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Abstract
Aims. The epidemiology and age-specific patterns of lifetime suicide attempts (LSA) in China
remain unclear. We aimed to examine age-specific prevalence and predictors of LSA among
Chinese adults using machine learning (ML).
Methods. We analyzed 25,047 adults in the 2024 Psychology and Behavior Investigation of
Chinese Residents (PBICR-2024), stratified into three age groups (18–24, 25–44, ≥ 45 years).
Thirty-seven candidate predictors across six domains—sociodemographic, physical health,
mental health, lifestyle, social environment, and self-injury/suicide history—were assessed.
Five ML models—random forest, logistic regression, support vector machine (SVM), Extreme
Gradient Boosting (XGBoost), and Naive Bayes—were compared. SHapley Additive exPlana-
tions (SHAP) were used to quantify feature importance.
Results. The overall prevalence of LSA was 4.57% (1,145/25,047), with significant age differ-
ences: 8.10% in young adults (18–24), 4.67% in adults aged 25–44, and 2.67% in older adults
(≥45). SVMachieved the best test-set performance across all ages [area under the curve (AUC)
0.88–0.94, sensitivity 0.79–0.87, specificity 0.81–0.88], showing superior calibration and net
clinical benefit. SHAP analysis identified both shared and age-specific predictors. Suicidal
ideation, adverse childhood experiences, and suicide disclosure were consistent top predictors
across all ages. Sleep disturbances and anxiety symptoms stood out in young adults; marital
status, living alone, and perceived stress in mid-life; and functional limitations, poor sleep, and
depressive symptoms in older adults.
Conclusions. LSA prevalence in Chinese adults is relatively high, with a clear age gradient
peaking in young adulthood. Risk profiles revealed both shared and age-specific predic-
tors, reflecting distinct life-stage vulnerabilities. These findings support age-tailored suicide
prevention strategies in China.

Introduction

Suicide remains a major global public health challenge, claiming over 700,000 lives annually
(WHO, 2021). In China, approximately 116,000 suicide deaths were reported in 2019, account-
ing for about 17% of the global total (WHO, 2021). The age-standardized rate was 6.7 per
100,000, lower than the global average of 9.0 per 100,000 (WHO, 2021). Although China has
seen a substantial decline in suicide rates over the past three decades (Wu et al., 2024b), the
country’s large population keeps the absolute burden high. Suicide attempt (SA) is among the
strongest predictors of suicide (Bostwick et al., 2016). An estimated 8.5% to 13% of attempts are
fatal, with the first-attempt fatality rate around 3% (Bostwick et al., 2016; Conner et al., 2019;
Miller et al., 2012). Nearly half of suicide deaths occur following a prior attempt rather than on
the first attempt (Anestis, 2016; Bostwick et al., 2016). Preventing nonfatal SA provides a critical
window for early intervention, especially in China.

Age is a well-established factor influencing suicidal behaviours (Yazdi-Ravandi et al., 2023).
Although no uniform age pattern has been identified, substantial epidemiological differences
across age groups have been consistently reported (Franklin et al., 2017; Nock et al., 2008b).
Globally, adolescents and young adults are widely recognized as high-risk groups for both SA
and suicide deaths (Franklin et al., 2017; Nock et al., 2008b). In China, a nationwide analysis
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of cause-of-death surveillance data revealed a bimodal age distri-
bution in suicide mortality, with peaks among those aged 15–24
and older adults (Wu et al., 2024b). However, nationally represen-
tative data on SA remain scarce, possibly due to suicide-related
stigma, stringent ethical oversight, and the challenges of diag-
nostic complexity, participant recruitment, disclosure, and data
collection in population-based surveys on suicidal behaviours (Lee
et al., 2007; Wu et al., 2024b). Most available evidence comes from
small, high-risk samples—such as individuals with mental dis-
orders (Chen et al., 2022; Song et al., 2023), sexual and gender
minorities (Chen et al., 2019), children and adolescents (Su et al.,
2023; Wu et al., 2021), and rural or metropolitan residents (Lee
et al., 2007; Lyu et al., 2018)—and shows wide variability across
subgroups. As a result, the overall prevalence and age-specific pat-
terns of SA in the general population remain unclear. GivenChina’s
age-patterned suicide mortality across life stages, we hypothesize
that SA similarly displays distinct age-specific profiles and predic-
tors. Clarifying these patterns is critical for informing age-tailored
suicide prevention strategies.

SA arises from multiple factors that often interact in complex,
nonlinearways (Franklin et al., 2017).Most prediction studies have
relied on linearmodels, yieldingmodest accuracy (Wu et al., 2023).
Although traditional approaches such as generalized additivemod-
els can model certain nonlinearities, they require pre-specifying
interactions and are less suited to high-dimensional, mixed-type
data. A meta-analysis of 365 studies found that models based
solely on conventional risk factors performed only slightly bet-
ter than chance, highlighting the need for machine-learning (ML)
risk algorithms (Franklin et al., 2017). ML can flexibly capture
nonlinearities and higher order interactions, handle heterogeneous
predictors and class imbalance, and do so without strict parametric
assumptions (García de la Garza et al., 2021). Given the likely age-
related heterogeneity of SA in the general population, identifying
age-specific predictors in non-clinical samples is essential (García
de la Garza et al., 2021; Gordon et al., 2020). To date, no study in
China has used ML for this purpose, leaving a key evidence gap.

In this nationally representative, multicentre survey, we aimed
to (1) estimate the age-specific prevalence of lifetime suicide
attempts (LSA) among Chinese adults and (2) identify key age-
specific predictors using five ML algorithms. These findings may
help inform tailored suicide prevention strategies across the life
course.

Methods

Data source and study population

Data came from the Psychology and Behavior Investigation of
Chinese Residents (PBICR), a nationally representative, multicen-
tre cross-sectional survey led by Peking University from June to
September 2024. Using stratified and quota sampling, the survey
randomly selected 150 cities, 202 districts/counties, and 390 town-
ships across 31 provincial-level regions (including Hong Kong and
Macao), covering 800 communities or villages. Trained interview-
ers recruited participants online and onsite at survey locations, ver-
ified eligibility, and administered standardized electronic question-
naires in one-to-one, face-to-face interviews. Eligible participants
were adults (≥18 years) who were Chinese nationals permanently
residing in China and able to clearly understand and complete
the questionnaire.We excluded individuals with diagnosed psychi-
atric or cognitive disorders, those concurrently enrolled in similar
surveys, those who declined or did not sign informed consent,

and responses with completion times < 5 min. For participants
with intact decisional capacity but insufficient motor ability, inter-
viewers conducted one-to-one interviews and recorded responses
on their behalf. All procedures complied with the Declaration
of Helsinki and received institutional ethics approval (see Ethics
Statement).

