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Background: Suicide, a serious outcome in major depressive disorder (MDD), necessitates early risk detection for clinical intervention. 
This study developed machine learning models to predict suicide risk in MDD patients.The model incorporated both psychological (eg,the 
Hamilton Anxiety Rating Scale[HAMA], the Clinical Global Impression of Severity Scale [CGI-S]) and biological (eg, thyroid-stimulating 
hormone [TSH], Systolic blood pressure[SBP]) predictors, with CGI-S, HAMA, and SBP emerging as the top predictors.
Patients and Methods: We analyzed data from 1,718 first-episode medicated patients with MDD recruited from the psychiatric 
outpatient department of the First Affiliated Hospital of Shanxi Medical University (March 2016–June 2017). Feature selection was 
performed using Least absolute shrinkage and selection operator (LASSO) regression, and the importance of the selected features was 
ranked using SHAP values via the XGBoost algorithm. The features were incrementally incorporated into the model construction 
based on their importance. Eleven machine-learning algorithms were evaluated, and an optimized stacked ensemble model was 
developed using a stacking algorithm. Model performance was assessed using Receiver Operating Characteristic Curve, precision- 
recall (PR) curves, accuracy, recall, and F1 scores. Interpretability was enhanced using kernel-SHAP and LIME algorithms.
Results: The Cohort comprised 1,718 MDD patients (mean age 34.87 ± 12.43 years; 34.20% male). Eight key predictors were 
selected: CGI-S score, HAMA score, TSH, SBP, PANSS positive subscale score, Antithyroglobulin, Diastolic blood pressure (DBP) 
and age. The top predictors, included CGI-S, HAMA, and SBP, aligning with pathways involving autonomic dysregulation and 
anxiety-depression interplay. The stacked ensemble model demonstrated superior performance, achieving an Area Under Curve of 
0.868 and a PR value of 0.665 on the test set, outperforming all the other models. Decision curve analysis (DCA) confirmed its clinical 
utility, showing the highest net benefit across a risk threshold range of 0.03–0.88. The SHAP method improved model interpretability 
and highlighted influential predictors.
Conclusion: The stacked ensemble model exhibited a strong predictive performance and clinical applicability for suicide risk 
assessment in patients with MDD. This tool may aid clinicians in the early identification and intervention of high-risk individuals 
and potentially improve patient outcomes.
Keywords: major depressive disorder, suicide attempt, machine learning, suicide prevention, predictive model

Introduction
Major depressive disorder (MDD) constitutes a substantial global health burden, primarily due to its robust association with 
suicidal behaviors. Epidemiological studies indicate that MDD accounts for approximately 50% of all suicide-related 
deaths, with affected individuals exhibiting a lifetime suicide rate of 2–12% and a notable 23.7% lifetime prevalence of 
suicide attempts.1–3 These findings emphasize the urgent need for enhanced risk-assessment strategies in clinical practice.

Current suicide risk assessment tools, such as the Suicide Risk Assessment Tool, primarily focus on psychosocial factors, 
including demographic characteristics, substance use patterns, and psychological status. Although these instruments offer 
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valuable screening capabilities, their dependence on subjective measures and limited integration of biological markers lead to 
suboptimal predictive performance.4,5 Furthermore, the complex neurobiological mechanisms underlying suicidal behavior in 
MDD remain incompletely elucidated, underscoring the need for more comprehensive assessment approaches.

Recent studies have identified several promising biomarkers associated with suicide risk in patients with MDD. Liu 
et alreported a significant correlation between elevated thyroid-stimulating hormone (TSH) levels and increased suicide 
attempts in a large cohort (n=1,279) of Chinese outpatients with first-episode MDD.6 Similarly, Zhou et al demonstrated 
the predictive value of total cholesterol (TC) levels for assessing suicide risk.7 Neurobiological investigations have 
further revealed metabolic disturbances, including elevated fasting blood glucose (FBG) levels and reduced glucose 
metabolism in specific brain regions, in MDD patients with suicidal behavior.8 Accumulating evidence suggests that 
metabolic and endocrine dysregulation—such as insulin resistance, dyslipidemia, and thyroid dysfunction—may con
stitute a shared pathophysiological pathway linking depression and suicidal behavior. These abnormalities can trigger 
chronic neuroinflammation and oxidative stress, thereby impairing the function of the prefrontal and limbic systems and 
affecting decision-making control and negative emotional processing.9,10 Concurrently, such physiological dysregulation 
is often accompanied by autonomic nervous system (ANS) imbalance. A meta-analysis confirms that suicidal propensity 
is linked to reduced heart rate variability, a key index of ANS flexibility.11 In patients with MDD, this imbalance often 
manifests as sympathetic overactivation (eg, elevated blood pressure) and reduced vagal tone, which are implicated in 
emotional dysregulation and impulsivity—core features of suicide risk.12 Therefore, the inclusion of easily accessible 
biomarkers such as blood pressure, glucose, lipid profiles, and thyroid indices in predictive models is grounded in a solid 
neurobiological rationale. However, the diagnostic utility of individual biomarkers is limited by their poor specificity, 
indicating the need for multivariate predictive models.

