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Abstract

Background: Nonsuicidal self-injury (NSSI) is common among adolescents with depressive disorders and is associated with
substantial clinical burden. Machine learning may assist in identifying multidimensional patterns associated with NSSI, although
its incremental value beyond direct clinical assessment remains uncertain.

Objective: This study compares 7 supervised machine learning model variants for classifying past-year NSSI status among
adolescents with depressive disorders and conducts detailed analyses of interpretability, sensitivity, subgroup performance, and
clinical utility using a random forest model as the focal exploratory model.

Methods: We retrospectively identified 437 adolescents aged 10-19 years who received inpatient or outpatient psychiatric care
at 4 hospitals in Zhejiang Province, China, between January 2021 and December 2023. A total of 410 eligible participants were
included, of whom 274 reported NSSI during the preceding year. The primary analysis included 67 assessment-time
sociodemographic, physiological, biochemical, and clinical-behavioral features. The sample was divided into a training set
(287/410, 70%) and an untouched held-out test set (123/410, 30%) using stratified random sampling. Hyperparameters were
optimized using 5-fold cross-validation within the training set. Performance was evaluated using discrimination, classification
metrics, calibration, and decision-curve analysis. Random forest model behavior was examined using Gini importance, permutation
importance, and Shapley Additive Explanations (SHAP).

Results: The radial basis function support vector machine achieved the highest mean cross-validated area under the receiver
operating characteristic curve (AUROC) in the training set (0.720), whereas the random forest showed the highest observed
AUROC and area under the precision-recall curve (AUPRC) and the lowest Brier score in the held-out test set. The random forest
achieved an AUROC of 0.681 (95% CI 0.583-0.778), an AUPRC of 0.808 (95% CI 0.741-0.874), an accuracy of 0.667 (95% CI
0.585-0.748), a sensitivity of 0.720 (95% CI 0.622-0.817), a specificity of 0.561 (95% CI 0.415-0.707), and a Brier score of 0.212
(95% CI 0.188-0.236). Its calibration slope was 1.013. Pairwise AUROC differences between the random forest and alternative
models were not statistically significant after Holm correction (Holm-adjusted P values ranged from .17 to .81). The full random
forest model did not outperform a suicidal-ideation-only model (AUROC 0.701), whereas excluding suicidal ideation and previous
suicide attempt reduced the AUROC to 0.540. A biochemical-only model showed near-chance discrimination (AUROC 0.513).

JMIR Pediatr Parent 2026 | vol. 9 | e95340 | p. 1https://pediatrics.jmir.org/2026/1/e95340
(page number not for citation purposes)

Liu et alJMIR PEDIATRICS AND PARENTING

XSL•FO
RenderX

mailto:wzb121001055@163.com
http://www.w3.org/Style/XSL
http://www.renderx.com/


Decision-curve analysis indicated that the random forest provided greater net benefit than the assess-all and assess-none strategies
across threshold probabilities of approximately 0.51-0.80. Suicidal ideation showed the most consistent importance across Gini,
SHAP, and permutation analyses.

Conclusions: The random forest had the highest observed AUROC and AUPRC and the lowest Brier score in the held-out test
set among the evaluated algorithms, although the pairwise AUROC differences were not statistically significant after correction
for multiple comparisons. Suicidality-related information contributed substantially to model discrimination, whereas routinely
collected biochemical variables did not demonstrate clear incremental value. Because this was a retrospective cross-sectional
classification study, the findings do not establish prospective risk prediction. External and prospective temporal validation is
required before clinical implementation.

(JMIR Pediatr Parent 2026;9:e95340) doi: 10.2196/95340
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Introduction

Depressive disorders are among the most common mental health
conditions during adolescence and are associated with
substantial impairments in emotional well-being, academic
functioning, interpersonal relationships, and daily life [1].
Adolescents with depressive disorders are also particularly
vulnerable to nonsuicidal self-injury (NSSI), defined as the
deliberate and direct injury of body tissue without suicidal intent
[2]. Meta-analytic and epidemiological studies suggest that
NSSI affects a substantial proportion of adolescents, with
prevalence estimates generally higher in psychiatric and
depressive-disorder samples than in community populations
[3-6]. Although NSSI is conceptually distinguished from suicidal
behavior by the absence of an intention to die, it is associated
with greater psychiatric severity, repeated self-harm, suicidal
thoughts and behaviors, and increased demand for mental health
care [7-9]. Consequently, accurate identification and
comprehensive assessment of recent NSSI among adolescents
with depressive disorders represent important clinical priorities.

The clinical assessment of NSSI remains challenging because
self-injurious behavior is heterogeneous and may vary in
frequency, methods, functions, medical severity, and persistence
[6,10,11]. Adolescents may also conceal NSSI because of
shame, fear of stigma, concerns about confidentiality, or
uncertainty about how parents and clinicians will respond
[12,13]. Direct inquiry regarding NSSI and suicidal thoughts
therefore remains essential. However, multidimensional clinical
information may help clinicians identify patterns associated
with recent NSSI and determine which patients require a more
comprehensive, structured assessment [2,12]. Importantly,
models based on concurrently or retrospectively measured
variables can classify current or previous NSSI status, but they
cannot establish temporal precedence or predict future NSSI
onset unless they are evaluated prospectively using longitudinal
data [14-18].

NSSI is understood as a complex behavior arising from
interactions among psychological distress, behavioral
vulnerability, interpersonal experiences, family context, and
biological or physiological characteristics [19,20]. Established
clinical correlates include younger age, female sex, greater
depressive severity, emotional dysregulation, suicidal ideation,
previous suicide attempts, and other forms of self-directed or

interpersonal aggression [6,9,21,22]. Family-level factors are
also particularly relevant during adolescence. Parental
psychopathology, family conflict, adverse childhood
experiences, limited perceived parental support, maladaptive
parenting practices, and difficulties in parent-adolescent
communication have all been associated with adolescent NSSI
[23-25]. These factors may operate as vulnerabilities, protective
resources, or moderators of the relationship between emotional
distress and self-injurious behavior.

Physiological and biochemical characteristics have also been
explored in relation to depression and self-injurious behavior,
including inflammatory markers, thyroid function, metabolic
indicators, liver and renal function, and neuroendocrine
measures [26,27]. Such routinely collected variables may contain
information that is not fully captured by symptom-based
assessments and may contribute to nonlinear or interactive
model structures [28]. Nevertheless, evidence that individual
laboratory markers provide clinically meaningful information
beyond established clinical variables remains inconsistent [18].
Laboratory measurements may reflect current depressive
severity, medication exposure, nutritional status, physical
activity, comorbid conditions, or consequences of recent
behavior rather than antecedent mechanisms of NSSI.
Accordingly, biochemical variables identified by a
cross-sectional model should be regarded as potential model
correlates and hypothesis-generating findings rather than
independent causal biomarkers [18,19].

Despite the relevance of family context, family-level information
is frequently underrepresented in routinely collected electronic
medical records. Variables such as family psychiatric history
or household residence may be available, whereas standardized
assessments of parental mental health, family conflict, parenting
practices, perceived support, parent-adolescent communication,
and adverse childhood experiences are often absent. This
limitation is particularly important in pediatric settings, where
parents or caregivers are not only sources of clinical information
but also potential partners in safety planning, treatment
engagement, and relapse prevention [29]. At the same time,
communicating model-derived findings to parents requires
careful attention to adolescent autonomy, confidentiality,
uncertainty, and the risk of stigmatizing labels [12,30].
Parent-facing information should therefore be accessible,
probabilistic, and nondeterministic, and should be communicated
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within a clinician-mediated assessment rather than through
automated alerts or isolated risk scores.

Machine learning has increasingly been applied to the study of
NSSI and related self-harm outcomes using questionnaire data,
clinical records, behavioral information, digital phenotyping,
neuroimaging, and biological measures [31-34]. Compared with
conventional regression approaches, some machine learning
algorithms can accommodate complex nonlinear relationships
and higher-order interactions [28,35]. Random forests are
particularly suitable for modeling heterogeneous clinical data
and allow complementary examination through impurity-based
importance, permutation importance, and Shapley Additive
Explanations (SHAP) [36]. However, algorithmic complexity
does not necessarily ensure clinical usefulness. Most published
NSSI models have been internally evaluated in cross-sectional
or geographically restricted samples, whereas fewer studies
have examined future NSSI occurrence using longitudinal
designs [17,18,31-33]. Additional limitations include small
event-to-feature ratios, inadequate control of information
leakage, insufficient reporting of hyperparameter optimization
and missing-data procedures, limited assessment of calibration,
absence of external validation, and failure to compare complex
models with simple clinical screens [30,35].

Model interpretability is particularly important when machine
learning is applied in mental health care [30]. SHAP can
quantify the contribution of a feature to an individual model
output and summarize the magnitude and direction of
contributions across a sample [36]. Nevertheless, SHAP values
explain the predictions of a fitted model rather than the
underlying causal process. A high SHAP or Gini ranking does
not demonstrate that a feature is independently associated with
NSSI, nor does it establish that changing the feature would alter
clinical outcomes. Interpretation should therefore be supported
by calibration, sensitivity analyses, subgroup performance,
comparisons with simpler models, and alternative importance
measures such as test-set permutation importance [30,36].