Of 38,793 invited residents, 38,424 responded (response rate:
99.05%).We excluded 2,563 invalid questionnaires due to age< 18,
non-Chinese nationality, no consent, response time < 5 min, or
missing age and LSA, leaving 35,861 fully eligible participants.
To improve national representativeness, post-stratification weights
based on sex, age, and urban–rural distribution as reported in
the China Statistical Yearbook 2023 (National Bureau of Statistics
of China, 2023) were applied, yielding a final analytic sample of
25,047. Missing covariate values (n = 136) were imputed using
MissForest, a non-parametric algorithm based on random forests
suitable for both continuous and categorical data (Stekhoven and
Buhlmann, 2012). Based on prior suicide-related research, mor-
tality surveillance practices, and developmental distinctions across
life stages (Miller et al., 2004;Wu et al., 2024b), age was categorized
into three groups (18–24, 25–44, and ≥45 years), reflecting dis-
tinct patterns of psychosocial development, health risk exposures,
and suicide-related vulnerabilities. The sample selection flowchart
is shown in Fig. 1.

Outcome assessment

LSA was defined as any self-inflicted, potentially injurious act at
any point in life, carried out with at least some intent to die, regard-
less of the outcome (Nock et al., 2008b). Consistent with prior
suicide-related research (Lee et al., 2007; Oquendo et al., 2024),
LSA was assessed using a dichotomous self-report item: “Have you
ever attempted suicide?”. Participants who answered “yes” were
classified as lifetime suicide attempters, and those who answered
“no” as non-attempters.

Predictors

Based on previous studies (Su et al., 2023; Wu et al., 2021), we
included 37 candidate predictors across six domains (details in
Table S1):

(1) Sociodemographic: gender (male/female),marital status (mar-
ried vs. unmarried—never married, divorced, widowed, or
separated), residence (urban/rural), ethnicity (Han/ethnic
minority), educational level (low: junior high school or below;
medium: senior high school or vocational/technical school;
high: college degree or above), job status (in education or
employment vs. not in education or employment), economic
status (monthly household income: low < 3000 RMB; middle
3000–5999 RMB; high ≥ 6000 RMB), and medical insurance
(yes/no).

(2) Physical health: body mass index (BMI, underweight < 18.5,
normal 18.5–24.9, overweight/obese ≥ 25); chronic disease
(yes/no); activities of daily living (ADL) limitation (yes/no),
defined as difficulty with basic self-care tasks (walking across
a room, bathing/showering, or dressing); and self-rated health
(0–100, higher scores represent better status).

(3) Lifestyle: smoking (yes/no), drinking (yes/no), living alone
(yes/no), sleep quality (five-item sleep health score: chrono-
type, duration, insomnia, snoring, daytime sleepiness; range
0–5; higher scores indicate better sleep) (Fan et al., 2020),
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Fig. 1. Flow diagram of sample selection.

social media addiction (SMA, assessed with the Bergen Social
Media Addiction Scale; total score 6–30; scores ≥ 19 indi-
cate at-risk status; Cronbach’s α = 0.926 overall) (Leung et al.,
2020), and moderate- and vigorous-intensity physical activity
(MPA, VPA) (measured as the number of self-reported days
per week).

(4) Social environment: social support (three-item Perceived
Social Support Scale; total score 0–18, higher scores indicate
stronger perceived support; Cronbach’s α = 0.904 overall) (Wu
et al., 2025); self-rated social status (a self-assessed item, 1–7;
higher scores indicate higher perceived status); neighbour-
hood relations (a self-assessed item, 1–7; higher scores indicate
better relations); and social participation (assessed by the five-
item Social Connection Scale; total score 0–5; higher scores
indicate greater engagement in shared activities and stronger
social connectedness; Cronbach’s α = 0.805 overall) (Foster
et al., 2023).

(5) Mental health: depressive symptoms (DS, assessed using
Patient Health Questionnaire-9; total score 0–27, scores ≥ 10
indicating having DS; Cronbach’s α = 0.940 overall)
(Levis et al., 2019); anxiety symptoms (AS, assessed using
Generalized Anxiety Disorder-3 scale; total score 0–9,
scores≥ 3 indicating AS; Cronbach’s α = 0.901 overall) (Wang
et al., 2024); negative life events (NLE, any major stressor in
the past year; yes/no); loneliness (a self-rated item, 1–7; higher
scores indicate greater loneliness); perceived stress (assessed

by the four-itemPerceived Stress Scale; total score 0–16; higher
scores indicate higher perceived stress; Cronbach’s α = 0.934
overall) (Huang et al., 2020); burnout (measured with the
seven-item Copenhagen Burnout Inventory; total score
0–28; higher scores indicate greater exhaustion; Cronbach’s
α = 0.851 overall) (Borritz et al., 2005); self-efficacy (assessed
with the three-item New Generalized Self-Efficacy Scale;
total score 0–12; higher scores indicate greater self-efficacy;
Cronbach’s α = 0.929 overall) (Feng and Chen, 2012); intimate
partner violence (IPV, measured with the five-item scale cov-
ering physical, emotional, and controlling behaviours; total
score 0-20; higher scores indicate greater severity; Cronbach’s
α = 0.921 overall) (Yount et al., 2022); adverse childhood
experiences (ACEs, cumulative score from 30 binary items
covering household dysfunction, abuse, neglect, bereavement,
and exposure to violence before age 18; total score 0–30;
higher scores indicate greater adversity; Cronbach’s α = 0.901
overall) (Lin et al., 2021).