Machine learning (ML) approaches provide robust solutions to this challenge by enabling the integration of complex 
multidimensional data. Chen et al successfully employed support vector machines (SVMs) to classify patients with MDD 
based on whole-brain functional connectivity (accuracy=88.50%) and stratify suicide risk (accuracies of 84.56% and 
74.60% for different risk categories, respectively).8 In a pioneering study, Yang et al developed ML models using 
epigenetic and transcriptomic data, achieving remarkable classification accuracies (up to 92.6%) for various diagnostic 
distinctions.13 Although these advances are promising, barriers to practical implementation—particularly regarding the 
clinical feasibility of genomic profiling, which involves high costs, specialized laboratory requirements, and lack of 
routine availability in psychiatric practice—restrict their widespread adoption.

The present study addresses these limitations through several innovations. First, we developed an interpretable ML model 
incorporating explainable artificial intelligence (XAI) techniques—namely, SHapley Additive exPlanations (kernel-SHAP) 
and Local Interpretable Model-agnostic Explanations (LIME)—to enhance clinical translatability. Second, our analysis 
utilized a large, well-characterized cohort of patients with first-episode MDD, minimizing confounding through rigorous 
inclusion criteria. Finally, we focused on clinically accessible biomarkers and features to ensure their practical utility in real- 
world psychiatric clinical settings. Our approach aimed to provide clinicians with a robust, interpretable tool for identifying 
high-risk patients with MDD, thereby facilitating timely intervention and improving patient outcomes.

Materials and Methods
Study Design and Participants
We conducted a retrospective cohort study analyzing data from 1,718 first-episode, drug-naïve patients with MDD who 
received treatment at the psychiatric outpatient department of the First Hospital of Shanxi Medical University between 
March 1, 2016, and June 30, 2017. The study protocol was approved by the Institutional Review Board of the First 
Hospital of Shanxi Medical University (Approval No. 2016-Y27), and all participants provided written informed consent 
after receiving detailed explanations of the study objectives and procedures. Participants retained the right to withdraw 
from the study without any repercussions. The research team had no access to personally identifiable information during 
data collection and analysis. The hospital’s data security office de-identified all personal information (eg, names and 
medical record numbers) before dataset release. No financial compensation was provided to participants, as this study 
involved secondary analysis of de-identified clinical data.
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Diagnostic Criteria and Patient Selection
MDD diagnosis was established based on the following inclusion criteria: (1) Confirmation by two independent psychiatrists 
using the Structured Clinical Interview for DSM-IV (SCID), with inter-rater reliability assessed using Cohen’s kappa 
coefficient (Κ=0.85); (2) No prior exposure to psychotropic medications; (3) Han Chinese ethnicity, aged 18–60 years (Han 
Chinese ethnicity was required to reduce genetic and sociocultural heterogeneity, which may confound biomarker and clinical 
associations).; (4) Willingness to participate and ability to provide informed consent; (5) Sufficient cognitive capacity to 
understand study procedures. The exclusion criteria were as follows: (1) comorbid psychiatric disorders (assessed using 
SCID), (2) severe physical illnesses (eg, uncontrolled endocrine disorders, malignancies), (3) pregnancy or lactation status, (4) 
history of substance abuse (excluding nicotine use), and (5) incomplete baseline clinical assessments.

Study Procedures
All eligible participants underwent comprehensive baseline evaluations, including: (1) demographic characteristics (age, 
sex, and education level); (2) clinical assessments (duration of the current episode, symptom severity); (3) laboratory 
tests (thyroid function and metabolic parameters); and (4) psychometric evaluations (depression and anxiety severity 
scales). A detailed flowchart (Figure 1) illustrates the participant recruitment and selection processes, including the 
number of excluded individuals and reasons for exclusion.

Clinical Measurements
We employed standardized psychometric instruments to assess key clinical features. The 17-item Hamilton Depression Rating 
Scale (HAMD-17) was used to quantify depressive symptom severity. This widely validated instrument assesses mood, guilt, 
suicidal ideation, and neurovegetative symptoms, with higher scores indicating greater severity of depression. The Hamilton 
Anxiety Rating Scale (HAMA) was used to assess anxiety symptomatology. Based on established cutoffs, we categorized 
patients into the following groups: comorbid anxiety (HAMA ≥18) and non-anxious (HAMA <18).14 The Positive and 
Negative Syndrome Scale (PANSS) positive subscale was used to evaluate psychotic symptoms. Patients scoring ≥15 on this 
subscale were classified as having psychotic features, consistent with previous research in Chinese populations with MDD.15 

The Clinical Global Impression of Severity Scale (CGI-S) was used to assess disease severity.

