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Abstract: Suicide remains a major public health challenge, with emergency departments (EDs) representing a 
critical point of contact for individuals at risk. However, conventional suicide screening approaches are often 
time-intensive, disclosure-dependent, and difficult to implement consistently in high-acuity settings. This study 
developed and evaluated an artificial intelligence (AI)-based model for predicting suicide-related behaviour (SRB) 
within 30 days of ED presentation using routinely collected structured triage data available at admission.

Five supervised learning models, logistic regression, random forest, extreme gradient boosting (XGBoost), light 
gradient boosting machine (LightGBM), and a multilayer perceptron (MLP), were developed and evaluated using 
patient-level train-validation-test splits. Performance was assessed using a multidimensional framework including 
area under the receiver operating characteristic curve (AUROC), area under the precision-recall curve (AUPRC), 
Recall, F2-score, Matthews Correlation Coefficient (MCC), Balanced Accuracy, threshold optimisation, decision-
curve analysis, bootstrap confidence intervals, and SHapley Additive exPlanations (SHAP).

Among the evaluated models, LightGBM showed the most favourable balance between overall discrimination, 
minority-class discrimination, sensitivity, and decision stability, achieving an AUROC of 0.88, an AUPRC of 
0.25, a Recall of 0.79, and an F2-score of 0.41 on the independent test set. Threshold optimisation and decision-
curve analysis further supported the model’s clinical utility, while SHAP analyses identified prior psychiatric 
history, age, and physiological variables as important contributors to risk prediction.

These findings demonstrate that short-term SRB risk can be predicted using structured ED triage information 
available at presentation. Rather than replacing clinicians, the proposed model aims to provide transparent, 
scalable decision support to support prioritisation, follow-up planning, and early intervention. Although external 
validation and prospective studies remain necessary, the study provides a deployment-oriented framework for 
integrating AI-assisted suicide risk prediction into emergency care workflows.

Keywords: Artificial Intelligence; Clinical Decision Support; Emergency Department; Explainable Machine 
Learning; Suicide Related Behaviour

1. Introduction
Suicide constitutes a persistent global public health challenge and remains one of the leading causes of premature 
mortality worldwide (Erdem et al., 2025), affecting populations across diverse contexts (Hughes et al., 2025; 
Machado, 2025). Beyond individual loss, suicide puts a significant psychological and economic strain on 
communities and healthcare infrastructure. Clinically, suicidal behaviour is recognised as a critical phenomenon 
that may occur across a range of mental disorders and clinical presentations, rather than as a disorder confined to 
a single diagnostic category (American Psychiatric Association, 2022). Among healthcare settings, the emergency 
department (ED) often serves as the first, and sometimes only, point of contact for individuals experiencing acute 
psychological distress (Nugent et al., 2024). Individuals in suicidal crisis often present to EDs with co-occurring 
conditions such as substance intoxication, injury, or acute psychiatric symptoms (Rheinberger et al., 2022). 

Global evidence indicates that the risk of suicide or suicide attempt is highest within 30 days following discharge 
from an ED or inpatient psychiatric unit (Haglund et al., 2019; Thompson et al., 2025). This period represents a 
vulnerable transition from structured clinical supervision to less monitored outpatient care. Although patients 
presenting with acute suicidality are often admitted for stabilisation, discharge is frequently associated with 
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reduced monitoring intensity and inconsistent follow-up. Up to 70% of individuals discharged after a suicide 
attempt fail to attend their first outpatient appointment, and approximately 37% of individuals without a prior 
psychiatric diagnosis who die by suicide had visited an ED within a year preceding death (Department of Public 
Health and Human Services, 2025; Olfson et al., 2021). These findings position the ED not merely as a point of 
care, but as a critical intervention window where timely identification of suicide-related behaviour (SRB) could 
enable early intervention and potentially prevent subsequent harm.

Despite this, suicide risk assessment in EDs remains predominantly reliant on subjective and time-intensive 
screening approaches, including clinician judgment, structured interviews, and standardised tools such as the Ask-
Suicide Screening Questions (ASQ), Suicidal Ideation Questionnaire (SIQ), and Columbia-Suicide Severity 
Rating Scale (C-SSRS) (Scudder et al., 2022). While clinically validated and aligned with the Diagnostic and 
Statistical Manual of Mental Disorders, Fifth Edition, Text Revision (DSM-5-TR) conceptualisations, these 
approaches depend heavily on patient self-disclosure and clinician availability, both of which are constrained in 
a high-acuity emergency environment (Dobscha et al., 2023; Peralta, 2024). In addition, psychological distress 
often manifests indirectly through physiological, behavioural, or contextual indicators that are not fully captured 
by traditional screening tools (Kleiman et al., 2021). The resulting under-identification of at-risk individuals 
persists, limiting the ability of clinicians to prioritise patients based on risk severity in real-time.