(6) Self-injury and suicide-related history (all variables refer
to lifetime history unless otherwise specified) (Nock et al.,
2008b): Non-suicidal self-injury (NSSI): deliberate self-
inflicted damage to the body’s surface without suicidal
intent (yes/no); NSSI-medical: history of NSSI that required
medical treatment (yes/no); Suicidal ideation (SI): thoughts
about engaging in behaviour intended to end one’s life
(yes/no); Suicide plan (SP): formulation of a specific method,
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means, timing, or place for a suicide attempt (yes/no);
Suicide disclosure: disclosure of suicide plans to others
(yes/no).

Feature screening

Feature selection proceeded in two steps. First, univariable logis-
tic regressions for LSA were run to prefilter predictors (retain if
p < 0.05). Second, least absolute shrinkage and selection opera-
tor (LASSO) logistic regression with five-fold cross-validation was
used to tune λ and apply an L1 penalty that shrinks irrelevant coef-
ficients to zero, addressing high dimensionality andmulticollinear-
ity (Lee et al., 2018). Only predictors retained by both steps were
carried forward. This intersection rule was chosen to enhance
model stability, interpretability, and out-of-sample generalizability.

Machine learning algorithms

To identify the most accurate classifier, we compared five super-
vised algorithms on each age-specific dataset. All models used
the same feature set obtained from the Predictors section.
Hyperparameterswere tuned by grid searchwith stratified five-fold
cross-validation in the training set, and performancewas evaluated
on a held-out 30% test set (see Table S2).

(1) Random forest (RF) (Breiman, 2001): RF is an ensemble of
decision trees grown on bootstrap samples with random fea-
ture subsampling. Predictions are aggregated by majority vote.
This setup captures nonlinearities and interactions, is rela-
tively robust to noise and overfitting, and provides internal
variable-importance measures.

(2) Logistic regression (LR) (Pan and Xu, 2022): LR models the
log-odds of a binary outcome as a linear function of predictors.
Coefficients are directly interpretable and estimation is effi-
cient, suiting problemswithmodest feature sets or an emphasis
on describing predictor–outcome associations.

(3) Support Vector Machine (SVM) (Rezvani and Wu, 2023):
SVM is a margin-based classifier that finds a separating hyper-
plane with maximal margin. Kernel functions allow nonlinear
decision boundaries. It performs well in high-dimensional
or sparse settings, particularly when the number of features
exceeds the number of observations or when class boundaries
are approximately linearly separable.

(4) Extreme Gradient Boosting (XGBoost) (Chen and Guestrin,
2016): XGBoost is a gradient-boosted ensemble of decision
trees fitted stage-wise to minimize a differentiable loss, with
shrinkage and L1/L2 regularization to curb overfitting. It deliv-
ers strong accuracy on structured, high-dimensional data and
supports efficient parallel training, making it well suited to
complex health datasets.

(5) Naive Bayes (Domingos and Pazzani, 1997): Naive Bayes is
a probabilistic classifier grounded in Bayes’ theorem that
assumes conditional independence among features. Despite its
simplicity, it performs well in many practical settings, partic-
ularly for high-dimensional, text-based, or weakly correlated
data, and when computational efficiency is essential.

Statistical analysis

We estimated and compared the prevalence of LSA across age
groups using chi-square tests. Within each age group, we com-
pared participant characteristics between those with and without

LSA using independent-samples t tests (orMann–WhitneyU tests
for non-normal data) for continuous variables and chi-square
tests for categorical variables. Continuous variables are reported as
mean ± standard deviation (SD) if approximately normal, and as
median (interquartile range, IQR) otherwise; categorical variables
are reported as number and percentage.

To mitigate class imbalance in the binary classification task, we
applied Adaptive Synthetic (ADASYN) oversampling to the train-
ing set after feature selection (Haibo et al., 2008).Thismethod gen-
erates synthetic samples adaptively based on local feature density,
improving classifier performance in imbalanced settings.

Each of the three age-specific datasets was randomly split into
training (70%) and test (30%). Five-fold stratified cross-validation
was performed within the training set for hyperparameter tun-
ing and to reduce overfitting. Final performance was evaluated
on the held-out test set using multiple metrics. The area under
the receiver operating characteristic curve (AUC) assessed over-
all discrimination (0.5 indicating no discrimination and 1.0 perfect
classification). Accuracymeasured the proportion of correctly clas-
sified cases. Sensitivity reflected the proportion of true positives
correctly identified, while specificity measured the proportion of
true negatives. Precision (positive predictive value, PPV) and neg-
ative predictive value (NPV) captured the correctness of positive
and negative predictions, respectively. The F1 score, defined as the
harmonic mean of precision and sensitivity, offered a balanced
metric under class imbalance. Beyond discrimination, model cali-
bration was evaluated using calibration curves, and clinical utility
was assessed with decision curve analysis (DCA). For the best-
performing model in each dataset, we computed SHAP (SHapley
Additive exPlanations) values to interpret feature contributions,
offering insights into both global importance and individual-level
predictions.

Sensitivity analyses were conducted to test the robustness of
results: (1) reanalysis using complete cases to assess the impact
of imputation; (2) 10-fold stratified cross-validation to test resam-
pling sensitivity; (3) a 60:40 development/validation split to exam-
ine split-ratio effects; and (4) comparing feature-importance rank-
ings across similarly performing models—to gauge predictor sta-
bility.

All analyses were performed using Python (version 3.7).
Statistical significance was defined as two-sided p< 0.05.

Results

Prevalence of LSA and participant characteristics across age
groups

As shown in Fig. 2, 1,145 of 25,047 participants reported LSA,
including 417, 459, and 269 cases in the 18–24, 25–44, and ≥ 45
age groups, respectively. The overall prevalence of LSA was 4.57%,
slightly higher in males (4.69%) than in females (4.45%), and simi-
lar between urban (4.49%) and rural (4.66%) residents. Prevalence
varied significantly across age groups—peaking at 18–24 years
(8.10%), then 25–44 years (4.67%), and lowest at ≥ 45 years
(2.67%)—with all pairwise differences significant (all p < 0.001).
Table 1 summarizes characteristics by LSA status within each age
group across six domains. Age-related heterogeneity was most
evident for sociodemographic factors (gender, marital status, edu-
cation, income, insurance), whereas differences across lifestyle,
social environment, mental health, and self-injury/suicide-history
domains were broadly consistent across age groups.
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Fig. 2. Age-specific prevalence and subgroup differences in lifetime suicide attempts (LSA) among adults in China.
Note: (A) LSA prevalence by age group in the overall population; (B) Number of LSA cases by age group; (C) LSA prevalence by age group and sex; (D) LSA prevalence by age
group and residential location (urban vs. rural). LSA prevalence differed by age, with all pairwise comparisons significant (all p < 0.001)

Predictor screening

We applied the predefined two-step feature selection separately
within each age group. Figures S1–S3 show the univariable logistic-
regression rankings, LASSO cross-validation error curves, and
coefficient shrinkage paths; Table S3 shows the overlap in selected
predictors across age groups. Eighteen predictors were retained
for ages 18–24, 22 for 25–44, and 20 for ≥45. Several key fea-
tures overlapped across groups, but age-specific differences were
evident, consistent with distinct life-stage risk profiles. This com-
bined approach improved the robustness of subsequent model
development.