Definition of Suicide Attempt
We defined suicide attempts as intentional self-injurious behaviors carried out with at least some intent to die.16 During 
assessments, participants were directly asked, “Have you ever made an intentional attempt to end your life?” Specifically, 
a “yes” classification required meeting all of the following criteria: (1) a self-reported affirmative response to the aforemen
tioned question; (2) corroboration of the event’s intentionality and outcome (ie, self-injury) during a subsequent clinical 
interview by a trained psychiatrist; and (3) availability of documented details regarding the method, level of intent, and 
resulting medical severity. For those responding affirmatively, trained clinicians conducted semi-structured interviews to 
document characteristics of the attempts, including frequency, methods employed, temporal patterns, and medical severity.

Variables
All rating psychiatrists completed standardized training on scale administration, achieving excellent inter-rater reliability 
(intraclass correlation coefficient >0.85 for all scales). The Chinese versions of these instruments have demonstrated 
strong psychometric properties in validation studies.17,18

Based on prior research on mental health, we collected comprehensive biomarker data from all participants, including 
metabolic parameters (fasting blood glucose [FBG] measured via the glucose oxidase method, with levels >6.1 mmol/L 
indicating abnormal glucose metabolism), thyroid function markers (free triiodothyronine [FT3], free thyroxine [FT4], thyroid- 
stimulating hormone [TSH], antithyroglobulin antibody [TgAb], and thyroid peroxidase antibody [TPOAb]), and lipid profiles 
(total cholesterol [TC], high-density lipoprotein [HDL], triglycerides [TG], and low-density lipoprotein [LDL] measured via 
enzymatic colorimetry). Dyslipidemia was defined according to established criteria: TC ≥5.2 mmol/L, TG ≥1.7 mmol/L, LDL-C 
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Figure 1 Flow chart.
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≥3.4 mmol/L, or HDL-C <1.0 mmol/L.19,20 Thyroid hormone reference ranges followed standard US guidelines: FT4 (10–23 
pmol/L), TgAb (0–115 IU/L), TSH (0.27–4.20 mIU/L), FT3 (3.10–6.80 pmol/L), and TPOAb (0–34 IU/L).21

Referring to previous population-based literature, anthropometric measurements included body weight (kg) and 
height (m), from which we calculated body mass index (BMI) as weight/height2 (kg/m2), categorizing participants as 
underweight/normal (BMI <24 kg/m2), overweight (24–28 kg/m2), or obese (≥28 kg/m2). Blood pressure assessment 
followed standardized protocols: after a 5-minute rest period, we measured diastolic blood pressure (DBP) and systolic 
blood pressure (SBP) using an automated electronic sphygmomanometer (HBP-9020; Omron, Japan), recording values in 
mmHg.22,23 This comprehensive approach ensured robust characterization of the metabolic and cardiovascular risk 
factors in our study population.

Statistical Analysis
Variable Selection
All statistical analyses were performed using R software (version 4.3.1; R Foundation for Statistical Computing). 
Referring to previous literature, continuous variables were assessed for normality using the Shapiro–Wilk test, with 
normally distributed variables presented as mean ± standard deviation and non-normally distributed variables as median 
(interquartile range).24,25 Between-group comparisons were conducted using independent samples t-tests for normally 
distributed continuous variables, Kruskal–Wallis tests for non-normally distributed continuous variables, and χ2-tests or 
Fisher’s exact tests for categorical variables, as appropriate (see Table 1). All statistical tests were performed using the 
compareGroups package (version 4.7.0) in R, with a two-tailed p-value <0.05 considered statistically significant.

Table 1 Characteristics of MDD Patients

Item Non-Attempters Attempters P
N=1372 N=346

Age 33.0[23.0;45.0] 35.0[25.0;47.0] 0.023
Duration disease (months) 5.00[3.00;8.00] 6.00[3.00;9.00] 0.001

Age of onset 33.0[23.0;45.0] 34.0[25.0;47.0] 0.026

Gender 0.453
Female 476(34.7%) 112(32.4%)

Male 896(65.3%) 234(67.6%)

Education level (years) 12.76(9.87±15.65) 12.55(9.47±15.63) 0.365
Marriage 0.459

Yes 965(70.3%) 251(72.5%)

No 407(29.7%) 95(27.5%)
Severe anxiety <0.001

Yes 93(6.78%) 111(32.1%)

No 1279(93.2%) 235(67.9%)
Psychiatric Symptom <0.001

Yes 83(6.05%) 88(25.4%)