Recent advances in artificial intelligence (AI), particularly machine learning (ML) and deep learning (DL), present 
an opportunity to augment clinical decision-making in suicide risk assessment (McHugh & Large, 2020; Shah, 
2022). Predictive models trained on structured triage data, such as vital signs, demographic information, visit 
context, and psychiatric history, can estimate the likelihood of SRB prior to formal assessment. Unlike post-hoc 
approaches relying on clinical notes or discharge summaries (Garriga et al., 2022) structured triage data is 
available at the point of admission, enabling real-time risk estimation within ED workflows (Kishore et al., 2023). 
Such models have the potential to identify subtle but clinically meaningful patterns associated with elevated 
suicide risk (El Arab & Al Moosa, 2025). When combined with explainability techniques, these systems can 
provide transparent, interpretable insights that complement, rather than replace, clinical expertise (Joyce et al., 
2023). 

However, despite growing interest in AI-driven suicide prediction, several limitations constrain the clinical 
applicability of existing approaches. A substantial body of research has focused on unstructured data sources, 
particularly social media and textual clinical narratives, using linguistic features, sentiment analysis, and topic 
modelling to infer psychological states (Homan et al., 2022; Mokheleli et al., 2026; Rabani et al., 2023). While 
these approaches demonstrate predictive capability, they are often limited by privacy concerns, sampling biases, 
and the absence of clinically validated ground truth labels (Hanna et al., 2025; Humbert-Droz et al., 2022). DL 
models applied to such data frequently require large-scale datasets and complex representations, reducing their 
practicality in structured clinical environments and highly imbalanced datasets typical of ED settings (Gaur et al., 
2024). 

In contrast, structured electronic health records (EHRs) and ED triage variables, including vital signs, 
demographic indicators, presenting complaints, and psychiatric history, are routinely collected and available 
during patient intake (Kishore et al., 2023; Sitthiprawiat et al., 2025). Despite their availability and clinical 
relevance, these data are rarely leveraged in a systematic, model-driven manner for suicide risk assessment in 
real-time ED workflows (Bentley et al., 2025). Existing studies that incorporate structured triage data remain 
limited in number and scope (Abugroun et al., 2025; Sitthiprawiat et al., 2025), leaving a gap in understanding 
whether such data can support reliable and scalable early risk prediction. Addressing this gap is necessary for 
developing deployable decision-support systems that align with routine clinical processes. Another limitation lies 
in the lack of model interpretability. Although many AI models achieve high discrimination performance, their 
internal reasoning is often difficult to understand, limiting trust and adoption in clinical settings where 
transparency and accountability are essential. Black-box models introduce ethical and operational concerns, 
particularly in high-stakes domains such as mental health care. 

To address these limitations, this study develops an interpretable AI-based triage model for predicting SRB within 
30 days of ED admission. Using structured clinical data from the Medical Information Mart for Intensive Care 
(MIMIC-IV) database, the study evaluates multiple supervised learning models, including interpretable linear 
models, ensemble tree-based methods, and a deep neural network architecture, to identify those that balance 
predictive performance with clinical interpretability. Model explanations are generated using SHapley Additive 
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exPlanations (SHAP), enabling transparent assessment of how individual demographic, clinical, and contextual 
features contribute to estimated suicide risk at both global and patient-specific levels. 

In this study, prediction and screening are conceptually distinct. Screening refers to clinician- or tool-based 
processes (such as ASQ, C-SSRS) that identify current or self-reported suicidal ideation or behaviour at the point 
of assessment, whereas prediction involves using computational models to estimate the probability of a future 
outcome based on available data. This study focuses on prediction; the proposed model is intended as a clinical 
decision-support tool that estimates the probability of documented SRB within 30 days using information 
available at ED presentation. It is designed to complement, rather than replace, established suicide screening 
instruments and clinician assessment by supporting early risk stratification and prioritisation.

The study is guided by the following research questions (RQs):

1. Which AI model provides the best balance between predictive performance, minority-class detection, 
clinical utility, and interpretability?