Model performance

We evaluated the predictive performance of five ML models on the
test set across three age groups (Table 2). Discriminatory power
and calibration were assessed using ROC curves (Fig. 3A–C) and
calibration plots (Fig. 3D–F). Based on overall performance, SVM
was identified as the optimal model in all groups and was further
evaluated using DCA (Fig. 3G-I).

In the 18–24 group, SVM demonstrated the most balanced
performance, achieving high AUC (0.88), accuracy (0.805), sensi-
tivity (0.794), specificity (0.815), PPV (0.803), and NPV (0.861).
Although XGBoost yielded a slightly higher AUC (0.89), SVM
showed more consistent performance across all metrics. Its ROC
curve approached the upper-left corner, and its calibration plot

showed strong agreement with the ideal reference line. DCA indi-
cated greater net benefit for SVM across a wide range of clinically
relevant threshold probabilities compared to “treat all” or “treat
none” strategies.

In the 25–44 group, SVM outperformed all other models,
with the highest AUC (0.94), accuracy (0.874), sensitivity (0.868),
and NPV (0.870), along with strong specificity (0.880) and PPV
(0.871). ROC and calibration curves confirmed its excellent dis-
crimination and calibration. DCA further supported its clinical
utility.

In the≥45 group, both SVM and LR achieved the highest AUC
(0.94). However, SVM showed slightly better performance in accu-
racy (0.858 vs. 0.857), specificity (0.885 vs. 0.879), and PPV (0.875
vs. 0.873), while maintaining comparable sensitivity and NPV. It
also showed calibration closer to the 45° line. DCA consistently
demonstrated higher net clinical benefit for SVM.

SHAP-basedmodel interpretability analysis

To interpret the best-performing SVM models across age groups,
we applied SHAP analysis to quantify each predictor’s contribu-
tion to the predicted probability of LSA. For each group, the
SHAP bar plot (left) shows mean absolute SHAP values (global
importance), and the summary plot (right) illustrates the direc-
tion and magnitude of feature effects (Figs. 4, 5, and 6; full results
in Figures S4–S6). For accessibility, SHAP values > 0 indicate an
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Table 1. Basic characteristics of participants with lifetime suicide attempts across age groups

18-24y (N = 5147) 25-44y (N = 9829) ≥45y (N = 10071)

Features Non-LSA LSA P Non-LSA LSA P Non-LSA LSA P

Sociodemographic

Gender 0.115 0.744 0.487

Male 2908(61.5) 240(57.6) 4092(43.7) 204(44.4) 4818(49.2) 138(51.3)

Female 1822(38.5) 177(42.4) 5278(56.3) 255(55.6) 4984(50.9) 131(48.7)

Residence 0.648 0.892 0.858

Urban 2089(44.2) 189(45.3) 4848(51.7) 236(51.4) 5010(51.1) 136(50.6)

Rural 2641(55.8) 228(54.7) 4522(48.3) 223(48.6) 4792(48.9) 133(49.4)

Marriage 0.602 <0.001 <0.001

Unmarried 4624(97.8) 406(97.4) 3466(37.0) 252(54.9) 1521(15.5) 88(32.7)

Married 106(2.2) 11(2.6) 5904(63.0) 207(45.1) 8281(84.5) 181(67.3)

Ethnicity 0.456 0.004 0.164

Han 4143(87.6) 360(86.3) 8639(92.2) 406(88.5) 9297(94.9) 250(92.9)

Ethnic minority 587(12.4) 57(13.7) 731(7.8) 53(11.5) 505(5.2) 19(7.1)

Educational level 0.066 0.042 0.007

Low 118(2.49) 15(3.6) 1608(17.2) 59(12.9) 4812(49.1) 112(41.6)

Middle 1920(40.6) 187(44.8) 3287(35.1) 162(35.3) 3260(33.3) 91(33.8)

High 2692(56.9) 215(51.6) 4475(47.8) 238(51.9) 1730(17.7) 66(24.5)

Job status 0.985 0.452 0.183

No 171(3.6) 15(3.6) 534(5.7) 30(6.5) 3797(38.7) 115(42.8)

Yes 4559(96.4) 402(96.4) 8836(94.3) 429(93.5) 6005(61.3) 154(57.3)

Economic status 0.341 0.005 0.116

Low 1196(25.3) 119(28.5) 1763(18.8) 114(24.8) 2913(29.7) 94(34.9)

Middle 1914(40.5) 160(38.4) 3955(42.2) 185(40.3) 4266(43.5) 102(37.9)

High 1620(34.3) 138(33.1) 3652(39.0) 160(34.9) 2623(26.8) 73(27.1)

Medical insurance 0.099 0.298 <0.001

No 429(9.1) 48(11.5) 488(5.2) 29(6.3) 341(3.5) 23(8.6)

Yes 4301(90.9) 369(88.5) 8882(94.8) 430(93.7) 9461(96.5) 246(91.5)

(Continued)
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Table 1. (Continued.)