No 1289(93.95%) 258(74.6%)
HAMD 30.0[28.0;32.0] 32.0[30.0;34.0] <0.001

HAMA 20.0[18.0;22.0] 23.0[21.0;26.0] <0.001
Delusion 1.00[1.00;1.00] 1.00[1.00;3.00] <0.001

Loosening 1.00[1.00;1.00] 1.00[1.00;2.00] <0.001

Hallucination 1.00[1.00;1.00] 1.00[1.00;3.00] <0.001
Exciting 1.00[1.00;1.00] 1.00[1.00;1.00] <0.001

Suspicion 1.00[1.00;1.00] 1.00[1.00;3.00] <0.001

Hostility 1.00[1.00;1.00] 1.00[1.00;2.00] <0.001

(Continued)
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Model Derivation and Validation
The machine learning prediction model was developed using Python 3.9 and R 4.3.1, following rigorous data preproces
sing and feature engineering protocols. Feature selection was initially performed using least absolute shrinkage and 
selection operator (LASSO) regression with 10-fold cross-validation to identify the optimal regularization parameter (λ), 
resulting in the preliminary selection of 37 clinically relevant variables from the original dataset. Subsequently, we 
implemented an extreme gradient boosting (XGBoost) model to further refine the feature set. Using SHAP values, we 
quantitatively assessed and ranked feature importance, enabling stepwise variable inclusion based on their relative 
contributions to model performance. This iterative process was continued until the model achieved optimal predictive 
performance while maintaining parsimony, as evaluated via repeated cross-validation. Potential collinearity among 
predictors was assessed using variance inflation factors (VIF). Variables with VIF > 5 were excluded during LASSO 
regression to ensure feature independence. This step minimized multicollinearity and stabilized model performance.

We developed our predictive models using Python 3.9.10 with the scikit-learn library (version 1.3) and implemented 
a comprehensive machine learning framework incorporating 11 distinct algorithms: logistic regression (with L2 regularization), 
support vector machines (SVM with radial basis function kernel), k-nearest neighbors (KNN; k = 5), decision trees (maximum 
depth = 5), CatBoost (iterations = 1000), random forests (n_estimators = 100), XGBoost (learning_rate = 0.1), LightGBM 
(num_leaves = 31), AdaBoost (n_estimators = 50), multilayer perceptron neural networks (hidden_layer_sizes = (100)), and 
Gaussian naïve Bayes. To enhance predictive performance, we employed a stacking ensemble approach combining these diverse 
algorithms as base learners and logistic regression as the meta-learner to optimally weight their predictions. The stacking 
ensemble synergistically combines base learners (eg, XGBoost, SVM) via a meta-learner (logistic regression), which learns to 
weight their predictions optimally. This approach reduces variance and bias, outperforming individual models that may overfit to 
specific data patterns. Hyperparameter optimization was conducted via an exhaustive grid search combined with stratified 5-fold 
cross-validation, using the area under the receiver operating characteristic curve (AUC-ROC) as the primary performance metric 
for model selection.We employed stratified 5-fold cross-validation to ensure robust performance estimation, with each fold 
serving as a hold-out test set. This approach mitigates overfitting and provides a more generalizable performance metric than 
a single train-test split. This rigorous optimization process ensured that each algorithm’s parameters were carefully tuned to 
maximize predictive accuracy while maintaining generalizability.

The predictive performance of all 12 machine learning models was rigorously evaluated using multiple complemen
tary metrics. We assessed model discrimination using receiver operating characteristic (ROC) curve analysis, reporting 
the area under the curve (AUC) with 95% confidence intervals, and evaluated precision-recall (PR) curves to account for 

Table 1 (Continued). 

Item Non-Attempters Attempters P
N=1372 N=346

PANSS positive subscale score 7.00[7.00;7.00] 8.00[7.00;17.8] <0.001
CGI 6.00[5.00;6.00] 7.00[6.00;7.00] <0.001

TSH 4.63[2.89;6.14] 6.76[4.54;8.89] <0.001

TgAb 20.1[13.8;32.4] 27.9[18.1;144] <0.001
TPOAb 16.4[12.2;29.0] 28.7[14.1;171] <0.001

FT3 4.91[4.39;5.40] 4.92[4.34;5.44] 0.981

FT4 16.5[14.4;18.8] 16.5[14.4;18.6] 0.862
Glucose 5.28[4.92;5.71] 5.56[5.05;6.10] <0.001