Accordingly, this retrospective multicenter cross-sectional study
aimed to compare 7 supervised machine learning model variants
for classifying past-year NSSI status among adolescents with
depressive disorders using routinely collected sociodemographic,
physiological-biochemical, and clinical-behavioral information.
We evaluated discrimination, classification performance,
calibration, and clinical net benefit in an untouched, held-out
test set. As suicidal ideation is both a strong clinical correlate
of NSSI and an immediate assessment priority, we examined
whether the multidimensional models provided incremental
information beyond suicidal ideation and other basic clinical
variables. We also evaluated performance after excluding

suicidality-related variables and examined sex- and
residence-specific performance. The random forest was used
as the focal exploratory model for detailed analyses of Gini,
permutation importance, and SHAP. Finally, we considered the
limited availability of family-context variables and the
implications of model-assisted assessment for future parent-
and adolescent-involved clinical communication. Given the
concurrent and retrospective measurement of the candidate
features and outcome, this study was designed to evaluate
internal classification rather than prospective prediction of future
NSSI.

Methods

Study Design and Participants
This retrospective multicenter cross-sectional study screened
the electronic medical records of adolescents aged 10-19 years
with depressive disorders who received inpatient or outpatient
psychiatric care at 4 hospitals in Zhejiang Province, China,
between January 2021 and December 2023. The study was
designed to classify past-year NSSI status rather than to predict
the future onset or recurrence of NSSI. Participants were
retrospectively identified through systematic screening of
electronic medical records and screened for eligibility. The
inclusion criteria were as follows: (1) age between 10 and 19
years; (2) a clinical diagnosis of depressive disorder according
to the International Classification of Diseases, 10th Revision
(ICD-10); and (3) availability of the clinical assessment and
laboratory information required for this analysis. The exclusion
criteria were as follows: (1) bipolar disorder,
schizophrenia-spectrum disorder, or another severe psychiatric
disorder; (2) intellectual disability or cognitive impairment that
could prevent a reliable clinical assessment; (3) severe or
unstable physical illness or a chronic medical condition likely
to substantially affect physiological or biochemical
measurements; and (4) substance use disorder.

After the initial screening of the electronic medical records, 2
senior psychiatrists independently evaluated participant
eligibility. Disagreements were reviewed with a third
psychiatrist and resolved through discussion. A total of 437
records were screened, of which 27 were excluded because of
severe psychiatric disorders (n=12), intellectual disability or
cognitive impairment (n=2), severe or unstable physical illness
(n=5), or substance use disorder (n=8). The remaining 410
participants were included in the final analytic sample. The
participant-selection and modeling procedures are presented in
Figure 1. Missing data within the included dataset were
addressed using multiple imputation.
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Figure 1. Study flowchart. AA: amylase; ALP: alkaline phosphatase; APOB: apolipoprotein B; CC3: complement component C3; CK: creatine kinase;
CR: creatinine; DCA: decision curve analysis; FA: free fatty acid; FBG: fasting blood glucose; HSCRP: high-sensitivity C-reactive protein; IBIL:
indirect bilirubin; PRL: prolactin; PS: previous suicide attempt; RF: random forest; ROC: receiver operating characteristic; SA: suicide attempt; SHAP:
Shapley Additive Explanations; SI: self-injury; SL: aspartate aminotransferase-to-alanine aminotransferase ratio; SVM: support vector machine; T3:
total triiodothyronine; T4: total thyroxine; TG: triglyceride; TSH: thyroid-stimulating hormone.

Ethics Approval
The Ethics Committee of Kangning Hospital, affiliated with
Wenzhou Medical University, approved the study (ethical
approval number KNLL-20211011002). The study was
performed in strict accordance with the ethical principles of the
Declaration of Helsinki (1975).

Data Collection

Outcome Variable
Past-year NSSI status was assessed during clinical interviews
conducted independently by 2 senior psychiatrists. Participants
were asked, “During the past year, have you intentionally injured
yourself without intending to die, for example, by cutting,
scratching, burning your skin, or hitting yourself?” Responses
were recorded as “yes” or “no,” with NSSI coded as 1 and
non-NSSI coded as 0. Any disagreement between the 2
psychiatrists was reviewed by a third psychiatrist and resolved
by consensus.

The binary outcome represented the presence or absence of
broadly defined NSSI during the preceding 12 months. It did
not constitute a diagnosis of NSSI disorder or capture NSSI
frequency, persistence, methods, medical severity, functions,
or associated impairment.

Candidate Features

Overview

Candidate features were identified through expert consultation
and a review of the relevant literature. The processed dataset
contained 71 candidate feature columns. Three fields that were
not consistently defined in the original manuscript or source
coding—SS, number of hospitalizations, and creatine kinase
muscle-brain isoenzyme—were excluded from the
manuscript-matched feature set. Completed length of stay was
excluded from the primary model because it was not available
at the index assessment and could have been affected by
subsequent clinical management. The primary assessment-time

model therefore contained 67 candidate features, grouped into
sociodemographic and lifestyle features, family and
social-context features, physiological and biochemical features,
and clinical and behavioral features. The complete feature list
is provided in Table S1 in Multimedia Appendix 1.

Sociodemographic and Lifestyle Features

Sociodemographic and lifestyle information was systematically
collected during routine psychiatric consultations. The variables

included sex, age, education level, BMI (kg/m2), place of
residence, smoking status, drinking status, family psychiatric
history, and religious belief.

Family and Social-Context Features

The family and contextual variables available in the routinely
collected electronic medical records were family psychiatric
history and place of residence. Family psychiatric history
indicated whether a psychiatric disorder had been documented
among family members. Place of residence was classified
according to the urban-rural coding used in the source records
and was considered a contextual indicator rather than a direct
measure of family functioning.

Standardized assessments of parental psychopathology, family
conflict, perceived parental support, parent-adolescent
communication, parenting style, and adverse childhood
experiences were not systematically collected across the 4
participating hospitals and were therefore unavailable for model
development.

Physiological and Biochemical Features

Blood samples were collected from the antecubital vein by
trained nursing staff after overnight fasting (≥8 hours) between
7 and 9 AM upon hospital admission, ensuring standardized
preanalytical conditions. Blood coagulation function was
assessed by measuring D-dimer using a latex-enhanced
immunoturbidimetric assay (Sysmex CS-5100). Thyroid
function was evaluated by measuring thyroid peroxidase
antibodies, thyroid-stimulating hormone (TSH), free
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triiodothyronine, free thyroxine, total triiodothyronine (T3),
and total thyroxine (T4) using a chemiluminescence
immunoassay (Siemens ADVIA Centaur XP). Liver function
was assessed by measuring alanine aminotransferase, aspartate
aminotransferase, the aspartate aminotransferase-to-alanine
aminotransferase ratio, total protein, albumin, globulin,
albumin-to-globulin ratio, alkaline phosphatase,
gamma-glutamyl transferase, total bilirubin, total bile acid,
direct bilirubin, and indirect bilirubin using automated enzymatic
methods (cobas c702; Roche). Serum prealbumin was
determined using an immunonephelometric assay (Siemens BN
ProSpec), while alpha-L-fucosidase was quantified using a
spectrophotometric assay (Hitachi 7600). Markers of glucose
and lipid metabolism, including fasting blood glucose,
triglycerides, total cholesterol, high-density lipoprotein,
low-density lipoprotein, apolipoprotein A, apolipoprotein B,
lipoprotein a, and free fatty acids, were assessed using an
enzymatic colorimetric assay (cobas c702).

Renal function was evaluated by measuring blood urea nitrogen,
creatinine, and uric acid using an enzymatic method (cobas
c702). Myocardial and muscle enzyme activities, including
creatine kinase, creatine kinase isoenzymes (muscle-brain
isoenzyme), and lactate dehydrogenase, were analyzed using
an enzymatic assay (cobas c702). Plasma homocysteine levels
were measured using an enzymatic cycling assay (cobas c702).
Electrolyte balance was assessed by measuring potassium,
sodium, chloride, calcium, magnesium, and phosphorus levels
using an ion-selective electrode method (cobas c702).

Biochemical markers included serum ferritin, measured using
an immunoturbidimetric assay (cobas c702), and cholinesterase,
assessed using a butyrylthiocholine substrate method (cobas
c702). Inflammatory response was evaluated by measuring
high-sensitivity C-reactive protein using a latex-enhanced
immunoturbidimetric assay (cobas c702). Complement system
activity was assessed by measuring complement component C3
and complement component C4 using an immunonephelometric
assay (Siemens BN ProSpec). Lastly, amylase was analyzed
using an enzymatic assay (cobas c702), and the prolactin level
was determined using a chemiluminescent immunometric assay
(Siemens ADVIA Centaur XP).