2. How interpretable and clinically actionable are these models in explaining SRB risk?
3. Which clinical and contextual features contribute most strongly to SRB prediction at triage?

This study makes several contributions to clinical AI and emergency mental healthcare. First, it reframes suicide 
risk prediction as a presentation-time decision problem by demonstrating that short-term SRB risk can be 
estimated using routinely collected structured data available at ED triage. Second, it establishes a reproducible 
framework for integrating ED and hospital records from MIMIC-IV and evaluates model performance using 
patient-level stratified partitions that better reflect real-world deployment conditions and minimise information 
leakage. Third, it introduces a clinically grounded evaluation model for SRB prediction in ED settings that extends 
beyond conventional performance assessment. As shown in the literature review section, many previous studies 
that rely primarily on discrimination metrics, the proposed model integrates minority-class discrimination 
(AUPRC), overall discrimination (AUROC), sensitivity, decision stability (MCC), threshold optimisation, 
bootstrap confidence intervals, patient-level validation, and explainability to support clinically meaningful model 
selection and deployment. Fourth, the study demonstrates that high-performing ensemble models can remain 
clinically interpretable by integrating SHAP-based global and local explanations. By treating explainability as a 
design requirement rather than a post hoc addition, the model provides transparent, patient-specific insights that 
support clinical accountability and trust. The remainder of this paper is structured as follows: Section 2 reviews 
related literature on AI in suicide prediction and triage modelling; Section 3 describes the methodology; Section 
4 presents the results, discusses implications, outlines limitations and future work; and Section 5 concludes the 
study.

2. Literature review
This literature review synthesises existing evidence on suicide risk assessment in ED settings, focusing on the role 
of EDs as critical points of contact for SRB, the limitations of existing triage-based assessment approaches, the 
predictive value of routinely collected structured ED data, advances in AI for suicide risk prediction, associated 
evaluation challenges in rare-event clinical settings, and the growing importance of explainability for clinical 
adoption. These themes establish the conceptual and empirical foundation for developing an interpretable, 
structured-data-driven AI model for SRB prediction at ED triage.

Suicide-Related Behaviour in Emergency Department Settings
EDs are recognised as critical settings for suicide prevention as they frequently represent the first, and sometimes 
only, healthcare contact for individuals experiencing suicidal crises. SRB presentations show identifiable 
demographic, temporal, and clinical patterns that are observable through routine triage processes. For example, 
Wang et al. (2026) reported that among adolescents presenting following suicide attempts, drug overdose was the 
predominant method, presentations were disproportionately female, and arrivals clustered during evening hours. 
Similarly, McCabe et al. (2026) showed that overdose-related self-harm involving opioids and stimulants 
frequently required hospital admission and intensive care. These findings highlight that ED clinicians operate 
under considerable time pressure while simultaneously managing behavioural crises and acute physiological 
instability.

SRB presentations are also influenced by broader contextual and environmental factors. Cortellazzo Wiel et al. 
(2025) reported increases in alcohol- and substance-related ED presentations among adolescents during and after 
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the COVID-19 pandemic, proving how societal stressors can indirectly shape suicide vulnerability. Beyond the 
acute encounter, evidence consistently identifies the post-contact period as a critical window for recurrent suicidal 
behaviour. Using logistic regression, Shi et al. (2026) demonstrated that the recency of a previous suicide attempt 
was a strong and graded predictor of reattempt within one year, with the highest risk observed immediately after 
a recent attempt. Similarly, Carson et al. (2024) showed that structured EHR variables could predict SRB within 
90 days following psychiatric discharge, supporting the notion that suicide risk extends beyond a single encounter 
and evolves over time.

Evidence further suggests that many individuals at risk do not present with explicit psychiatric complaints. 
Thomas et al. (2025) argued that trauma exposure, impulsivity, and behavioural sensitisation contribute to suicide 
vulnerability and noted that many patients engaging in suicidal behaviour lack a documented psychiatric 
diagnosis. Therefore, reliance on self-disclosure or psychiatric history alone may underestimate risk at triage. This 
challenge is also evident in paediatric populations. Pagliaccio et al. (2026) found that suicide thoughts and 
behaviours were common among children presenting with behavioural concerns, with prior SRB strongly 
predicting repeat ED visits. These findings suggest that suicide vulnerability is often embedded within broader 
behavioural and contextual presentations rather than isolated psychiatric complaints.

