
difficulties within students’ interpersonal environments. Recent evidence on school connectedness and
school-based interventions supports investigating coordinated support across educational and
psychological domains [36, 37].

Interpretation of model performance
GBM’s comparative advantage is consistent with its capacity to capture nonlinear relationships and
predictor combinations. Consistent rankings across discrimination, precision–recall performance, and
probability error strengthen the internal comparison. These complementary dimensions provide a
broader assessment than any single metric, consistent with contemporary evaluation guidance
.Convergence between regression findings and SHAP contributions links adjusted associations with
information used for classification. This enhances interpretability and identifies domains for further
investigation, while SHAP contributions describe model behaviour rather than causal effects [38].

Implications for school assessment
The joint framework may help inform focused follow-up by distinguishing emotional, academic, and co-
occurring difficulties. It may also provide a useful framework for communication among teachers,
mental-health professionals, and families when considering coordinated assessment. Research on
school-based help-seeking further highlights the importance of connecting identification with accessible
support [39].Phenotype distributions could inform assessment resource planning, while socioecological
findings identify relevant contexts for follow-up. The model offers a foundation for evaluating whether
contextual information collected before comprehensive screening can improve initial case finding.

Strengths and limitations
Key strengths of this study include the large school-based sample spanning multiple educational stages
and the integration of joint phenotyping, adjusted socioecological analyses, and interpretable
classification modelling. Separate training, validation, and test partitions, together with complementary
performance measures, strengthened the internal model comparison. Several limitations should
nevertheless be considered. First, the cross-sectional design precludes determination of temporal or
causal relationships; therefore, the observed associations should not be interpreted as evidence that the
identified factors cause the co-occurring phenotype. Second, most measures were based on self-
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reported information and may be subject to recall, reporting, and common-method biases. In addition,
the screening phenotypes represent symptom-based classifications rather than clinical diagnoses. Third,
although separate data partitions were used for model development and evaluation, all partitions
originated from the same survey population. The reported performance therefore represents internal
rather than external validation and should not be assumed to generalize to other schools, regions, or
time periods. School-level clustering was not incorporated into the present analyses, and future studies
should examine its potential influence. Further external and prospective validation, including assessment
of calibration, performance uncertainty, subgroup consistency, and measurement comparability, is
needed before considering broader school-based application.

Conclusions
Joint screening distinguished domain-specific and co-occurring depressive symptoms and learning
weariness, providing a more differentiated account of adolescent emotional and academic difficulties.
Socioecological analyses highlighted behavioural, peer, and family correlates of co-occurrence, while
GBM achieved the strongest internal classification performance among the evaluated models. Together,
these findings highlight the potential value of considering emotional and academic difficulties jointly and
provide an empirical foundation for further research on differentiated school support pathways.
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Figure 1

Receiver operating characteristic curves in the training and test sets

Panel A shows the training set and panel B the test set. The positive class is the co-occurring phenotype.
The diagonal represents chance discrimination. GBM, gradient boosting machine; RF, random forest;
AUROC, area under the receiver operating characteristic curve.
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Figure 2

Mean absolute SHAP values for leading predictors in GBM

Bars summarize the magnitude of contributions to the GBM output. Larger values indicate greater model
contribution, not stronger causal effects. SHAP, SHapley Additive exPlanations; GBM, gradient boosting
machine.
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