TC 5.11[4.36;5.81] 5.72[4.95;6.59] <0.001

HDL-C 1.25[1.05;1.44] 1.12[0.89;1.30] <0.001
TG 1.94[1.37;2.74] 2.16[1.46;2.93] 0.004

LDL-C 2.90[2.30;3.42] 3.21[2.60;3.74] <0.001

BMI 24.2[23.2;25.6] 24.3[23.2;26.0] 0.811
SBP 120[111;126] 125[116;134] <0.001

DBP 75.0[70.0;80.0] 78.0[74.0;84.0] <0.001

https://doi.org/10.2147/NDT.S561526                                                                                                                                                                                                                                                                                                                                                                                                                                          Neuropsychiatric Disease and Treatment 2026:22 6

Tan et al                                                                                                                                                                              

Powered by TCPDF (www.tcpdf.org)Powered by TCPDF (www.tcpdf.org)



class imbalance. For logistic regression models, AIC was used for model selection. For tree-based and ensemble models, 
cross-validated AUC and F1 score were prioritized due to their suitability for non-linear and imbalanced classification 
tasks. Additional performance metrics included accuracy, precision, recall, and F1 score, all of which were calculated 
using stratified 5-fold cross-validation to ensure reliable estimates. Following a comprehensive evaluation, we selected 
the optimal model based on balanced performance across all metrics. To enhance clinical interpretability, we applied 
interpretable machine learning (XAI) techniques, including kernel-SHAP (SHapley Additive exPlanations) and LIME 
algorithms, were employed to provide transparent, quantitative insights into how each feature influences model predic
tions, both globally and at the individual level. This dual-interpretation approach facilitates a transparent understanding 
of the model’s decision-making process while maintaining the complexity required for accurate predictions.

Results
Study Cohort
The study cohort comprised 1,718 patients diagnosed with MDD, among whom 346 (20.14%) reported at least one 
suicide attempt, while 1,372 (79.86%) had no history of suicidal behavior. Between-group comparisons are summarized 
in Table 1, although some variables showed statistical differences, no single demographic or conventional clinical marker 
alone provided sufficient discriminative power for accurate suicide risk stratification, highlighting the need for multi
variate machine learning approaches.

Model Evaluation
Our model development adopted a systematic stepwise variable inclusion approach to optimize predictive performance. 
Initial feature selection using LASSO regression with 10-fold cross-validation identified 37 potentially relevant variables 
from the original dataset. These variables were then sequentially incorporated into the model based on their SHAP 
(Shapley Additive exPlanations) values, which quantitatively assessed each feature’s contribution to model predictions 
(Figure 2a–c). Model performance, as measured by AUC, exhibited dynamic changes with variable inclusion (Table 2), 
with these fluctuations visually represented in the performance heatmap (Figure 3). Notably, the stacked ensemble model 
achieved peak discriminative ability (AUC = 0.868, 95% CI: 0.842–0.894) and precision (0.849) in the validation set 
when incorporating the top eight most influential variables based on SHAP rankings. Further variable inclusion beyond 
this point yielded diminishing returns, with model performance stabilizing, as shown in the trend analysis of AUC and 
accuracy metrics (Figure 4). This plateau effect indicated that optimal predictive capacity could be maintained with only 
the top eight variables, which were consequently selected for final model implementation. Eight key predictors were 

Figure 2 (a) LASSO regression coefficient path plot; (b) LASSO regularized path diagram; (c) Ranking of variables based on SHAP values.
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ultimately selected for the final stacked ensemble model: CGI-S score, HAMA score, TSH, SBP, PANSS positive 
subscale, TgAb, DBP and age. Model performance metrics are shown in Table 3, Figures 5 and 6. Comprehensive 
performance metrics for all evaluated models in the internal validation set are presented in Table 3. In contrast, the 
discriminative performance of the stacked model was further illustrated through its ROC (Figure 5) and PR curves 
(Figure 6) in the validation cohort.

To enhance the interpretability of our stacked ensemble model—which incorporates 12 distinct machine learning 
algorithms—we implemented two complementary XAI techniques: Kernel-SHAP and LIME. Kernel-SHAP provides 
theoretically grounded feature importance estimates by integrating the mathematical rigor of Shapley values from game 
theory with the local approximation approach of LIME, enabling comprehensive model interpretation at both the 

Table 2 Changing AUC Values as Variables Increase for Different Models

Model 1 2 3 4 5 6 7 8 9 10 11 12 13

Logit 0.72 0.80 0.82 0.82 0.82 0.82 0.81 0.81 0.83 0.82 0.83 0.84 0.84
KNN 0.72 0.79 0.82 0.85 0.85 0.82 0.83 0.84 0.84 0.84 0.85 0.83 0.81

SVM 0.73 0.80 0.82 0.83 0.83 0.82 0.82 0.82 0.83 0.83 0.83 0.83 0.83

Cat 0.72 0.81 0.83 0.84 0.84 0.85 0.85 0.85 0.85 0.86 0.86 0.86 0.86
DT 0.71 0.81 0.80 0.79 0.79 0.78 0.79 0.79 0.81 0.80 0.79 0.78 0.78