Although early identification is essential, detection alone is insufficient without effective follow-up. Sano et al. 
(2026) reported that family psychoeducation following ED admission was associated with reduced recurrence 
among patients who completed at least two sessions, highlighting the importance of continuity of care after 
discharge. The literature positions the ED as a high-leverage environment for suicide prevention, characterised by 
identifiable presentation patterns, high clinical acuity, hidden psychiatric vulnerability, and elevated short-term 
recurrence risk. These characteristics highlight the importance of developing triage-compatible approaches that 
can identify risk using information available at the point of presentation.

Limitations of Suicide Risk Assessment at ED Triage
Despite the ED’s central role in suicide prevention, triage-based suicide risk assessment remains constrained by 
several structural and operational limitations. Many individuals at risk of suicide do not present with explicit 
psychiatric complaints or have a documented mental health history, limiting the effectiveness of approaches that 
depend on self-disclosure or prior diagnoses. Thomas et al. (2025) argued that trauma exposure and behavioural 
sensitisation may underlie suicidal crises even in the absence of recognised psychiatric illness. Similar challenges 
have been reported in paediatric populations, where Pagliaccio et al. (2026) found that important drivers of suicide 
thoughts and behaviours, including family conflict, bullying, and social stressors, were often documented 
retrospectively rather than captured during triage. These findings suggest that conventional screening approaches 
may under-detect risk, particularly when psychosocial factors remain hidden during the initial encounter.

Limitations in routine coding further compound these challenges. Edgcomb et al. (2024) demonstrated that 
reliance on diagnosis codes alone missed a substantial proportion of suicide-related ED visits, whereas random 
forest (RF) models incorporating structured triage variables, such as chief concerns and vital signs, substantially 
improved detection. Similarly, Robinson et al. (2020) showed that the Victorian Self-Harm Monitoring System 
identified approximately 25% more self-harm presentations than administrative coding alone. These findings 
indicate that coding-based surveillance underestimates the burden of SRB and highlight the value of routinely 
collected structured clinical information.

Although narrative clinical notes can capture hidden psychosocial risk factors, their use introduces additional 
challenges. Tsui et al. (2021) reported that combining structured data with NLP-derived features improved the 
prediction of first-time suicide attempts, achieving an AUC of 0.932 with XGBoost. However, the study also 
highlighted concerns regarding computational complexity, single-site generalisability, and potential data leakage 
when notes describing the suicide attempt were included. These limitations reduce the feasibility of NLP-intensive 
approaches for real-time triage support.

Beyond predictive performance, successful implementation depends on clinician trust and usability. Interian et al. 
(2025) argued that precision suicide prevention requires decision-support tools that align with clinical reasoning 
and support personalised interventions. In fast-paced ED environments, black-box systems that lack transparency 
are unlikely to influence triage decisions regardless of their predictive accuracy. The literature suggests that ED 
suicide risk assessment is constrained by reliance on self-disclosure, incomplete coding, operational pressures, 
and limited interpretability, motivating the development of transparent, triage-compatible models that use 
routinely available structured data.
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Structured ED Data for Suicide Risk Prediction
Routinely collected structured ED data provide a practical foundation for suicide risk prediction as they are 
consistently available, ethically compliant, and naturally integrated into real-time clinical workflows. Edgcomb 
et al. (2024) provided strong empirical support for this approach, demonstrating that models incorporating 
structured variables such as chief concerns, demographics, and vital signs substantially outperformed ICD-only 
approaches across demographic groups. Specific structured features are also supported by converging clinical 
evidence. Shi et al. (2026) showed that the recency of a previous suicide attempt is a powerful predictor of 
subsequent risk, while McCabe et al. (2026) demonstrated that overdose characteristics and hospital disposition 
reflect the severity and lethality of self-harm presentations. Wang et al. (2026) further showed that demographic 
and temporal patterns of SRB are embedded within routine triage data, supporting their role as predictive rather 
than merely descriptive variables.

Contextual indicators captured during routine care may also provide valuable risk signals. Cortellazzo Wiel et al. 
(2025) reported shifts in adolescent intoxication-related presentations during periods of societal disruption, 
suggesting that substance-related encounters can act as markers of heightened psychological vulnerability. At the 
same time, Pagliaccio et al. (2026) and Tsui et al. (2021) highlighted that some psychosocial drivers are embedded 
in narrative text, illustrating the trade-off between contextual richness and operational feasibility. System-level 
evidence further suggests that ED workflows already generate clinically deployable data streams. Robinson et al. 
(2020) demonstrated that routine ED data can support real-time surveillance, while Carson et al. (2024) showed 
that structured history and healthcare utilisation variables can predict short-term post-discharge suicide risk.