Clinical and Behavioral Features

Data on length of hospital stay (days), disease course (months),
and first episode were obtained from electronic medical records.
The depression grade and psychotic symptoms were
systematically assessed through structured clinical interviews
conducted by trained psychiatrists. The depression grade was
classified as mild, moderate, or severe according to ICD-10
criteria based on clinical assessments of symptom intensity,
functional impairment, and distress levels. Psychotic symptoms
were evaluated based on DSM-5 (Diagnostic and Statistical
Manual of Mental Disorders, Fifth Edition) diagnostic criteria,
with patients systematically assessed for depressive
hallucinations and depressive delusions, and symptoms recorded
as either present or absent. Suicidal ideation was assessed
according to DSM-5 criteria, with patients asked, “In the past
month, have you seriously considered ending your life?” Suicide
attempt history was assessed using the question, “Have you

ever made an actual suicide attempt in your lifetime (eg,
overdosing or cutting your wrists with suicidal intent)?”
Participants were asked to respond “Yes” or “No.” Aggressive
behaviors were documented through both direct clinical
observation and structured interviews with caregivers and
patients. Verbal aggression was assessed using a single question:
“Has the patient recently exhibited hostile, insulting, or
aggressive language toward others?” Physical aggression was
assessed using the question: “Has the patient exhibited any
aggressive physical behavior (eg, hitting, pushing, or fighting)
in the past month?” Participants were asked to respond “Yes”
or “No.”

Patient and Parent Involvement
Adolescents and parents or caregivers were not involved in the
original study design, candidate-feature selection, model
development, interpretation of the findings, or preparation of
the manuscript. Written informed consent was obtained from
participants and their legal guardians as part of the ethical
procedures but did not constitute patient or parent involvement
in research co-design.

Future prospective implementation studies should involve
adolescents, parents or caregivers, and clinicians in determining
how model outputs, uncertainty, privacy, and the distinction
between NSSI and suicidal intent should be communicated.
Any parent-facing use of model-derived information should
occur within a clinician-mediated assessment rather than through
an automated alert or an isolated risk score.

Statistical Analysis

Descriptive Analysis and Data-Quality Assessment
The revised statistical and machine learning analyses were
conducted in Python (Python Foundation) using pandas, NumPy,
SciPy, statsmodels, scikit-learn, imbalanced-learn, and SHAP.
All statistical tests were 2-sided, and a P value of <.05 was
considered statistically significant.

Continuous variables were summarized using medians and IQRs
and compared between the NSSI and non-NSSI groups using
2-sided Mann-Whitney U tests. Categorical variables were
summarized using counts and percentages. Pearson chi-square
tests were used for categorical comparisons, except for 2×2
tables with expected cell counts below 5, for which Fisher exact
tests were used. These univariable comparisons were descriptive
and were not used to screen or select features for model
development.

Automated range checks and category-level audits were
conducted before model fitting. Potentially implausible
numerical values and unexpected category codes were flagged
for verification against the source records. No values were
corrected automatically. Any correction was required to be
supported by the source record and documented in an auditable
correction file before the complete analysis was rerun.

Sample-Size Considerations
All eligible records available during the predefined study period
were included; therefore, no prospective sample-size calculation
was performed. The primary model contained 67 candidate
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variables and generated 88 model inputs after one-hot encoding.
The analytic sample included 274 participants with NSSI and
136 without NSSI, corresponding to 4.09 NSSI cases and 2.03
non-NSSI cases per candidate variable. After one-hot encoding,
there were 3.11 NSSI cases and 1.55 non-NSSI cases per model
input. These ratios indicated a substantial risk of overfitting and
model-selection instability; therefore, the modeling analyses
were considered exploratory.

Model Development
The 410 participants were divided by stratified random sampling
into a training set (287/410, 70%) and a held-out test set
(123/410, 30%), using a random seed of 46. The training set
contained 287 participants, including 192 with NSSI and 95
without NSSI. The held-out test set contained 123 participants,
including 82 with NSSI and 41 without NSSI. The test set was
not used for preprocessing estimation, hyperparameter tuning,
resampling, or model fitting. The synthetic minority
over-sampling technique was applied to address class imbalance
and enhance the representation of the minority class [37].

Categorical features were imputed within the modeling pipeline
using the most frequent category and subsequently one-hot
encoded. Continuous variables were imputed using the median
within the pipeline. Continuous features were standardized for
logistic regression and support vector machine models using
parameters estimated only from the corresponding training data
or cross-validation fold. Continuous features were not
standardized for decision tree or random forest models. All
preprocessing procedures were incorporated into the model
pipelines to prevent information leakage.

Seven prespecified supervised machine learning model variants
were evaluated: logistic regression, decision tree, random forest,
and support vector machines with linear, radial basis function,
polynomial, and sigmoid kernels. Class weights were balanced
in the primary analysis to address the unequal frequencies of
NSSI and non-NSSI. Synthetic oversampling was not applied
before the training-test split or to the held-out test set.

Hyperparameters were optimized using randomized search with
stratified 5-fold cross-validation exclusively within the training
set. Area under the receiver operating characteristic curve
(AUROC) was used as the optimization metric. Up to 30
hyperparameter configurations were sampled for each model;
when a search space contained fewer than 30 possible
combinations, all possible combinations were evaluated.

The selected random forest configuration used 1500 trees, a
maximum tree depth of 15, a minimum of 5 observations
required to split an internal node, a minimum of 12 observations
per terminal leaf, 44 of the 88 (50%) available model inputs
considered at each split, the Gini impurity criterion, bootstrap
sampling, and balanced class weights.

The SVM with a radial basis function kernel achieved the
highest mean AUROC during training-set cross-validation.
After all 7 optimized models were evaluated on the held-out
test set, the random forest showed the highest observed test-set
AUROC and area under the precision-recall curve (AUPRC)
and the lowest observed Brier score. The random forest was
therefore designated post hoc as the focal exploratory model

for detailed calibration, decision-curve, subgroup, sensitivity,
and interpretability analyses. This focal designation did not
imply statistically significant superiority over the alternative
models.

Model Performance, Calibration, and Formal
Comparison
Model discrimination was evaluated in the held-out test set
using the area under the receiver operating characteristic curve
and the area under the precision-recall curve. At the prespecified
probability threshold of 0.50, accuracy, sensitivity, specificity,
positive predictive value, negative predictive value, and F1-score
were calculated. NSSI was defined as the positive class.

The 95% CIs for AUROC, AUPRC, accuracy, sensitivity,
specificity, positive predictive value, negative predictive value,
F1-score, and Brier score were estimated using 2000 stratified
bootstrap resamples of the held-out test set.

Calibration was evaluated using the Brier score, calibration
intercept, calibration slope, and calibration plots based on
quantile-grouped predicted probabilities. Ideal calibration was
represented by a calibration intercept of 0 and a calibration slope
of 1.

The random forest was compared with each of the other 6 model
variants using paired DeLong tests based on predictions from
the same held-out test participants. Holm correction was applied
to account for multiple pairwise comparisons. Model rankings
based solely on observed test-set AUROCs were not interpreted
as evidence of superiority when the adjusted comparisons were
not statistically significant.

Clinical utility was assessed through decision curve analysis to
quantify the net clinical benefit of model-based decision-making
relative to other strategies (eg, treating all or treating none)
across a range of threshold probabilities [38]. Feature importance
was assessed using mean decrease in Gini impurity, an
impurity-based measure commonly used to quantify variable
importance in random forest models [39]. Additionally, SHAP
was used to enhance model interpretability by quantifying the
contribution of individual features to model predictions [36].
The SHAP approach offers both global and individual-level
explanations, improving the transparency of the model and
facilitating interpretation in clinical applications.

Decision curve analysis was performed over threshold
probabilities from 0.01 to 0.80 to quantify net benefit relative
to strategies of assessing all participants and assessing no
participants. The modeled clinical action was referral for a more
comprehensive, structured assessment of NSSI rather than
automatic diagnosis, hospitalization, or treatment.

RF-Focused Incremental-Value and Sensitivity Analyses
A series of RF-focused analyses was conducted to examine the
incremental contribution of different feature domains and the
potential dominance of suicidality-related variables. These
analyses included an RF model using suicidal ideation alone;
an RF model using suicidal ideation and previous suicide
attempt; a basic clinical RF model; a clinical-only RF model;
a biochemical-only RF model; an RF model using only the
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available family and contextual variables; a full RF model
excluding suicidal ideation and previous suicide attempt; a full
RF model excluding sex; a full RF model excluding residence;
a full RF model excluding family psychiatric history and
residence; and a full RF model including completed length of
stay.

Logistic regression models using suicidal ideation alone and
suicidal ideation together with previous suicide attempt were
additionally fitted as simple clinical benchmarks. For the RF
ablation analyses, the RF hyperparameters were fixed at the
values selected for the full RF model and were not retuned
separately for each reduced feature set.

The full RF model was formally compared with the reduced
and benchmark models using paired DeLong tests, with Holm
correction for multiple comparisons. These analyses were used
to determine whether the multidimensional RF model provided
incremental discrimination beyond the direct assessment of
suicidal ideation and other basic clinical information.

As a class-imbalance sensitivity analysis, the RF was refitted
using the Synthetic Minority Over-Sampling Technique for
Nominal and Continuous (SMOTENC). SMOTENC was applied
exclusively to the training data, with 5 nearest neighbors, and
was never applied to the held-out test set. The RF
hyperparameters were fixed at those selected in the primary
training-set search.

Subgroup Analyses
RF performance was evaluated separately within the sex and
residence subgroups represented in the held-out test set. Within
each subgroup, AUROC, AUPRC, accuracy, sensitivity,
specificity, positive predictive value, negative predictive value,
F1-score, Brier score, and corresponding bootstrap CIs were
calculated when both outcome classes were present.