RF 0.73 0.81 0.83 0.84 0.84 0.85 0.85 0.85 0.86 0.86 0.87 0.87 0.86

XGBoost 0.73 0.81 0.82 0.83 0.83 0.83 0.84 0.85 0.85 0.85 0.87 0.86 0.86
LightGBM 0.73 0.81 0.83 0.84 0.84 0.85 0.84 0.86 0.86 0.85 0.87 0.87 0.86

AdaBoost 0.72 0.81 0.82 0.84 0.84 0.84 0.84 0.84 0.84 0.84 0.84 0.84 0.85
MLP 0.72 0.80 0.82 0.81 0.81 0.81 0.82 0.82 0.83 0.84 0.84 0.80 0.81

GaussianNB 0.71 0.80 0.81 0.82 0.82 0.81 0.81 0.81 0.82 0.83 0.83 0.83 0.83

Stacking 0.73 0.81 0.83 0.85 0.85 0.85 0.87 0.87 0.87 0.86 0.87 0.86 0.86

Figure 3 AUC of feature selection based on SHAP variable importance for various models.
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population and individual levels. Our analysis identified eight clinically relevant predictors of suicidal behavior in 
patients with MDD, as ranked by SHAP values (see Figure 7) CGI-S score, HAMA score, TSH, SBP, DBP, TgAb levels, 
PANSS positive subscale score, and age. Individual prediction features were elucidated using the SHAP Beeswarm plot 
(Figure 7) and Force plot (Figure 8), which visually demonstrate how each feature contributes to specific risk assess
ments. As shown in Figure 7, HAMA score points become increasingly red toward the right, and the SHAP value of 
HAMA is positive, indicating that higher HAMA scores are associated with an increased risk of suicide. Figure 8 
quantifies the magnitude of the effect of each influencing factor on suicide risk in patients with MDD. Figure 8 
demonstrates that the Hamilton Anxiety Rating Scale (HAMA) score, SBP, and Clinical Global Impressions-Severity 

Figure 4 Changes in AUC and accuracy of the Stacking model as the number of variables increases.

Table 3 Internal Validation

Model AUC Precision Accuracy Recall F1

Logit 0.82 0.43 0.76 0.77 0.55

KNN 0.84 0.84 0.84 0.20 0.32
SVM 0.82 0.40 0.74 0.77 0.52

Cat 0.85 0.48 0.78 0.73 0.55
DT 0.79 0.38 0.72 0.75 0.50

RF 0.85 0.51 0.82 0.59 0.55

XGBoost 0.85 0.38 0.71 0.85 0.53
LightGBM 0.86 0.53 0.82 0.61 0.56

AdaBoost 0.84 0.45 0.78 0.77 0.57

MLP 0.82 0.64 0.85 0.42 0.51
GaussianNB 0.81 0.46 0.80 0.38 0.42

Stacking 0.87 0.63 0.85 0.47 0.54
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Scale (CGI-S) score were the top three predictors of suicide risk in patients with major depressive disorder (MDD). For 
clinical translation, the LIME plot in Figure 9 provides a localized, intuitive explanation, showing that a specific patient 
with MDD had an 85% predicted risk of suicidal behavior, with factors such as CGI-S, HAMA score, SBP, TSH, age, 
and TgAb driving this prediction.

Validation of the Predictive Model
We validated the clinical utility of our predictive model using decision curve analysis (DCA), which quantifies net benefit 
across different risk thresholds by balancing true-positive predictions against false-positive results. As shown in 
Figure 10, the model demonstrated superior clinical net benefit compared to both “treat-all” and “treat-none” strategies 
across a clinically relevant risk threshold range of 3% to 88% (0.03–0.88 probability range). This wide effective 
threshold interval indicates robust clinical applicability, with maximum net benefit improvements of 38% observed at 
intermediate-risk thresholds (15–65%), where clinical decision-making is most uncertain. The sustained positive net 
benefit across nearly the entire risk spectrum indicates that our model could meaningfully inform suicide prevention 
strategies while minimizing unnecessary interventions, particularly in the critical mid-range probability zone, where 
clinicians often face diagnostic uncertainty. We evaluated the internal validation performance of the optimal model. On 
the test set, the model achieved a sensitivity of 0.4815 (48.15%) and a specificity of 0.9356 (93.56%). To assess the 
robustness of the model, we performed random 5-fold cross-validation on the dataset. Further validation on the 5-fold 

Figure 5 The ROC curves of each model on the internal validation set based on LASSO feature filtering.
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Figure 6 The PR curves of each model on the internal validation set based on LASSO feature filtering.