The literature supports structured ED data as a scalable, clinically relevant, and ethically appropriate foundation 
for suicide risk prediction. Although structured variables may not capture the full psychosocial context available 
in clinical narratives, their availability, standardisation, and compatibility with existing workflows make them 
particularly suitable for deployment-oriented suicide risk assessment frameworks.

AI-Based Suicide Risk Prediction: Performance and Evaluation Challenges
Across suicide prediction studies, ensemble-based ML models, particularly RF, XGBoost, and boosting 
algorithms, have consistently demonstrated strong predictive performance. Tsui et al. (2021) provided an early 
benchmark, reporting an AUC of 0.932 using XGBoost to predict suicide attempts across multiple time horizons. 
Similar findings have been reported in adolescent populations. Li et al. (2025) found that LightGBM achieved the 
highest performance (AUC = 0.79) among four competing models, while Y. Wang et al. (2025) showed that RF 
performed best in predicting suicide attempts among adolescents with depression, achieving AUC values of 0.736 
in males and 0.720 in females. Ntakolia et al. (2025) also reported LightGBM as the best-performing model (AUC 
= 0.895) for identifying clinically significant suicide risk in patients with major depressive disorder. These studies 
suggest that boosting and ensemble methods are effective for structured mental health data, although performance 
may vary across populations and outcome definitions.

However, predictive performance depends not only on the algorithm but also on how model utility is evaluated. 
Ahn et al. (2025) showed that distinguishing suicide attempts from suicidal ideation remains challenging, with 
LR achieving AUC values ranging from 0.705 to 0.944 depending on the target population. Similarly, Kim and 
Lee (2025) reported that RF achieved a higher recall (0.76) than Logistic Regression (LR) (0.48) when predicting 
suicide risk among adults with ADHD and depression, while H. Wang et al. (2025) obtained a recall of 97% using 
gradient boosting machines. These findings show that no single metric adequately captures clinical utility and that 
model evaluation requires balancing discrimination with sensitivity to rare events. In suicide prevention, where 
missed cases may have serious clinical consequences, model evaluation must extend beyond conventional 
discrimination metrics to incorporate minority-class detection, decision stability, and clinically informed threshold 
selection that reflects real-world clinical decision-making.

Beyond discrimination, several studies have examined the clinical characteristics associated with suicidal 
behaviour. Bazrafshan and Sayehmiri (2024) identified older age, lower education, socioeconomic disadvantage, 
and physical methods of self-harm as important predictors, with RF achieving an AUC of 0.79. Meanwhile, 
Nordin et al. (2025) demonstrated that multiclass risk stratification combined with XAI could achieve an accuracy 
of 0.81 and a recall of 0.80, demonstrating a shift from binary prediction toward more risk categorisation and 
interpretable decision support.
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Some studies have also explored DL approaches. (Gaur et al., 2024) developed an artificial neural network for 
identifying students at risk of suicidal tendencies, while Tadesse et al. (2019) employed CNN-LSTM architectures 
to detect suicidal ideation from Reddit posts. Although these approaches demonstrate the potential of DL, they 
have primarily been applied to unstructured or specialised datasets and typically require larger sample sizes and 
more complex feature representations. Accordingly, their advantages over well-tuned ensemble and linear models 
remain less established in structured clinical settings. Overall, the literature suggests that model selection should 
be guided not only by predictive accuracy but also by outcome definition, class imbalance, clinical interpretability, 
and deployment requirements.

Explainability in Suicide Risk Prediction
Explainability has emerged as a critical requirement for AI-assisted suicide risk prediction because clinicians must 
understand the rationale underlying model outputs before incorporating them into decision-making. Several 
studies have demonstrated that SHAP provides clinically meaningful explanations when applied to structured 
healthcare data. For example, Edgcomb et al. (2024) showed that SHAP explanations integrated with ED models 
identified chief concerns and age as key contributors to risk, illustrating how routinely collected variables can be 
translated into interpretable clinical signals.