The subgroup analyses were exploratory and were not used to
select separate subgroup-specific models or classification
thresholds. Hospital-specific performance and
leave-one-hospital-out validation could not be evaluated because
the processed analytic dataset did not contain a hospital-site
identifier.

RF Model Interpretation
The focal RF model was interpreted using 3 complementary
approaches: Gini impurity–based feature importance, test-set
permutation importance, and SHAP. Gini importance was
aggregated from one-hot-encoded inputs to the corresponding
original variables.

Permutation importance was calculated in the held-out test set
using AUROC as the scoring measure and 100 repeated
permutations per feature. A positive value represented a
reduction in test-set AUROC after a feature was permuted,
whereas a value near or below 0 indicated a limited or unstable
contribution to held-out discrimination.

SHAP values were calculated using TreeExplainer and
observations from the held-out test set. SHAP values were

aggregated from encoded inputs to their original variables. Mean
absolute SHAP values were used to summarize feature
importance magnitude. Beeswarm plots were used to display
the direction and distribution of feature contributions, with
positive SHAP values indicating contributions toward the NSSI
class. Dependence plots were generated for high-ranking
continuous features to examine possible nonlinear and
threshold-like patterns.

The agreement between Gini and mean absolute SHAP rankings
was assessed using Spearman rank correlation. Gini, SHAP,
and permutation importance were compared to identify variables
with relatively consistent importance across methods.
Model-specific feature importance and SHAP values were
interpreted as descriptions of fitted-model behavior and not as
evidence of independent association, causality, temporal
precedence, or treatment targets.

All 67 candidate features remained in the full RF model. The
20 variables displayed in the Gini and SHAP figures represented
only the 20 highest-ranked variables for visual clarity and did
not constitute a separately selected 20-feature model.

Results

Participant Characteristics
A total of 437 electronic medical records were screened. After
application of the eligibility criteria, 27 records were excluded,
leaving 410 adolescents with depressive disorders in the final
analytic sample. Of these participants, 274 (66.8%) reported
NSSI during the preceding 12 months and 136 (33.2%) did not.
Stratified random sampling allocated 287 participants to the
training set, including 192 with NSSI and 95 without NSSI, and
123 participants to the untouched held-out test set, including
82 with NSSI and 41 without NSSI.

The processed analytic dataset contained no missing values,
and all 410 participants were included in the complete-case
analysis. The primary assessment-time model contained 67
candidate variables and generated 88 model inputs after one-hot
encoding. This corresponded to 4.09 NSSI cases and 2.03
non-NSSI cases per candidate variable, and 3.11 NSSI cases
and 1.55 non-NSSI cases per encoded model input.

The median age of the overall sample was 15 (IQR 13-16) years,
and 320 of the 410 (78.1%) participants were female.
Participants with NSSI were younger than those without NSSI
(median 14 years, IQR 13-16 years vs median 15 years, IQR
14-16 years; P<.001). The proportion of female participants
was also higher in the NSSI group than in the non-NSSI group
(232/274, 84.7% vs 88/136, 64.7%; P<.001). Education-level
distribution differed between the groups (P=.008). Smoking
was uncommon but was reported by 11 participants in the NSSI
group and none in the non-NSSI group (11/274, 4% vs 0/136,
0%; P=.02). No statistically significant between-group
differences were observed for BMI (P=.72), place of residence
(P=.36), drinking status (P=.06), family psychiatric history
(P=.84), or religious belief (P=.21). Other sociodemographic
characteristics are presented in Table 1.
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Table 1. Comparison of characteristics of depressed adolescents between the NSSIa group and the non-NSSI group (n=410).

P valueNSSITotal sampleSociodemographic variables

Yes (n=274)No (n=136)

<.001 bGender, n (%)

42 (46.7)48 (53.3)90 (22.0)Male

232 (72.5)88 (27.5)320 (78.0)Female

<.00114 (13-16)15 (14-16)15 (13-16)Age (years), median (IQR)

.006Education level, n (%)

23 (85.2)4 (14.8)27 (6.6)Primary school or below

163 (70.3)69 (29.7)232 (56.6)Junior middle school

88 (58.3)63 (41.7)151 (36.8)Senior high school

.7220.38 (18.41-22.83)20.34 (18.74-22.86)20.37 (18.49-22.85)BMI (kg/m2), median (IQR)

.36Residence, n (%)

148 (64.9)80 (35.1)228 (55.6)Urban

126 (69.2)56 (30.8)182 (44.4)Rural

.02Smoking, n (%)

11 (100.0)0 (0.0)11 (2.7)Yes

263 (65.9)136 (34.1)399 (97.3)No

.06Drinking, n (%)

7 (100.0)0 (0.0)7 (1.7)Yes

267 (66.3)136 (33.7)403 (98.3)No

.84Family psychiatric history, n (%)

9 (64.3)5 (35.7)14 (3.4)Yes

265 (66.9)131 (33.1)396 (96.6)No

.21Religious belief, n (%)

20 (57.1)15 (42.9)35 (8.5)Yes

254 (67.7)121 (32.3)375 (91.5)No

aNSSI: nonsuicidal self-injury.
bItalicized values are statistically significant (P<.05).

Physiological and biochemical characteristics are presented in
Table 2. Among the continuous physiological and biochemical
variables, participants with NSSI had lower creatinine
concentrations than those without NSSI (median 59 μmol/L,
IQR 52-65 μmol/L vs median 63 μmol/L, IQR 54-72 μmol/L;
P=.001), lower creatine kinase concentrations (median 64.5
U/L, IQR 51-82 U/L vs median 76 U/L, IQR 55-94.8 U/L;
P=.005), and lower fructosamine concentrations (median 1.97
mmol/L, IQR 1.86-2.11 mmol/L vs median 2.04 mmol/L, IQR
1.92-2.17 mmol/L; P=.009). No other continuous variable
showed a statistically significant between-group difference. In
particular, high-sensitivity C-reactive protein did not differ
significantly between the NSSI and non-NSSI groups (P=.19).
These univariable comparisons were descriptive and were not
used for feature selection or model development.

Clinical and behavioral characteristics according to past-year
NSSI status are summarized in Table 3. Suicidal ideation and
previous suicide attempt showed different distributions between
participants with and without past-year NSSI. Suicidal ideation
was reported by 221 of 274 (80.7%) participants with NSSI and
66 of 136 (48.5%) participants without NSSI (P<.001). A
previous suicide attempt was reported by 88 (32.1%) participants
with NSSI and 20 (14.7%) participants without NSSI (P<.001).
The distribution of psychotic-symptom categories differed
between the groups (P=.04), whereas depression-severity
categories did not (P=.52). First-episode status (P=.11), illness
duration (P=.08), verbal aggression (P=.26), and physical
aggression (P=.62) also did not differ significantly between the
groups.
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Table 2. Physiological and biochemical characteristics according to past-year NSSIa status.

P valueNSSITotal sample, median (IQR)Physiological and biochemical variables

Yes (n=274), median (IQR)No (n=136), median (IQR)

.860.22 (0.16-0.31)0.22 (0.16-0.283)0.22 (0.16-0.3)D-dimer (µg/mL)

.5111 (8.41-15.8)11.4 (8.54-16.2)11 (8.47-16)Thyroid peroxidase antibody (kU/L)

.491.43 (1.02-2.08)1.52 (1.04-2.21)1.46 (1.02-2.1)Thyroid-stimulating hormone (µIU/mL)

.965.16 (4.66-5.66)5.21 (4.68-5.63)5.19 (4.67-5.64)Free triiodothyronine (pmol/L)

.1916.3 (14.7-17.9)16.6 (14.6-18.8)16.4 (14.7-18.1)Free thyroxine (pmol/L)

.971.83 (1.61-2.05)1.83 (1.56-2.1)1.83 (1.6-2.06)Total triiodothyronine (nmol/L)

.8294.2 (82.8-105)93.9 (82.1-105)94 (82.4-105)Total thyroxine (nmol/L)

.979 (7-14)9 (7-14)9 (7-14)Alanine aminotransferase (U/L)

.9114 (12-17)14.5 (12.8-17)14 (12-17)Aspartate aminotransferase (U/L)

.951.6 (1.12-1.9)1.6 (1.2-2)1.6 (1.2-1.9)Aspartate aminotransferase-to-alanine
aminotransferase ratio

.1667.3 (64.7-70.8)68.5 (64.9-72.2)67.7 (64.7-71.2)Total protein (g/L)

.1244 (42.2-45.8)44.3 (42.6-47)44.1 (42.3-46.2)Albumin (g/L)

.3123.5 (21.6-25.7)23.7 (21.9-26.1)23.5 (21.7-25.9)Globulin (g/L)

.931.88 (1.7-2.07)1.89 (1.71-2.03)1.88 (1.7-2.06)Albumin-to-globulin ratio

.45230 (205-263)232 (204-272)231 (205-268)Prealbumin (mg/L)

.077.2 (5-10.5)8 (5.6-11.9)7.35 (5.1-11)Total bilirubin (µmol/L)

.082.9 (2.2-3.9)3.2 (2.38-4.33)3 (2.23-4.1)Direct bilirubin (µmol/L)