18-24y (N = 5147) 25-44y (N = 9829) ≥45y (N = 10071)

Features Non-LSA LSA P Non-LSA LSA P Non-LSA LSA P

Physical health

BMI 0.422 0.362 0.533

Normal 3258(68.9) 293(70.3) 6458(68.9) 328(71.5) 6677(68.1) 178(66.2)

Underweight 771(16.3) 58(13.9) 929(9.9) 37(8.1) 594(6.1) 14(5.2)

Overweight/obese 701(14.8) 66(15.8) 1983(21.2) 94(20.5) 2531(25.8) 77(28.6)

Chronic disease <0.001 <0.001 <0.001

No 4442(93.9) 340(81.5) 8118(86.6) 328(71.5) 5497(56.1) 111(41.3)

Yes 288(6.1) 77(18.45) 1252(13.4) 131(28.5) 4305(43.9) 158(58.7)

ADL limitation <0.001 <0.001 <0.001

No 4500(95.1) 337(80.8) 8604(91.8) 328(71.5) 7861(80.2) 150(55.8)

Yes 230(4.9) 80(19.2) 766(8.2) 131(28.5) 1941(19.8) 119(44.2)

Self-rated health 79.14(18.1) 68.23(21.3) <0.001 77.80(18.4) 63.83(23.0) <0.001 74.09(19.3) 63.54(23.0) <0.001

Lifestyle

Smoking <0.001 <0.001 <0.001

No 4146(87.7) 329(78.9) 7735(82.6) 289(63.0) 7470(76.2) 164(61.0)

Yes 584(12.3) 88(21.1) 1635(17.5) 170(37.0) 2332(23.8) 105(39.0)

Drinking <0.001 <0.001 <0.001

No 2980(63.0) 207(49.6) 6267(66.9) 203(44.2) 6685(68.2) 132(49.1)

Yes 1750(37.0) 210(50.4) 3103(33.1) 256(55.8) 3117(31.8) 137(50.9)

Living alone 0.063 <0.001 <0.001

No 3434(72.6) 285(68.4) 7166(76.5) 296(64.5) 8278(84.5) 190(70.6)

Yes 1296(27.4) 132(31.7) 2204(23.5) 163(35.5) 1524(15.6) 79(29.4)

Sleep quality 3.69(1.4) 2.87(1.3) <0.001 3.73(1.4) 2.65(1.4) <0.001 3.72(1.4) 2.82(1.3) <0.001

Social media addiction score 10.16(5.6) 11.65(5.8) <0.001 9.09(5.6) 12.10(5.5) <0.001 6.92(5.6) 9.94(6.0) <0.001

MPA 2.79(2.0) 2.61(1.9) 0.091 2.72(2.0) 2.89(2.0) 0.069 2.60(2.1) 2.94(2.1) 0.007

VPA 2.69(2.0) 2.42(1.9) 0.007 2.56(2.0) 2.75(2.0) 0.040 2.26(2.0) 2.59(1.9) 0.006

(Continued)
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Table 1. (Continued.)

18-24y (N = 5147) 25-44y (N = 9829) ≥45y (N = 10071)

Features Non-LSA LSA P Non-LSA LSA P Non-LSA LSA P

Social environment

Social support 12.43(4.1) 11.09(3.7) <0.001 12.39(4.1) 10.68(3.9) <0.001 12.39(4.0) 10.50(4.1) <0.001

Self-rated social status 3.84(1.3) 3.54(1.4) <0.001 4.08(1.4) 3.74(1.5) <0.001 4.17(1.4) 4.09(1.5) 0.345

Neighborhood relations 5.22(1.3) 4.73(1.4) <0.001 5.32(1.3) 4.71(1.5) <0.001 5.43(1.3) 5.04(1.4) <0.001

Social participation 3.15(1.6) 3.09(1.7) 0.446 2.79(1.8) 3.35(1.8) <0.001 1.97(1.8) 2.64(2.1) <0.001

Mental health

DS <0.001 <0.001 <0.001

No 3623(76.6) 200(48.0) 7665(81.8) 177(38.6) 8291(84.6) 130(48.3)

Yes 1107(23.4) 217(52.0) 1705(18.2) 282(61.4) 1511(15.4) 139(51.7)

AS <0.001 <0.001 <0.001

No 2800(59.2) 129(30.9) 6135(65.5) 106(23.1) 7132(72.8) 88(32.7)

Yes 1930(40.8) 288(69.1) 3235(34.5) 353(76.9) 2670(27.2) 181(67.3)

NLEs <0.001 <0.001 <0.001

No 2748(58.1) 135(32.4) 6302(67.3) 172(37.5) 7299(74.5) 114(42.4)

Yes 1982(41.9) 282(67.6) 3068(32.7) 287(62.5) 2503(25.5) 155(57.6)

Loneliness 2.52(1.6) 3.67(1.6) <0.001 2.22(1.5) 3.45(1.6) <0.001 2.00(1.4) 3.27(1.6) <0.001

Perceived stress 4.46(4.1) 7.66(4.2) <0.001 4.01(3.7) 7.96(4.0) <0.001 3.50(3.5) 7.27(4.3) <0.001

Burnout 12.58(5.8) 16.28(5.4) <0.001 12.02(5.8) 15.62(5.4) <0.001 10.34(5.6) 14.69(5.6) <0.001

Self-efficacy 8.13(2.6) 7.13(2.5) <0.001 8.13(2.6) 6.87(2.5) <0.001 7.87(2.6) 6.65(2.8) <0.001

IPV 1.64(3.7) 3.55(5.1) <0.001 2.21(3.9) 6.15(5.5) <0.001 1.99(3.6) 6.03(5.1) <0.001

ACEs 2.27(2.2) 5.09(4.3) <0.001 2.29(2.5) 6.27(5.3) <0.001 2.65(2.7) 6.65(5.1) <0.001

(Continued)
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Table 1. (Continued.)