Figure 7 SHAP Beeswarm Plot of Feature attributes in the stacking ensemble model (each line represents a feature, and the x-axis represents SHAP values, indicating the 
impact of the feature on the outcome. Each point represents a sample. The redder the colour, the larger the feature value; the bluer the colour, the smaller the feature value).
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splits showed stable performance across different data subsets, with a mean AUC of 0.859 (SD = 0.0182), as shown in 
Figure 11. These results further confirm the reliability of the model’s performance. These results confirm that the model’s 
predictive performance translates into tangible clinical value for risk stratification in MDD management.

Discussion
Patients with MDD face an elevated risk of recurrent suicidal behaviors following initial attempts, yet clinicians 
predominantly rely on empirical clinical assessments for risk stratification in non-acute cases.26 Our study addresses 
this critical gap by developing a stacked ensemble machine learning model integrating 12 algorithms optimized via 

Figure 8 SHAP Force Plot for predicting suicide risk in patients with MDD (The SHAP values are indicative of the prediction-related features of individual patients and the 
contribution of each feature to the suicide behavior prediction. The bold-faced numbers represent the probabilistic predicted values (f(x)). In contrast, the base values 
correspond to the values predicted without providing input to the model. The f(x) is defined as the log odds ratio of each observation. The red features (on the left) indicate 
characteristics that have been demonstrated to increase the risk of suicide behavior, while the blue features indicate characteristics that have been demonstrated to decrease 
the risk of suicide behavior. The length of the arrows facilitates the visualization of the magnitude of the effect on the prediction. The magnitude of the effect is directly 
proportional to the length of the arrow).

Figure 9 LIME plot for predicted risk of suicidal behavior of a particular patient with MDD.
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LASSO regression and SHAP-based feature selection. By leveraging comprehensive clinical and biomarker data from 
first-episode, medication-naïve patients with MDD, the model demonstrated superior predictive accuracy (AUC=0.868) 
compared to individual algorithms such as XGBoost and LightGBM. This advancement suggests this model provides 
a clinically feasible tool that integrates routinely available data, enabling early identification of high-risk patients without 
requiring specialized tests. Its interpretability further supports trust and adoption among clinicians. And enabling targeted 
interventions to mitigate suicide-related morbidity.

Figure 10 Clinical Decision Curve.

Figure 11 5-fold Cross-Validation ROC Curves.
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Model interpretability remains paramount for the clinical adoption of artificial intelligence tools. Our approach 
prioritized transparency through three key strategies: (1) restricting input variables to routinely collected clinical 
parameters (eg, vital signs and serum biomarkers) and validated psychometric scales; (2) implementing SHAP and 
LIME frameworks to quantify feature contributions; and (3) validating clinical utility via decision curve analysis. The 
stacking model in this study exhibits high interpretability and provides clinicians with insights into how model 
predictions are generated. This will empower medical staff to formulate evidence-based interventions in a more timely 
and targeted manner, thereby reducing the incidence of suicide among patients with major depressive disorder (MDD). 
While individual clinical markers may show univariate associations with suicide risk, their predictive utility is limited 
when used in isolation. Our model demonstrates that it is the integration and weighted combination of these markers— 
particularly CGI-S, HAMA, and SBP—within a multivariate framework that achieves high discriminative accuracy. By 
intervening in relevant risk factors of patients with MDD to mitigate the tendency toward suicide attempts, a virtuous 
cycle may be formed, which can in turn lower the risk of suicide in these patients. This represents an advantage over 
previous studies, which failed to identify such risk factors.

The model maintained robust performance (net benefit range: 3–88% risk threshold) while identifying CGI-S scores, 
HAMA scores, and SBP as primary predictors. The identified predictors align with emerging pathophysiological models 
of suicidal behavior.22–29 CGI-S, reflecting global illness severity, and CGI scores in patients with MDD are positively 
correlated with suicidal ideation and behavior, and suicide attempts are a symptom cluster in MDD.30–32The significance 
of HAMA scores supports the anxiety-depression suicide paradigm.33 Additionally, our previous study showed that the 
incidence of suicide attempts in patients with MDD and comorbid anxiety symptoms was 9.51 times higher than in 
patients with MDD without anxiety symptoms.34 Mechanistically, autonomic nervous system dysregulation, manifested 
through blood pressure abnormalities, may bridge depressive pathophysiology and suicidal vulnerability.35–37 Our 
findings extend prior work by demonstrating that hypertension-associated parameters (SBP/DBP) provide incremental 
predictive value beyond traditional psychiatric assessments.38,39 Notably, the SHAP force plots (Figure 8) and LIME 
explanations (Figure 9) provided granular insights into how specific biomarker profiles (eg, elevated TSH and TgAb 
levels) interact with clinical features to modulate individual risk trajectories. These readily accessible variables have the 
potential to predict suicidal behaviors in patients with MDD prospectively. A comparative analysis showed that the 
inclusion of biomarkers (eg, TSH, TgAb, SBP) improved the AUC from 0.79 (clinical scales only) to 0.87 (full model), 
representing a clinically meaningful increase in predictive accuracy.