.074.15 (2.8-6.4)4.8 (3.27-7.67)4.35 (2.9-6.67)Indirect bilirubin (µmol/L)

.35102 (79-136)95.5 (78.8-134)99 (79-135)Alkaline phosphatase (U/L)

.2512 (9-16)12 (10-16)12 (9-16)Gamma-glutamyl transferase (U/L)

.5617.1 (14.2-20)17.5 (14.1-21.1)17.2 (14.1-20.6)Alpha-L-fucosidase (U/L)

.794.71 (4.46-4.94)4.71 (4.46-4.96)4.71 (4.46-4.95)Fasting blood glucose (mmol/L)

.062.8 (1.8-4.7)3.4 (2-5.9)3 (1.8-5.17)Total bile acid (µmol/L)

.009 b1.97 (1.86-2.11)2.04 (1.92-2.17)1.98 (1.87-2.13)Fructosamine (mmol/L)

.153.9 (3.2-4.6)4 (3.38-4.83)3.9 (3.3-4.7)Blood urea nitrogen (mmol/L)

.00159 (52-65)63 (54-72)60 (53-67)Creatinine (µmol/L)

.23302 (253-348)306 (262-374)302 (255-358)Uric acid (µmol/L)

.300.94 (0.725-1.22)0.99 (0.75-1.36)0.96 (0.74-1.27)Triglycerides (mmol/L)

.723.91 (3.47-4.38)3.97 (3.45-4.47)3.93 (3.46-4.39)Total cholesterol (mmol/L)

.481.19 (1.07-1.37)1.17 (1.05-1.36)1.19 (1.06-1.37)High-density lipoprotein cholesterol
(mmol/L)

.952.29 (1.94-2.73)2.3 (1.94-2.73)2.3 (1.94-2.73)Low-density lipoprotein cholesterol
(mmol/L)

.761.28 (1.14-1.46)1.27 (1.14-1.47)1.28 (1.14-1.47)Apolipoprotein A (g/L)

.130.72 (0.62-0.867)0.755 (0.65-0.885)0.73 (0.63-0.87)Apolipoprotein B (g/L)

.3790.2 (46-226)74.7 (36-253)85.9 (43.1-244)Lipoprotein(a) (mg/L)

.00564.5 (51-82)76 (55-94.8)66.5 (53-88)Creatine kinase (U/L)

.09154 (140-170)158 (143-174)155 (141-171)Lactate dehydrogenase (U/L)

.1410 (8-13)10 (8-14)10 (8-13)Homocysteine (µmol/L)

.404 (3.86-4.2)4.04 (3.87-4.2)4.01 (3.86-4.2)Potassium (mmol/L)
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P valueNSSITotal sample, median (IQR)Physiological and biochemical variables

Yes (n=274), median (IQR)No (n=136), median (IQR)

.68139 (138-141)139 (138-141)139 (138-141)Sodium (mmol/L)

.60104 (103-105)104 (103-106)104 (103-106)Chloride (mmol/L)

.782.31 (2.26-2.38)2.31 (2.26-2.39)2.31 (2.26-2.38)Calcium (mmol/L)

.190.87 (0.83-0.91)0.88 (0.84-0.92)0.87 (0.83-0.92)Magnesium (mmol/L)

.591.48 (1.38-1.59)1.49 (1.37-1.61)1.48 (1.37-1.6)Phosphorus (mmol/L)

.4616.2 (11.5-21.2)16.6 (12.4-21)16.3 (11.7-21.2)Serum iron (µmol/L)

.190.25 (0.15-0.66)0.32 (0.177-0.535)0.27 (0.16-0.6)High-sensitivity C-reactive protein (mg/L)

.570.92 (0.83-1.04)0.92 (0.79-1.04)0.92 (0.82-1.04)Complement C3 (g/L)

.740.17 (0.13-0.22)0.17 (0.14-0.21)0.17 (0.14-0.21)Complement C4 (g/L)

.4561 (49-74)62 (49-76.5)61 (49-74)Amylase (U/L)

.1126.9 (17.3-39.7)23.2 (15.4-37)25.8 (16.3-39)Prolactin (ng/mL)

aNSSI: nonsuicidal self-injury.
bItalicized values are statistically significant (P<.05).
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Table 3. Clinical and behavioral characteristics according to past-year NSSIa status.

P valueNSSI (n=274)Non-NSSI (n=136)Total sample (N=410)Characteristic

.04Psychotic-symptom category, n (%)

100 (36.5)34 (25.0)134 (32.7)No psychotic symptoms

123 (44.9)77 (56.6)200 (48.8)Psychotic symptoms present

51 (18.6)25 (18.4)76 (18.5)Other/uncategorized category

.52Depression-grade category, n (%)

18 (6.6)6 (4.4)24 (5.9)Other/uncategorized category

1 (0.4)2 (1.5)3 (0.7)Mild depression

21 (7.7)10 (7.4)31 (7.6)Moderate depression

234 (85.4)118 (86.8)352 (85.9)Severe depression

.0812 (8.25-24)12 (6-24)12 (8-24)Duration of illness (months), median (IQR)

.11First episode, n (%)

206 (75.2)92 (67.6)298 (72.7)No

68 (24.8)44 (32.4)112 (27.3)Yes

<.001Suicidal ideation, n (%)

53 (19.3)70 (51.5)123 (30.0)No

221 (80.7)66 (48.5)287 (70.0)Yes

<.001Previous suicide attempt, n (%)

186 (67.9)116 (85.3)302 (73.7)No

88 (32.1)20 (14.7)108 (26.3)Yes

.26Verbal aggression, n (%)

235 (85.8)122 (89.7)357 (87.1)No

39 (14.2)14 (10.3)53 (12.9)Yes

.62Physical aggression, n (%)

261 (95.3)131 (96.3)392 (95.6)No

13 (4.7)5 (3.7)18 (4.4)Yes

aNSSI: nonsuicidal self-injury.

Model Development and Held-Out Test-Set
Performance
In training-set cross-validation, the SVM with a radial basis
function kernel achieved the highest mean AUROC (mean
AUROC 0.720, SD 0.046). This was followed by logistic
regression (mean AUROC 0.716, SD 0.049), SVM linear (mean
AUROC 0.716, SD 0.025), decision tree (mean AUROC 0.709,
SD 0.054), random forest (mean AUROC 0.703, SD 0.050),
SVM sigmoid (mean AUROC 0.702, SD 0.062), and SVM
polynomial (mean AUROC 0.680, SD 0.037). The relatively
small differences in mean AUROC and overlapping
cross-validation variability did not indicate clear separation in
model performance during development. Detailed
cross-validation results and optimized hyperparameters for all

evaluated models are provided in Table S1 in Multimedia
Appendix 1.

In the untouched held-out test set, the random forest had the
highest observed AUROC and AUPRC among the 7 evaluated
machine learning models (Table 4). Its AUROC was 0.681 (95%
CI 0.583-0.778), and its AUPRC was 0.808 (95% CI
0.741-0.874). At the prespecified probability threshold of 0.50,
the random forest had an accuracy of 0.667 (95% CI
0.585-0.748), sensitivity of 0.720 (95% CI 0.622-0.817),
specificity of 0.561 (95% CI 0.415-0.707), positive predictive
value of 0.766 (95% CI 0.703-0.835), negative predictive value
of 0.500 (95% CI 0.395-0.622), and F1-score of 0.742 (95% CI
0.671-0.810). The corresponding confusion matrix contained
59 true-positive, 23 false-negative, 23 true-negative, and 18
false-positive classifications.
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Table 4. Performance of the 7 machine learning models in the untouched held-out test set.a

Brier score
(95% CI)

F1-score
(95% CI)

NPVe (95%
CI)

PPVd (95%
CI)

Specificity
(95% CI)

Sensitivity
(95% CI)

Accuracy
(95% CI)

AUPRCc

(95% CI)
AUROCb

(95% CI)

Model

0.212
(0.188-
0.236)

0.742
(0.671-
0.810)

0.500
(0.395-
0.622)

0.766
(0.703-
0.835)

0.561
(0.415-
0.707)

0.720
(0.622-
0.817)

0.667
(0.585-
0.748)

0.808
(0.741-
0.874)

0.681
(0.583-
0.778)

Random forest

0.237
(0.202-
0.276)

0.707
(0.621-
0.778)

0.473
(0.385-
0.566)

0.779
(0.708-
0.852)

0.634
(0.488-
0.780)

0.646
(0.537-
0.744)

0.642
(0.561-
0.724)

0.752
(0.696-
0.811)

0.647
(0.552-
0.737)

Decision tree

0.242
(0.211-
0.274)

0.701
(0.623-
0.773)

0.451
(0.349-
0.553)

0.750
(0.677-
0.825)

0.561
(0.415-
0.707)

0.659
(0.561-
0.756)

0.626
(0.537-
0.707)

0.730
(0.659-
0.826)

0.620
(0.512-
0.726)

Logistic regres-
sion

0.219
(0.195-
0.245)

0.772
(0.729-
0.812)

0.438
(0.214-
0.684)

0.682
(0.649-
0.720)

0.171
(0.073-
0.293)

0.890
(0.817-
0.951)

0.650
(0.593-
0.707)

0.746
(0.672-
0.840)