18-24y (N = 5147) 25-44y (N = 9829) ≥45y (N = 10071)

Features Non-LSA LSA P Non-LSA LSA P Non-LSA LSA P

Self-injury and suicide-related history

NSSI <0.001 <0.001 <0.001

No 4513(95.4) 272(65.2) 9066(96.8) 307(66.9) 9681(98.8) 193(71.8)

Yes 217(4.6) 145(34.8) 304(3.2) 152(33.1) 121(1.2) 76(28.3)

NSSI-medical <0.001 <0.001 <0.001

No 4687(99.1) 378(90.7) 9255(98.8) 388(84.5) 9746(99.4) 230(85.5)

Yes 43(0.9) 39(9.3) 115(1.2) 71(15.5) 56(0.6) 39(14.5)

SI <0.001 <0.001 <0.001

No 4282(90.5) 114(27.3) 8939(95.4) 120(26.1) 9608(98.0) 72(26.8)

Yes 448(9.5) 303(72.7) 431(4.6) 339(73.9) 194(2.0) 197(73.2)

Suicide plan <0.001 <0.001 <0.001

No 4604(97.3) 262(62.8) 9254(98.8) 309(67.3) 9763(99.6) 199(74.0)

Yes 126(2.7) 155(37.2) 116(1.2) 150(32.7) 39(0.4) 70(26.0)

Suicide disclosure <0.001 <0.001 <0.001

No 4468(94.5) 171(41.0) 9110(97.2) 175(38.1) 9706(99.0) 120(44.6)

Yes 262(5.5) 246(59.0) 260(2.8) 284(61.9) 96(1.0) 149(55.4)

Notes: Abbreviations: LSA = lifetime suicide attempts; BMI = body mass index; ADL = activities of daily living; MPA = moderate-intensity physical activity, days/week; VPA = vigorous-intensity physical activity, days/week; DS = depressive
symptoms; AS = anxiety symptoms; NLE = negative life events; IPV = intimate partner violence; ACEs = adverse childhood experiences; SI = suicidal ideation; NSSI = non-suicidal self-injury; NSSI-medical = NSSI requiring medical treatment.
BMI: underweight < 18.5; normal weight 18.5–24.9; overweight/obesity ≥ 25.0 kg/m2. Educational level: low (junior high school or below), medium (senior high school or vocational/technical school), high (college degree or above). Job status: in
education or employment (Yes) vs not in education or employment (No). Marital status: married or unmarried (never married, divorced, widowed, or separated).
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Table 2. Comparison of model performance in predicting lifetime suicide attempts (LSA) on the test set data

18-24y 25-44y ≥45y

Performance metrics RF LR SVM XGBoost Naive Bayes RF LR SVM XGBoost Naive Bayes RF LR SVM XGBoost Naive Bayes

Accuracy 0.799 0.764 0.805 0.818 0.787 0.820 0.819 0.874 0.843 0.806 0.805 0.857 0.858 0.823 0.8060

Sensitivity 0.778 0.704 0.794 0.873 0.726 0.790 0.740 0.868 0.803 0.722 0.872 0.835 0.831 0.818 0.699

Specificity 0.820 0.822 0.815 0.764 0.847 0.851 0.898 0.880 0.882 0.890 0.740 0.879 0.885 0.828 0.910

Positive Predictive
Value

0.809 0.794 0.808 0.783 0.822 0.840 0.878 0.878 0.871 0.866 0.766 0.870 0.875 0.822 0.883

Negative Predictive
Value

0.791 0.740 0.802 0.861 0.760 0.803 0.777 0.870 0.819 0.763 0.856 0.845 0.843 0.824 0.756

ROC Area 0.86 0.85 0.88 0.89 0.86 0.90 0.91 0.94 0.92 0.89 0.91 0.94 0.94 0.91 0.90

Notes: RF = Random Forest; LR = Logistic Regression; SVM = Support Vector Machine; XGBoost = Extreme Gradient Boosting; ROC = Receiver Operating Characteristic curve.
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Fig. 3. Model performance in predicting lifetime suicide attempts across age groups.
Note: (A–C) Receiver Operating Characteristic (ROC) curves and Area Under the Curve (AUC) for 18–24y, 25–44y, and ≥ 45y age groups; (D–F) Calibration curves comparing
predicted versus observed probabilities for each model across the three age groups; (G–I) Decision Curve Analyses showing the net benefit of using Support Vector Machine
(SVM) models across a range of threshold probabilities. Models included: Logistic Regression (LR), Random Forest (RF), Support Vector Machine (SVM), Extreme Gradient
Boosting (XGBoost), and Naive Bayes

Fig. 4a. Top 10 features identified by SHAP using the best-performing model (SVM) in the 18-24y group.
Note: 1. Left panel: SHAP bar plot of mean absolute SHAP values (global importance; features ordered by mean SHAP). Right panel: SHAP summary plot (each dot = one
participant). Colors encode feature values (red = higher, blue = lower). Positive SHAP values indicate an increase, and negative values a decrease, in the model-predicted
probability of LSA. SHAP values were computed on the test set; 2. Abbreviations: SHAP = SHapley Additive exPlanations; SVM = support vector machine; LSA = lifetime
suicide attempts; SI = suicidal ideation; ACEs = adverse childhood experiences; AS = anxiety symptoms; SP = suicide plan
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Fig. 4b. Top 10 features identified by SHAP using the best-performing model (SVM) in the 25-44y group.
Note: 1. Left panel: SHAP bar plot of mean absolute SHAP values (global importance; features ordered by mean SHAP). Right panel: SHAP summary plot (each dot = one
participant). Colors encode feature values (red = higher, blue = lower). Positive SHAP values indicate an increase, and negative values a decrease, in the model-predicted
probability of LSA. SHAP values were computed on the test set; 2. Abbreviations: SHAP = SHapley Additive exPlanations; SVM = support vector machine; LSA = lifetime
suicide attempts; SI = suicidal ideation; ACEs = adverse childhood experiences; IPV = intimate partner violence; ADL = activities of daily living

Fig. 4c. Top 10 features identified by SHAP using the best-performing model (SVM) in the ≥ 45y group.
Note: 1. Left panel: SHAP bar plot of mean absolute SHAP values (global importance; features ordered by mean SHAP). Right panel: SHAP summary plot (each dot = one
participant). Colors encode feature values (red = higher, blue = lower). Positive SHAP values indicate an increase, and negative values a decrease, in the model-predicted
probability of LSA. SHAP values were computed on the test set; 2. Abbreviations: SHAP = SHapley Additive exPlanations; SVM = support vector machine; LSA = lifetime suicide
attempts; SI = suicidal ideation; ACEs = adverse childhood experiences; ADL = activities of daily living; DS = depressive symptoms; AS = anxiety symptoms; IPV = intimate
partner violence; NSSI = non-suicidal self-injury

increase in the model-predicted probability of LSA (values < 0
indicate a decrease); the absolute value reflects contribution
size, and point colour encodes the feature value (red = higher,
blue = lower).