The identification of systolic and diastolic blood pressure as key predictors in our model aligns with emerging 
neurobiological models of suicide risk that emphasize autonomic nervous system (ANS) dysregulation. Reduced heart 
rate variability, indicative of ANS inflexibility and particularly diminished vagal tone, is a well-established transdiag
nostic biomarker for deficits in emotion regulation and behavioral control, core features of suicidal vulnerability.11 In 
patients with MDD, specific patterns of autonomic activity have been empirically linked to the presence of suicidal 
ideation.40 Elevated blood pressure may thus represent a measurable peripheral manifestation of sustained sympathetic 
overactivity, which can disrupt prefrontal-limbic circuitry. Furthermore, this autonomic imbalance is often part of 
a broader physiological state involving immune-metabolic dysregulation. Systemic inflammation and metabolic distur
bances can both contribute to and be exacerbated by ANS dysfunction, creating a feed-forward loop that heightens 
neuroinflammation and impairs brain homeostasis, thereby increasing suicide risk.41 Consequently, our model’s incor
poration of readily available cardiovascular indices provides a clinically feasible window into these underlying, inter
connected neurobiological pathways.

This study advances the field through two methodological innovations: (1) the integration of serum biomarkers into 
interpretable ML frameworks, bridging the biological and clinical risk dimensions; and (2) the development of 
a continuous risk prediction tool with quantified uncertainty estimates. However, this study has several important 
limitations that warrant consideration and direct future research. The single-center retrospective design and homogeneous 
sample of Han Chinese first-episode drug-naïve patients, while methodologically controlled, may limit generalizability to 
other populations, healthcare settings, and recurrent or comorbid cases. Furthermore, reliance on static, single-time-point 
assessments cannot capture the dynamic nature of suicide risk, and the exclusion of variables like detailed psychosocial 
stressors or neuroimaging data may constrain predictive scope. Additionally, the current model exhibited a trade-off in 

https://doi.org/10.2147/NDT.S561526                                                                                                                                                                                                                                                                                                                                                                                                                                          Neuropsychiatric Disease and Treatment 2026:22 14

Tan et al                                                                                                                                                                              

Powered by TCPDF (www.tcpdf.org)Powered by TCPDF (www.tcpdf.org)



performance metrics, with sensitivity that may be suboptimal for some high-stakes clinical screening scenarios. While 
internal validation was rigorous, external validation in independent, prospective cohorts is essential to confirm real-world 
clinical utility. To address these constraints, future work should prioritize such multi-center validation, integrate dynamic 
digital phenotyping and broader multimodal data, technically optimize the model (eg, via advanced resampling techni
ques like SMOTE or cost-sensitive learning algorithms) to better balance sensitivity and specificity, elucidate the causal 
pathways underlying key predictors, and ultimately assess the model’s implementation and impact within clinical 
workflows to translate predictive accuracy into tangible patient benefit.

Conclusion
This study demonstrates that a stacked ensemble machine learning model integrating clinical, biomarker, and psycho
metric data achieves superior suicide risk prediction (AUC=0.868) compared to conventional methods in patients with 
first-episode MDD. Key predictors, including CGI-S, HAMA scores, and blood pressure variability, align with the 
neurobiological pathways underlying autonomic nervous system dysregulation and anxiety-depression interaction. Two 
innovations enhance clinical translatability: interpretable machine learning (SHAP/LIME) and validated risk stratification 
across broad probability thresholds. Limitations include single-center recruitment and a cross-sectional design, necessi
tating future prospective validation across diverse populations with the integration of real-time digital biomarkers.

Institutional Review Board Statement
This study was conducted in accordance with the principles of the Declaration of Helsinki.

The core data of this study were derived from a primary clinical data collection project conducted at the Psychiatric 
Outpatient Department of the First Hospital of Shanxi Medical University, which enrolled 1,718 patients with major 
depressive disorder (MDD) between March 2016 and June 2017.

1.Ethical Approval for the Primary Project. This primary data collection project was approved by the Ethics 
Committee of the First Hospital of Shanxi Medical University (Approval No.: 2016-Y27). During the primary project, 
all participants provided written informed consent voluntarily after psychiatrists fully explained the study protocol and 
procedures; participants also retained the right to withdraw from the project at any time without penalty.

2.Ethical Compliance of This Secondary Analysis. Within the framework of the academic cooperation and sharing 
mechanism signed with the First Hospital of Shanxi Medical University, our team obtained the de-identified dataset of 
the primary project through a formal data transfer process. The de-identification process strictly adhered to national 
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