0.619
(0.517-
0.722)

SVMf-RBFg

0.218
(0.200-
0.237)

0.753
(0.713-
0.786)

0.182
(0.000-
0.444)

0.652
(0.627-
0.675)

0.049
(0.000-
0.122)

0.890
(0.817-
0.951)

0.610
(0.561-
0.659)

0.756
(0.683-
0.838)

0.617
(0.510-
0.722)

SVM sigmoid

0.223
(0.194-
0.252)

0.778
(0.731-
0.823)

0.500
(0.294-
0.714)

0.699
(0.660-
0.743)

0.244
(0.122-
0.390)

0.878
(0.805-
0.951)

0.667
(0.602-
0.732)

0.716
(0.651-
0.814)

0.613
(0.504-
0.722)

SVM linear

0.224
(0.202-
0.247)

0.779
(0.738-
0.817)

0.467
(0.222-
0.714)

0.685
(0.652-
0.721)

0.171
(0.073-
0.293)

0.902
(0.829-
0.963)

0.659
(0.602-
0.715)

0.715
(0.646-
0.811)

0.577
(0.465-
0.684)

SVM polynomi-
al

aAll metrics were evaluated in the same held-out test set (n=123) at a probability threshold of 0.50, except AUROC, AUPRC, and Brier score, which
are threshold-independent. CIs were obtained from 2000 stratified bootstrap resamples.
bAUROC: area under the receiver operating characteristic curve.
cAUPRC: area under the precision-recall curve.
dPPV: positive predictive value.
eNPV: negative predictive value.
fSVM: support vector machine.
gRBF: radial basis function kernel.

The decision tree showed the second-highest observed test-set
AUROC at 0.647, followed by logistic regression (0.620),
support vector machine with a radial basis function kernel
(SVM-RBF; 0.619), SVM sigmoid (0.617), SVM linear (0.613),
and SVM polynomial (0.577). Several SVM variants had higher
sensitivity but lower specificity at the 0.50 threshold. Sensitivity
ranged from 0.878 to 0.902 among the 4 SVM models, whereas
specificity ranged from 0.049 to 0.244. In comparison, the
random forest had a sensitivity of 0.720 and specificity of 0.561
at the same threshold.

Although the random forest showed numerically higher test-set
AUROCs than the alternative models, none of the 6 pairwise
comparisons remained statistically significant after Holm
correction (Holm-adjusted P values ranged from .17 to .81).
The largest observed difference was between the random forest
and SVM polynomial (AUROC difference 0.104, 95% CI
0.011-0.197; unadjusted P=.03; Holm-adjusted P=.17). The
difference between the random forest and the SVM-RBF model,
which achieved the highest cross-validation AUROC during
model development, was 0.062 (95% CI –0.027 to 0.152;
unadjusted P=.17; Holm-adjusted P=.81). Therefore, the random

forest was selected as the focal exploratory model for subsequent
interpretation based on its overall held-out test-set performance
and suitability for nonlinear interpretation; these comparisons
did not demonstrate statistical superiority. Full pairwise AUROC
comparisons between the random forest and alternative models
are presented in Table S2 in Multimedia Appendix 1.

Calibration and Decision-Curve Analysis
Calibration performance of the random forest model is
summarized in Table 4 and illustrated in Figure 2B. The model
achieved a Brier score of 0.212 (95% CI 0.188-0.236), with a
calibration intercept of 0.457 and a calibration slope of 1.013.
The calibration slope was close to the ideal value of 1, indicating
that the spread of predicted probabilities was generally
consistent with the observed outcomes. However, the positive
calibration intercept suggested that the model tended to
underestimate the overall observed probability of past-year
NSSI. Across the 6 calibration groups, mean predicted
probabilities ranged from 0.343 to 0.767, whereas the
corresponding observed NSSI proportions ranged from 0.429
to 0.905.

JMIR Pediatr Parent 2026 | vol. 9 | e95340 | p. 12https://pediatrics.jmir.org/2026/1/e95340
(page number not for citation purposes)

Liu et alJMIR PEDIATRICS AND PARENTING

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


Figure 2. Performance evaluation and clinical utility analysis of the machine learning models. (A) Receiver operating characteristic (ROC) curves for
the 7 model variants in the untouched held-out test set. (B) Calibration plot for the focal random forest model. (C) Decision curve analysis, with the
random forest model highlighted. The modeled clinical action was referral for a comprehensive, structured nonsuicidal self-injury (NSSI) assessment
rather than automatic diagnosis or treatment. RBF: radial basis function kernel; SVM: support vector machine.

Decision-curve analysis of the random forest model is shown
in Figure 2C. The random forest demonstrated greater net benefit
than both the assess-all and assess-none strategies across the
main continuous threshold-probability range of approximately
0.51-0.80. At the prespecified threshold probability of 0.50, the
net benefit of the random forest was approximately equivalent
to that of the assess-all strategy. Compared with the other
evaluated models, the random forest had the highest
model-specific net benefit only within selected threshold
intervals rather than across the entire probability range. These
intervals included 0.01-0.10, 0.12-0.26, 0.34, 0.37-0.38,
0.45-0.46, 0.50-0.52, 0.56, 0.72-0.73, 0.76-0.77, and 0.79-0.80.
Overall, the random forest had the highest model-specific net
benefit at 40 of 80 (50%) evaluated threshold probabilities,
indicating potential usefulness for identifying adolescents who

may benefit from further structured NSSI assessment rather
than serving as a standalone diagnostic tool.

RF Incremental-Value and Sensitivity Analyses
Incremental-value and sensitivity analyses of the focal random
forest model are summarized in Table 5. The
suicidal-ideation-only logistic regression benchmark achieved
an AUROC of 0.701 (95% CI 0.616-0.780), which was
numerically higher than the AUROC of 0.681 for the full
multidimensional random forest model. However, the difference
between the full random forest and the suicidal-ideation-only
benchmark was not statistically significant (AUROC difference
–0.020, 95% CI –0.079 to 0.038). A benchmark model including
both suicidal ideation and previous suicide attempt achieved an
AUROC of 0.697 (95% CI 0.594-0.790).
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Table 5. Incremental-value and sensitivity analyses of the focal random forest model.

Brier scoreSpecificitySensitivityAccuracyAUPRCbAUROCa (95% CI)Analysis

0.2280.6100.7930.7320.7740.701 (0.616-0.780)SIc-only logistic benchmark

0.2260.6100.7930.7320.7700.697 (0.594-0.790)SI + previous-attempt logistic benchmark

0.2280.6340.6460.6420.7730.676 (0.559-0.778)RFd: basic clinical model

0.2240.6100.6590.6420.7880.682 (0.573-0.781)RF: clinical variables only

0.2120.5610.7200.6670.8080.681 (0.581-0.778)RF: full multidimensional model

0.2330.3170.8290.6590.7170.540 (0.429-0.655)RF: without SI and SAe

0.2380.2680.7930.6180.6850.513 (0.409-0.622)RF: biochemical variables only

0.2530.5850.3900.4550.6610.488 (0.396-0.579)RF: family/context variables only

0.2130.5610.7200.6670.8250.692 (0.597-0.785)RF: without sex

0.2140.5370.7320.6670.8080.678 (0.582-0.776)RF: without residence

0.2130.5610.7070.6590.8060.676 (0.570-0.774)RF: without FHf and residence

0.2140.5610.7320.6750.8050.677 (0.570-0.776)RF: including length of stay

0.2120.6100.7070.6750.8050.697 (0.593-0.798)RF: training-only SMOTENCg sensitivity

aAUROC: area under the receiver operating characteristic curve.
bAUPRC: area under the precision-recall curve.
cSI: suicidal ideation.
dRF: random forest.
eSA: suicide attempt.
fFH: family psychiatric history.
gSMOTENC: Synthetic Minority Over-Sampling Technique for Nominal and Continuous.

Removing suicidality-related variables reduced model
discrimination. The random forest without suicidal ideation and
previous suicide attempt achieved an AUROC of 0.540 (95%
CI 0.429-0.655), compared with 0.681 for the full model
(AUROC difference 0.141, 95% CI 0.045-0.237; Holm-adjusted
P=.048). This finding indicated that suicidality-related variables
contributed substantially to the full model’s discrimination of
concurrent NSSI status in this sample, while also highlighting
the close conceptual relationship between NSSI and
suicidality-related clinical features.

Domain-specific sensitivity analyses showed that the
clinical-only random forest achieved an AUROC of 0.682 (95%
CI 0.573-0.781), which was comparable with that of the full
multidimensional model (AUROC difference –0.001). The basic
clinical random forest achieved an AUROC of 0.676 (95% CI
0.559-0.778). By contrast, the biochemical-only model achieved
an AUROC of 0.513 (95% CI 0.409-0.622), and the available
family/context-only model achieved an AUROC of 0.488 (95%
CI 0.396-0.579). The full random forest model showed higher
discrimination than the biochemical-only and available
family/context-only models after Holm correction (adjusted
P=.048 and .03, respectively). These findings did not
demonstrate measurable incremental discrimination from adding
the available biochemical variables to the clinical features.