In the 18–24 group, the top predictors were SI, ACEs, suicide
disclosure, sleep quality, and AS, followed by neighbourhood rela-
tions, self-efficacy, and self-rated health. Summary plots indicated
that higher ACEs and SI were associated with a higher predicted
probability of LSA, whereas better sleep quality and stronger
neighbourhood relations were associated with a lower predicted
probability.

In the 25–44 group, leading contributors included marriage,
SI, ACEs, suicide disclosure, and living status. IPV, perceived
stress, and self-efficacy also featured prominently. Being unmar-
ried, exposure to IPV, and higher perceived stress were associated
with higher predicted probability of LSA.

In the ≥45 group, SI, ACEs, and suicide disclosure again
ranked highest, followed by sleep quality, ADL limitation, and DS.
Functional limitations and psychological distress (e.g., perceived
stress, AS, DS) contributed substantially to risk in this older cohort.

Across age groups, SI, ACEs, and suicide disclosure consistently
emerged as core predictors. In contrast, other factors varied by
life stage: sleep and AS weighed more in younger adults; relation-
ship/structural factors (e.g.,marital status, living status) dominated
in midlife; and functional status and mental-health measures (e.g.,
ADL limitation, DS) were most salient in older adults.

Sensitive analysis

SHAP-identified top predictors of LSA remained largely consistent
across age groups under all sensitivity checks, including exclu-
sion of imputed data (Table S4; Figures S7–S10), application of
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10-fold stratified cross-validation (Table S5; Figures S11–S14), use
of a 60:40 train-test split (Table S6; Figures S15-S18), and compar-
ison of feature rankings between similarly performing models (LR
vs. SVM in the ≥45y group; Figure S19), further supporting the
robustness of the findings.

Discussion

To our knowledge, this is the first study to apply ML approaches
to examine age-stratified prevalence and predictors of LSA among
Chinese adults. Using a nationally representative cross-sectional
survey, we identified three principal findings: First, the over-
all prevalence of LSA was 4.57%, indicating a relatively high
burden with a pronounced age gradient—prevalence declined
with increasing age, and young adults represented the highest-
risk group. Second, SI, ACEs, and suicide disclosure consistently
emerged as the most robust predictors across all age groups. Third,
risk profiles varied by age: psychological distress and sleep-related
problems predominated in young adults; marital and living status,
IPV, and perceived stress weremore salient inmid-life; and in older
adults, poor sleep, functional limitations, and DS were the primary
contributors. Collectively, these findings provide empirical evi-
dence to guide the development of age-tailored suicide prevention
strategies in China.

SA is among the strongest predictors of death by suicide
(Bostwick et al., 2016). In this nationally representative study, the
prevalence of LSA amongChinese adults was 4.57%, with amarked
age gradient: 8.10% in young adults, 4.67% in mid-life, and 2.67%
in older adults. National epidemiological data on SA remain lim-
ited; most prior studies have focused on local settings or high-risk
clinical groups, yielding widely varying estimates. For example, a
2001-2002 survey of community-dwelling adults in metropolitan
China reported a LSA prevalence of 1.0% (Lee et al., 2007). By
contrast, a meta-analysis of 29 studies in Chinese college students
estimated a pooled LSA prevalence of 2.8% (range 0.4%–10.5%)
(Yang et al., 2015). Internationally, nationally representative World
Mental Health surveys across 17 countries reported adult LSA
prevalence ranging from 0.5% in Italy to 5.0% in the United
States(Nock et al., 2008a). Age-specific patterns show broad cross-
national regularities: most countries report higher LSA in younger
adults, whereas Japan is a notable exception with relatively ele-
vated risk inmidlife. Our study indicates that the prevalence of LSA
among Chinese adults is relatively high. This may reflect both sub-
stantive andmethodological factors: rapid social changewith rising
depression and stress exposure; limited access and continuity of
mental-health care alongside stigma that suppresses help-seeking
and disclosure (Wu et al., 2023, 2024b, 2021); and the use of self-
reported recall measures—which typically yield higher estimates
than diagnostic or registry data—plus differences in survey timing.

Notably, young adults show the highest LSA risk, plausibly
reflecting heavier psychosocial stressors (academic and career
pressures, identity formation), greater exposure to self-injury con-
tent online, and fewer coping resources (Wu et al., 2021). This
pattern should not be equated with the bimodal distribution of sui-
cide mortality (youth and late-life peaks) (Wu et al., 2024b): mor-
tality reflects attempt incidence and case-fatality, and case-fatality
increases with age (more lethal methods, greater frailty/comorbid-
ity, lower rescue), yielding a late-life peak despite fewer attempts.
Underreporting of lifetime attempts and survivorship may also
depress observed LSA in older adults. These findings provide
national epidemiological evidence for China and underscore the
need for improved surveillance and age-targeted prevention.

Guided by the age-specific pattern of LSA, we applied mul-
tiple ML algorithms to identify key predictors across the lifes-
pan. SI, ACEs, and suicide disclosure consistently emerged as the
most robust predictors. SI was the strongest predictor, reaffirm-
ing its pivotal role in the suicidal process (Klonsky et al., 2016).
According to the Interpersonal Theory of Suicide, SI arises from
perceived burdensomeness, thwarted belongingness, and psycho-
logical pain (Van Orden et al., 2010), while the Three-Step Theory
conceptualizes it as a necessary, though not sufficient, precursor,
triggered by intolerable distress and hopelessness (Klonsky et al.,
2016). Although not all individuals with SI progress to attempts,
SI substantially elevates risk and remains a necessary antecedent
(Klonsky et al., 2016). These findings support integrating brief SI
screening into frontline settings (e.g., primary care, schools, crisis
services), alongside the standardized response protocols and inclu-
sion of SI indicators in public health surveillance to inform timely
intervention and resource allocation.