Beyond global feature ranking, recent studies have shown that SHAP can reveal subgroup differences and patient-
specific mechanisms. Li et al. (2025), Ahn et al. (2025), and Y. Wang et al. (2025) demonstrated that SHAP 
explanations can identify progression pathways from suicidal ideation to attempts, quantify interaction effects, 
and characterise gender-specific risk factors. Nordin et al. (2025) further extended these approaches to multiclass 
suicide risk stratification, using SHAP summary and force plots to provide both population-level and individual-
level explanations. Similarly, Ntakolia et al. (2025) showed that SHAP is compatible with high-performing 
boosting models, identifying depression severity and attachment insecurity as major risk drivers, while 
employment and family support acted as protective factors.

Although simpler feature importance approaches remain useful (Kim & Lee, 2025), SHAP offers richer global 
and local explanations that can support case-level interpretation and auditability.  Thomas et al. (2025) argued 
that model explanations should align with plausible psychiatric and behavioural mechanisms rather than merely 
highlight statistical associations. These studies establish explainability as a critical bridge between predictive 
performance and clinical trust, supporting the integration of AI-assisted suicide risk prediction into emergency 
care workflows.

Synthesis and Research Gap
The reviewed literature converges on three consistent insights: (i) EDs are a high-leverage point for suicide 
prevention due to recognisable SRB presentation patterns and elevated short-term risk following ED presentation 
or discharge; (ii) triage-time detection is operationally difficult as screening is time-intensive, disclosure-
dependent, and inconsistently applied; and (iii) many prior predictive efforts are constrained by either 
retrospective signals (for example, post-assessment ICD coding) or deployment-heavy signals (for example, NLP 
over clinical narratives), which limit immediate decision support in high-throughput ED settings. What remains 
practically under-served in this evidence base is a triage-compatible approach that can operate at presentation 
using data streams in the ED that are already standardised, routinely captured, and governed for operational use. 

This study bridges that triage-time gap by demonstrating that structured ED triage variables available on arrival 
(demographics, vitals, time context, brief chief-complaint-derived flags, and prior psychiatric history markers) 
contain sufficient signal to support SRB risk prediction within 30 days, without depending on full narrative text 
or delayed documentation. In doing so, the study moves beyond descriptive ED epidemiology and post-discharge 
modelling by framing the problem as a presentation-time prediction task and validating it using patient-level splits 
to reduce leakage risk, conditions that more closely resemble deployment realities for clinical decision support. 

A closely related gap concerns clinical usability and trust, which the literature repeatedly identifies as barriers to 
adoption when models are unclear or when explanation is treated as an afterthought. This study addresses that gap 
by integrating explainability into the evaluation framework through SHAP-based global and local explanations, 
demonstrating that interpretability can be treated as a design requirement rather than a post hoc addition. This 
supports clinician-facing accountability and transparency while enabling the use of high-performing ensemble 
models. This combination demonstrates that explainability can be treated as a design requirement in an ED triage 
model, not merely a post-hoc add-on, supporting clinician-facing accountability at the point of care. 
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The literature also highlights a misalignment between common evaluation practices and the clinical realities of 
rare-event prediction, where false negatives carry substantial consequences, and no single metric adequately 
captures model utility. Although AUROC remains the most frequently reported metric in suicide prediction 
studies and provides an overall measure of discrimination, it may present an overly optimistic view of performance 
in highly imbalanced settings where positive outcomes are rare. Metrics such as AUPRC, Recall, F2-score, and 
MCC provide complementary perspectives on minority-class detection, the sensitivity-precision trade-off, and 
decision stability (Martin et al., 2025; McDermott et al., 2024; Sitthiprawiat et al., 2025). This study addresses 
that evaluation gap by adopting a clinically grounded multi-dimensional evaluation framework that integrates 
overall discrimination (AUROC), minority-class discrimination (AUPRC), sensitivity (Recall), decision stability 
(MCC), threshold optimisation, decision-curve analysis, bootstrap confidence intervals, patient-level validation, 
and explainability. Rather than selecting models based on a single metric, the model supports selection based on 
overall clinical utility and operational feasibility. In this way, the study contributes a pathway from predictive 
performance to deployment-oriented decision-making in ED settings, where the relevant question is not merely 
whether a model predicts accurately, but whether it provides meaningful clinical benefit while maintaining 
acceptable alert burden and avoiding missed high-risk patients.

3. Methodology
This section presents the methodological framework for developing and evaluating an explainable AI model to 
estimate short-term SRB risk following ED presentation. The framework was designed to support presentation-
time risk stratification using routinely collected structured triage data while maintaining alignment with real-world 
clinical workflows. 