Sensitivity analyses addressing potential demographic and
contextual influences showed minimal changes in model
performance. Excluding sex resulted in an AUROC of 0.692,
excluding residence resulted in an AUROC of 0.678, and

excluding both family psychiatric history and residence resulted
in an AUROC of 0.676. Adding completed length of stay also
did not improve discrimination (AUROC 0.677). These results
indicated that excluding sex, residence, available family-context
variables, or completed length of stay had limited effects on
model discrimination in our sample.

In the class-imbalance sensitivity analysis, SMOTENC was
applied exclusively within the training data. The resulting
random forest achieved an AUROC of 0.697 (95% CI
0.593-0.798), an AUPRC of 0.805 (95% CI 0.735-0.879), an
accuracy of 0.675, sensitivity of 0.707, specificity of 0.610, and
Brier score of 0.212. The calibration slope was 0.959. These
results were broadly consistent with those of the primary
class-weighted random forest model, indicating that the observed
model performance was not substantially altered by the approach
used to address class imbalance. The AUROC distributions of
these incremental-value and ablation analyses, with bootstrap
CIs, are additionally presented in Figure S1 in Multimedia
Appendix 1.

Sex- and Residence-Specific Performance
Exploratory subgroup analyses according to sex and residence
are summarized in Table S3 in Multimedia Appendix 1. Among
male participants in the held-out test set (n=26; 15 with NSSI
and 11 without NSSI), the random forest had an AUROC of
0.776 (95% CI 0.576-0.945). At the 0.50 threshold, sensitivity
was 0.267 and specificity was 1.000. Among female participants
(n=97; 67 with NSSI and 30 without NSSI), the AUROC was
0.665 (95% CI 0.548-0.777), sensitivity was 0.821, and
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specificity was 0.400. The wide CI among male participants
and the markedly different sensitivity-specificity profiles
indicated substantial uncertainty in the subgroup-specific
performance estimates.

Among participants coded as urban residents in the held-out
test set (n=74; 50 with NSSI and 24 without NSSI), the random
forest had an AUROC of 0.718 (95% CI 0.587-0.835),
sensitivity of 0.660, and specificity of 0.667. Among participants
coded as rural residents (n=49; 32 with NSSI and 17 without
NSSI), the AUROC was 0.619 (95% CI 0.445-0.778), sensitivity
was 0.813, and specificity was 0.412. The CIs overlapped, and
removal of residence from the full model resulted in minimal
change in overall AUROC. Hospital-specific performance and
leave-one-hospital-out validation could not be evaluated because
the processed analytic dataset did not contain a hospital-site
identifier.

Random Forest Model Interpretation
According to Gini impurity–based importance, the 5
highest-ranked variables in the focal random forest model were
suicidal ideation, sex, creatinine, T3, and TSH. Their
corresponding Gini importance values were 0.157, 0.096, 0.032,
0.030, and 0.028, respectively. Previous suicide attempt ranked
10th, high-sensitivity C-reactive protein ranked 12th, and age
ranked 17th among the 67 candidate variables. All candidate
variables remained included in the fitted random forest model;
Figure 3 displays the 20 highest-ranked variables according to
Gini importance for visual clarity. Gini importance reflects the
contribution of each variable to impurity reduction within the
fitted tree ensemble and should not be interpreted as evidence
of a causal relationship.

Figure 3. The 20 highest-ranked variables according to Gini importance in the focal random forest model. The fitted random forest included all 67
candidate variables; only the 20 highest-ranked variables are shown for visual clarity. AA: amylase; ALB: albumin; ALP: alkaline phosphatase; APOB:
apolipoprotein B; CC3: complement component C3; CK: creatine kinase; CR: creatinine; FA: free fatty acid; FBG: fasting blood glucose; HSCRP:
high-sensitivity C-reactive protein; IBIL: indirect bilirubin; PRL: prolactin; SA: suicide attempt; SI: self-injury; SL: aspartate aminotransferase-to-alanine
aminotransferase ratio; T3: total triiodothyronine; T4: total thyroxine; TSH: thyroid-stimulating hormone.

Mean absolute SHAP values showed a broadly similar ranking
pattern. Suicidal ideation, sex, creatinine, T3, and TSH were

again among the 5 highest-ranked variables, followed by
previous suicide attempt, creatine kinase, prolactin, age, and
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the aspartate aminotransferase-to-alanine aminotransferase ratio.
The Gini importance and mean absolute SHAP rankings were
strongly correlated (Spearman ρ=0.917, P<.001), showing
substantial agreement between the 2 model-specific importance
measures. A detailed comparison of variable rankings across
Gini importance, SHAP values, and permutation importance is
provided in Table S4 in Multimedia Appendix 1. However,
differences in individual rankings were observed, reflecting that
Gini importance and SHAP values capture different aspects of
variable contribution within tree-based models.

Test-set permutation importance provided a more conservative
assessment of feature contribution on unseen data. Permuting
suicidal ideation resulted in the largest reduction in test-set
AUROC (mean decrease 0.134), which was substantially greater
than the reductions associated with amylase (mean decrease
0.014), age (mean decrease 0.006), previous suicide attempt
(mean decrease 0.005), free thyroxine (mean decrease 0.004),
and creatine kinase (mean decrease 0.004). Although sex, T3,
and TSH ranked highly according to Gini importance and SHAP
values, their mean permutation importance values were negative
(–0.002, –0.011, and –0.003, respectively; Figure 4).
High-sensitivity C-reactive protein ranked 12th according to
Gini importance and 20th according to SHAP values but also
showed negative permutation importance. These findings

indicated that suicidal ideation showed the most consistent
model-specific contribution across the interpretation approaches,
whereas the apparent contribution of several physiological
variables varied depending on the interpretation method.

The SHAP beeswarm plot further characterized the direction
and distribution of variable contributions within the fitted
random forest model (Figure 5). The presence of suicidal
ideation generally showed positive SHAP values, indicating a
shift in model output toward classification as NSSI=1. Female
sex also tended to contribute positively toward the NSSI class.
In the continuous-feature dependence analyses, feature values
were inversely correlated with SHAP contributions for creatinine
(Spearman ρ=–0.909), T3 (Spearman ρ=–0.758), TSH
(Spearman ρ=–0.901), age (Spearman ρ=–0.896), and creatine
kinase (Spearman ρ=–0.692), whereas prolactin values showed
a positive correlation with SHAP contributions (Spearman
ρ=0.767). Within the fitted model, lower creatinine, T3, TSH,
age, and creatine kinase values tended to shift predictions toward
NSSI classification, whereas higher prolactin values tended to
shift predictions toward NSSI classification. The creatine kinase
pattern was interpreted cautiously because its distribution in the
held-out test set was heterogeneous (range 24-3935 U/L). These
SHAP-based patterns describe fitted-model behavior and should
not be interpreted as causal or prospective effects.
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Figure 4. Mean absolute Shapley Additive Explanations (SHAP) values for the 20 highest-ranked variables in the focal random forest model. Mean
absolute SHAP values quantify the magnitude of each variable's contribution to the model output but do not indicate the direction of the association.
AA: amylase; ALP: alkaline phosphatase; APOB: apolipoprotein B; CC3: complement component C3; CK: creatine kinase; CR: creatinine; FA: free
fatty acid; FBG: fasting blood glucose; HSCRP: high-sensitivity C-reactive protein; IBIL: indirect bilirubin; PRL: prolactin; PS: previous suicide
attempt; SA: suicide attempt; SI: self-injury; SL: aspartate aminotransferase-to-alanine aminotransferase ratio; T3: total triiodothyronine; T4: total
thyroxine; TG: triglyceride; TSH: thyroid-stimulating hormone.
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Figure 5. Shapley Additive Explanations (SHAP) beeswarm plot for the 20 highest-ranked variables in the focal random forest model. Positive SHAP
values indicate contributions toward classification as nonsuicidal self-injury (NSSI)=1. Red points represent higher feature values, and blue points
represent lower feature values. SHAP values describe the fitted model output and should not be interpreted as causal effects. AA: amylase; ALP: alkaline
phosphatase; APOB: apolipoprotein B; CC3: complement component C3; CK: creatine kinase; CR: creatinine; FA: free fatty acid; FBG: fasting blood
glucose; HSCRP: high-sensitivity C-reactive protein; IBIL: indirect bilirubin; PRL: prolactin; PS: previous suicide attempt; SA: suicide attempt; SI:
self-injury; SL: aspartate aminotransferase-to-alanine aminotransferase ratio; T3: total triiodothyronine; TG: triglyceride; TSH: thyroid-stimulating
hormone.
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Discussion

Principal Findings
In this study, we evaluated 7 supervised machine learning
models for classifying past-year NSSI status among adolescents
with depressive disorders using multidimensional clinical,
behavioral, and biochemical variables. The support vector
machine with a radial basis function kernel achieved the highest
mean AUROC during training-set cross-validation, whereas the
random forest had the highest observed AUROC and AUPRC
and the lowest Brier score in the untouched held-out test set
among the evaluated models. However, the random forest did
not demonstrate statistically significant superiority over
alternative algorithms after correction for multiple comparisons.
The discrepancy between training-set and held-out test-set
rankings suggests that algorithm rankings may be unstable in
relatively small clinical datasets.