ACEs represent cumulative early-life adversity with lasting
impacts on psychological development (Norman et al., 2012).
Extensive evidence links childhood abuse, neglect, and interper-
sonal violence to elevated risk of suicidal behaviour in adulthood
(Angelakis et al., 2019; Norman et al., 2012). One possible mech-
anism is that ACEs foster negative cognitive patterns—such as
powerlessness, defeat, and entrapment—that impair emotional
regulation under stress (Angelakis et al., 2019). ACEs are also
linked to post-traumatic stress disorder, where hopelessness and
psychological disengagement may trigger SI and accelerate its pro-
gression to SA (Angelakis et al., 2019). Their consistent predictive
value underscores the need for upstream, trauma-informed poli-
cies that go beyond clinical screening—such as parenting support
programs, school-based violence prevention, and cross-sector data
integration to identify and intervene in at-risk environments before
patterns of harm are established.

Suicide disclosure similarly predicted LSA across age groups.
It often reflects a critical threshold of psychological distress and
a strong need for help. From a cognitive-behavioural perspec-
tive, disclosure signals the externalization of suicidality—a shift
from internal struggle to overt expression—and thus heightened
risk (Rudd, 2000). While concealment may reflect fear of stigma,
unsupported disclosure can intensify hopelessness and isolation,
increasing the likelihood of escalation. These findings call for ded-
icated post-disclosure protocols across sectors, including hotline
escalation pathways, school-based rapid response teams, andman-
dated training for frontline staff to recognize, triage, and support
individuals who disclose suicidal thoughts or intent—bridging the
gap between expression and action.

In addition to shared predictors, our SHAP analysis revealed
distinct age-specific patterns of LSA risk. Among young adults,
the pattern was primarily emotion–relationship driven. Poor sleep,
high anxiety, weak neighbourhood ties, and low self-efficacy
emerged as salient predictors, reflecting developmental challenges
of identity formation, autonomy, and early academic or career
stress. Sleep disturbances and anxiety may indicate emotional dys-
regulation and vulnerability to affective instability, increasing the
risk of impulsive suicidal behaviours (Kearns et al., 2020). Weak
community ties and low self-efficacy may further diminish per-
ceived agency and access to support, reinforcing powerlessness.
These findings underscore the value of youth-centred prevention
strategies emphasizing emotion regulation, connectedness, and
empowerment.

In mid-aged adults, the pattern was largely role-stress driven.
Being unmarried, living alone, perceived stress, and IPV ranked
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highest. This stage is marked by heavier work and family responsi-
bilities alongside shrinking informal support. Emotional isolation
from marital disruption or living alone may heighten perceived
burdensomeness and thwarted belongingness—key drivers of SI
(Van Orden et al., 2010). Chronic stress and IPV may also dysreg-
ulate the stress-response system, leading to emotional exhaustion
and impaired coping (Vidal et al., 2024). These findings highlight
the need for integrated psychosocial strategies, including family
therapy, IPV screening, and workplace stress reduction.

In older adults, the pattern was health–decline driven. DS,
sleep problems, ADL limitations, and NSSI were top predictors.
This stage is often accompanied by functional decline, bereave-
ment, and shrinking social roles from retirement or caregiving
burdens. ADL impairments undermine autonomy and increase
dependency, which in collectivist contexts may be experienced as
shame or perceived burden on others. Coexisting depression and
sleep disturbances deepen emotional pain and reinforce cognitive
distortions, while late-life NSSI may reflect chronic psychological
distress or entrenched maladaptive coping. Prevention in later life
thus requires a multidisciplinary approach integrating chronic dis-
ease management, ADL rehabilitation, and geriatric mental health
services tailored to the loss and meaning reconstruction. Together,
these findings highlight the need for age-tailored LSA screening
and prevention strategies that are developmentally sensitive to the
psychosocial vulnerabilities of each life stage.

Finally, our study demonstrates the potential of ML to improve
identification of individuals at risk for LSA. Given the rarity
and complexity of suicidal behaviour, accurate prediction of SA
remains a major challenge (Su et al., 2023). Traditional risk assess-
ment tools have shown limited value, withmeta-analyses reporting
low sensitivity and poor positive predictive values across popula-
tions (Franklin et al., 2017; Su et al., 2023). In contrast, ML can
capture complex, non-linear interactions among multiple factors
(Su et al., 2023; Wu et al., 2023). In our analysis, SVM consistently
outperformed other models across age groups, yielding balanced
predictive performance—critical for reducing both false negatives
and positives in suicide risk screening. These findings support the
feasibility and added value of ML-based prediction. However, con-
cerns remain regarding potential bias and inflated performance
estimates (Jacobucci et al., 2021). Thus, rigorous methodologi-
cal standards and cautious interpretation are essential to ensure
clinical applicability.

Strengths and limitations

This study has several strengths. First, it is the first nationwide
investigation in China to assess LSA across age groups, providing
valuable epidemiological data for future suicide-related research.
Second, the inclusion of 37 variables across six domains enabled
a comprehensive, multidimensional analysis of LSA predictors.
Third, the application and comparison of multipleMLmodels pro-
vided a more robust assessment of predictive performance and
model reliability.

However, several limitations should be acknowledged. First,
the cross-sectional design precludes causal and temporal infer-
ences. Time-window misalignment between current exposures
and lifetime outcomesmay introduce reverse causality. Prospective
studies are needed to clarify temporal sequence and strengthen
causal interpretation. Second, although ML captures nonlinear-
ities and high-order interactions without prior specification, it
remains inherently data-driven. SHAP interpretations are model-
specific and descriptive rather than causal, and feature importance

may vary with feature selection, hyperparameter tuning, and class-
imbalance handling. Futurework should examine the robustness of
SHAP results across different modelling pipelines. Third, LSA and
NSSI were measured using single-item, retrospective self-reports,
which are prone to recall bias andmisclassification (Su et al., 2023).
Stigma, especially among older and rural populations, may further
contribute to underreporting and underestimation of prevalence
(Wu et al., 2024a, 2024b). Fourth, the absence of psychiatric diag-
noses may have reduced model performance and limited insights
into mental health–related risk factors, despite their known asso-
ciations with suicidal behaviour (Mullins et al., 2022). Finally,
model development and validation were conducted within a sin-
gle dataset, which limits generalizability and highlights the need
for external validation in future research.

Conclusion

The prevalence of LSA among Chinese adults remains relatively
high, with a clear age gradient—peaking in young adults and
declining with age. Risk profiles revealed both shared and age-
specific predictors, reflecting distinct life-stage vulnerabilities.
These findings highlight the need for age-tailored suicide preven-
tion strategies in China.
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