Data Source
This study used the MIMIC-IV (version 3.1) database (Johnson et al., 2024), a publicly available but credential-
restricted clinical data resource developed by the Massachusetts Institute of Technology’s (MIT) Laboratory for 
Computational Physiology in collaboration with Beth Israel Deaconess Medical Centre. MIMIC-IV integrates 
multiple relational modules containing comprehensive, de-identified health records from patients admitted to 
hospitals and ICUs between 2008 and 2019. The database captures detailed information on demographics, 
admission characteristics, physiological measurements, laboratory results, diagnoses, procedures, medications, 
and outcomes. For this study, data were drawn from the hospital (hosp) module to provide longitudinal clinical 
context, and from the emergency department (ED) module to capture triage-level variables relevant to acute 
presentations. 

Access to MIMIC-IV and MIMIC-IV-ED was obtained through the PhysioNet platform and the Google BigQuery 
public dataset interface, both of which support secure, structured querying of large-scale healthcare data. As the 
database contains sensitive health information, access is restricted to credentialed researchers who have completed 
the required Collaborative Institutional Training Initiative (CITI) course on human-subjects research ethics and 
have agreed to the PhysioNet Data Use Agreement. Ethical use of the data is governed by the Institutional Review 
Boards (IRBs) of MIT and Beth Israel Deaconess Medical Centre, which have approved MIMIC-IV as a fully de-
identified dataset compliant with the Health Insurance Portability and Accountability Act (HIPAA) Safe Harbour 
provisions. As such, this secondary analysis did not require additional IRB approval.

Cohort Definition
The cohort was derived using a structured query written in Structured Query Language (SQL) and executed on 
the Google BigQuery instance of the MIMIC-IV dataset. The logic integrated data across the hosp and ED module; 
the tables diagnoses_icd, admissions, patients, edstays, and triage were used to construct a unified dataset of ED 
encounters. The SQL pipeline was executed in modular stages to ensure quality, reliability and error control. 

As shown in Table 1, the algorithm began by identifying suicide-related admissions from the diagnoses_icd table 
using both International Classification of Diseases (ICD) versions 9 and 10. As summarised in Table 1,  the 
outcome definition included ICD-9 codes for suicide and self-inflicted injury (E95*) and ICD-10 codes 
representing intentional self-harm (X71-X83), poisoning and toxic effects associated with self-harm (T36-T65 
with intent modifiers), suicidal ideation (R45.851), and suicide attempt (T14.91). These codes were used to label 
encounters as positive for SRB (SRB = 1). Although previous studies have shown that ICD coding may under-
identify some suicide-related presentations, particularly when compared with enhanced surveillance or clinician-
reviewed approaches (Edgcomb et al., 2024; Robinson et al., 2020), ICD-based definitions remain the most widely 
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used and reproducible method for constructing large-scale retrospective suicide prediction cohorts and therefore 
provide a practical reference standard within MIMIC-IV. The overall cohort construction and feature engineering 
process are outlined in Table 2. All remaining admissions that did not contain any SRB-related ICD codes during 
the study period were assigned to the negative cohort (SRB = 0). These admissions comprised the complete set of 
eligible ED encounters that satisfied the same inclusion criteria and linkage constraints (ED stay within 24 hours 
of admission) but lacked SRB diagnostic codes. No additional exclusion criteria were applied beyond the absence 
of SRB codes, ensuring that the negative cohort reflected routine ED presentations encountered in real-world 
triage settings.

Table 1. ICD-9 and ICD-10 code mapping used to identify cases of SRB
ICD Version Codes Used for SRB Identification Description
ICD-9-CM E95* Suicide and self-inflicted injury
ICD-10-CM X71–X83 Intentional self-harm
ICD-10-CM T36–T65 with intent modifiers Poisoning and toxic effects associated with self-harm
ICD-10-CM R45.851 Suicidal ideation
ICD-10-CM T14.91 Suicide attempt

To minimise temporal leakage, predictor variables were restricted to information available at or before the index 
(current) ED presentation. ED stays were linked to hospital admissions only when the ED intake time occurred 
within the 24-hour window preceding admission. Predictor variables included triage vital signs, demographic 
characteristics, temporal context variables, selected non-SRB chief complaint categories, and psychiatric and 
substance-use history indicators derived exclusively from diagnoses recorded during admissions preceding the 
index encounter. Therefore, no diagnoses, discharge information, procedures, medications, laboratory results, or 
clinical notes generated after the index triage encounter were used as predictors. The SRB outcome was defined 
independently using ICD-9 and ICD-10 diagnosis codes associated with the linked hospital admission. In addition, 
patient-level partitioning was employed during model development to minimise information leakage and better 
approximate real-world deployment. Thus, the model should be interpreted as estimating the risk of a documented 
SRB event within 30 days using information available at ED presentation, rather than exploiting post-triage 
clinical information.