Previous applications of machine learning to suicidal and
self-injurious outcomes have demonstrated the potential of these
approaches for classification and prediction [40]. However,
systematic reviews have also identified methodological
limitations, including inconsistent reporting and a lack of
validation in external samples [41]. Recent longitudinal work
has applied machine learning to identify clinical predictors of
persistent NSSI trajectories among adolescents [37], while other
NSSI-focused studies have reported favorable internal
classification performance using machine learning algorithms
[42]. Nevertheless, independent validation remains essential
before such models can be considered for clinical
implementation. Transparent reporting of model development
and validation is important for evaluating the reliability and
reproducibility of clinical prediction research [43], while careful
assessment of risk of bias and applicability is required to identify
potential methodological limitations [44]. The most consistent
contributor to discrimination in the focal random forest model
was suicidal ideation. The suicidal-ideation-only logistic
regression benchmark achieved discrimination comparable to
that of the random forest, whereas removal of suicidal ideation
and previous suicide attempt substantially reduced random forest
performance. These findings indicate that direct
suicidality-related information accounted for a considerable
proportion of the model’s classification ability in this sample.
Longitudinal evidence has shown that adolescents engaging in
NSSI or nonsuicidal self-harm are at increased risk of
subsequent suicide attempts [45]. Prospective evidence further
suggests that the co-occurrence of NSSI and suicidal ideation
may identify adolescents at particularly elevated risk of
subsequent suicide attempts [46]. Nevertheless, NSSI is
conceptually distinguished from suicidal behavior by the absence
of suicidal intent [47]. NSSI may serve multiple psychological
and interpersonal functions, including regulation of negative
affect and other intrapersonal or interpersonal functions [48].
Real-time monitoring studies further demonstrate substantial
between-person and within-person variability in the functions
of NSSI over time [49]. Person-centered analyses likewise
support substantial heterogeneity in NSSI presentations and
behavioral patterns [50].

Therefore, the prominent contribution of suicidal ideation in
our model should not be interpreted as indicating that NSSI can
be reduced to suicidality-related variables. Rather, our findings
reinforce the importance of directly assessing suicidal ideation
and previous suicidal behavior while maintaining a separate
and comprehensive assessment of NSSI characteristics. In
clinical practice, models incorporating suicidality-related
information could potentially help organize complex patient
information and identify adolescents who may warrant more
comprehensive assessment, but they should complement rather
than replace clinical judgment.

By contrast, biochemical variables did not demonstrate clear
incremental discrimination beyond the available clinical
information. Although creatinine, T3, TSH, creatine kinase, and
prolactin appeared among the higher-ranked variables according
to Gini importance or SHAP values, their contributions were
less consistent in permutation-based analyses. Previous research
has identified differences in inflammatory and immune-related
biomarkers between adolescents with depression and healthy
controls, although findings remain heterogeneous [51].
Peripheral biological correlates have also been investigated in
relation to suicidality among children and adolescents, but their
clinical utility remains uncertain [52]. More specifically,
emerging research has suggested a possible role of inflammatory
processes in adolescent depression accompanied by NSSI [53].
Neuroendocrine mechanisms may also be relevant, with studies
reporting associations between NSSI and variations in
testosterone and cortisol levels [54]. Alterations in the
hypothalamic-pituitary-thyroid axis have similarly been reported
among adolescents with major depressive disorder and NSSI
[55]. However, these findings remain insufficient to establish
clinically reliable biomarkers. In this study, high-sensitivity
C-reactive protein did not differ significantly between
participants with and without NSSI despite appearing among
the higher-ranked variables in some model-interpretation
analyses. This discrepancy illustrates an important limitation
of interpreting variable importance in complex machine learning
models: a variable that contributes to model discrimination does
not necessarily represent an independent biological mechanism
or causal risk factor [56]. Explainability methods may provide
information about model behavior, but they should not be
assumed to ensure trustworthy patient-level decision support
or to substitute for rigorous model validation [57]. Tree-based
algorithms can capture nonlinear relationships, interactions, and
conditional dependencies that may not be apparent in
conventional univariable comparisons. Accordingly, the
physiological variables identified in this study should be
interpreted as contributors to fitted-model behavior rather than
as established biomarkers or causal determinants of NSSI.

The random forest demonstrated acceptable calibration
characteristics and potential clinical usefulness within selected
threshold ranges in decision-curve analysis. However, these
findings do not justify automated diagnosis, treatment selection,
hospitalization decisions, or direct risk labeling of adolescents.
Evaluation of clinical prediction models should extend beyond
discrimination alone and include calibration, validation, and
assessment of potential clinical usefulness [58]. Decision-curve
analysis provides a framework for estimating net clinical benefit
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across different threshold probabilities [59]. Nevertheless,
favorable decision-curve results cannot substitute for prospective
evaluation of whether use of a model actually improves clinical
outcomes. Similarly, although explainability methods can
provide information about how a model generates its predictions,
such explanations should not be assumed to ensure trustworthy
patient-level decision support or to substitute for rigorous model
validation [57]. Translation of AI from retrospective model
development into clinical practice therefore requires staged and
rigorous evaluation of real-world performance and clinical utility
[60]. Trustworthy implementation also requires attention to
robustness, fairness, transparency, usability, and potential
unintended harms throughout the model life cycle [61].
Importantly, meaningful clinician oversight should remain
central when AI is used to support decisions in complex and
high-stakes psychiatric settings [62].

Another important consideration is the limited representation
of family and broader social-contextual factors in the present
model. Family dynamics have been consistently associated with
self-harm and suicidality among children and adolescents [63].
Peer relationships, including interpersonal difficulties and social
experiences, may also contribute meaningfully to the
development and maintenance of self-harm thoughts and
behaviors [64]. As the available dataset contained relatively
limited information regarding family functioning, peer
relationships, interpersonal stressors, social support, and adverse
experiences, the model may not have fully captured important
developmental and interpersonal pathways associated with
NSSI. Future models may therefore benefit from incorporating
more comprehensive psychosocial assessments alongside clinical
and biological information. Standardized measures of family
functioning, peer relationships, emotion regulation, adverse
experiences, and social support could help determine whether
these variables provide meaningful incremental value beyond
readily available clinical indicators. In addition, clinical
evaluation of AI systems should consider whether the
information provided by a model is understandable, actionable,
and compatible with real-world clinical workflows [60]. Broader
frameworks for trustworthy health care AI also emphasize the
importance of human-centered development and stakeholder
involvement when models are intended for clinical use [61].
Involving adolescents, caregivers, and clinicians in future model
development and evaluation may therefore improve the clinical
relevance and acceptability of prediction tools.

Overall, our findings suggest that machine learning can integrate
multidimensional clinical information to assist in identifying
adolescents with depressive disorders who report past-year
NSSI. However, the substantial contribution of suicidal ideation
and previous suicidal behavior indicates that much of the
model’s discriminatory ability was derived from established
clinical indicators rather than from biochemical information.
The comparable discrimination achieved by the
suicidal-ideation-only benchmark further suggests that the
incremental value of a more complex multidimensional model
should be interpreted cautiously. Nevertheless, machine learning
may provide a means of integrating heterogeneous information

and capturing complex patterns that may not be readily identified
using conventional approaches. Rather than replacing standard
clinical assessment, interpretable machine learning may be most
appropriately positioned as an adjunctive tool for organizing
multidimensional information, identifying patterns that warrant
further evaluation, and supporting comprehensive clinician-led
assessment.

Limitations
Several limitations warrant consideration. First, the sample size
was relatively small and drawn from psychiatric clinical settings
in Zhejiang Province, which may limit the generalizability of
the findings. Second, the cross-sectional design precludes causal
inferences; therefore, future longitudinal studies involving larger
and more diverse populations are needed to externally validate
and refine these models and to evaluate their prospective
performance. Lastly, incorporating self-reported psychosocial
data, such as family dynamics and peer relationships, alongside
clinician-assessed information could provide a more
comprehensive representation of the psychosocial factors
relevant to NSSI.

Implication
This study provides clinical and research implications for
understanding the clinical characteristics associated with NSSI
among adolescents with depressive disorders. By integrating
demographic, physiological, biochemical, and behavioral
variables, this study demonstrates the potential of combining
multidimensional information to characterize clinical profiles
associated with NSSI. The interpretable machine learning
approach may assist in identifying adolescents with past-year
NSSI and provide information to support comprehensive
assessment. Importantly, the model should be considered a
decision-support tool rather than a replacement for clinical
judgment. Future studies incorporating larger samples,
longitudinal designs, external validation, and richer psychosocial
information are warranted to further evaluate the robustness,
generalizability, and clinical applicability of such models. These
findings may contribute to the development of more
individualized assessment strategies and support the
identification of adolescents who may benefit from
comprehensive evaluation and targeted clinical support.

Conclusions
This study demonstrates the potential utility of integrating
multidimensional clinical, behavioral, and biochemical data
with interpretable machine learning approaches to classify
past-year NSSI status among adolescents with depressive
disorders. The findings suggest that machine learning models
integrating heterogeneous information may provide
complementary support for comprehensive clinical assessment.
However, further validation in larger and independent cohorts,
particularly using longitudinal designs, is required before clinical
implementation. Ultimately, interpretable machine learning
models may serve as useful adjuncts to clinician-led assessment
and may contribute to improving the identification and
evaluation of adolescents with NSSI.
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