Each admission was linked to its corresponding ED stay (edstays) and triage record (triage) using the subject_id 
and hadm_id identifiers, restricted to ED encounters occurring within 24 hours before hospital admission. From 
the triage records, routinely collected physiological and contextual variables were extracted, including 
temperature, heart rate, respiratory rate, oxygen saturation, systolic and diastolic blood pressure, and the free-text 
chief complaint. These variables served as the basis for subsequent feature engineering and model development, 
using information available in the ED presentation. 

Direct suicide-related indicators (flag_direct_srb) captured explicit references to suicidal intent or self-harm 
documented during ED triage, including terms such as suicidal ideation, self-harm, and attempt (Radunz et al., 
2025). Overdose-related indicators (flag_overdose) represented presentations involving overdose, poisoning, or 
ingestion, which are recognised pathways associated with suicidal behaviour in emergency settings (Tu et al., 
2024). Psychiatric crisis indicators (flag_psych_crisis) captured acute psychological distress, as reflected in terms 
related to psychiatric emergencies and crises, while accounting for common spelling variations encountered in 
routine triage documentation (Degirmenci & Mercan, 2025). These rule-based indicators were used to characterise 
common presentation patterns and reduce variability arising from abbreviations and inconsistent wording in free-
text chief complaints.

Demographic variables (age and gender) were obtained from the patients table, while psychiatric history 
indicators, including prior mood disorders (prior_flag_mood), anxiety disorders (prior_flag_anxiety), and 
substance use disorders (prior_flag_sud), were derived exclusively from diagnoses recorded in hospital 
admissions preceding the index encounter using the diagnoses_icd table. The final cohort comprised 204,470 ED 
encounters corresponding to 106,714 unique patients. Among these encounters, approximately 3.4% were labelled 
as experiencing SRB within 30 days of the index ED presentation, while the remaining 96.6% constituted the non-
SRB cohort (see Figure 1). This distribution reflects the inherent rarity of SRB in routine ED populations and 
presents a clinically relevant class-imbalance challenge, requiring evaluation strategies that prioritise minority-
class detection alongside overall discrimination.
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Table 2. Algorithm for cohort and feature construction for 30-day SRB prediction using MIMIC-IV
Input:
  Admissions A, Diagnoses D, ED stays E, ED triage T, Patients P

Output:
  Dataset C with structured ED triage predictors and binary outcome srb_outcome_30d

1:  Identify all SRB-related admissions:
2:      SRB_EVENTS ← admissions with ICD-9 E95* or ICD-10 X71–X83,
        T36–T65 with intentional self-harm modifiers, R45.851, or T14.91
3:      Store subject_id, hadm_id, and SRB admission time

4:  Construct index ED cohort:
5:      For each hospital admission a ∈ A:
6:          Link to ED stay e ∈ E where e.subject_id = a.subject_id
            and e.intime occurs within 24 hours before a.admittime
7:          Join triage record t ∈ T using stay_id
8:          Extract triage variables:
            temperature, heartrate, resprate, o2sat, sbp, dbp,
            chief complaint, admittime, stay_id

9:  Derive chief complaint indicators:
10:     Generate candidate SRB-proximal indicators:
            flag_direct_srb, flag_overdose, flag_psych_crisis,
            cc_suicide, cc_overdose, cc_psych, cc_substance, cc_psychiatric
11:     Generate non-SRB complaint indicators:
            cc_pain, cc_injury
12:     Exclude SRB-proximal complaint variables from final modelling
        to reduce label leakage risk

13: Add demographic variables:
14:     Join with Patients P using subject_id
15:     Compute age at admission using:
            anchor_age + (year(admittime) − anchor_year)
16:     Include gender

17: Add prior clinical history:
18:     For each index admission r:
19:         Search diagnoses from previous admissions for the same subject
            where prior_admittime < r.admittime
20:         Create:
            prior_flag_sud,
            prior_flag_mood,
            prior_flag_anxiety
21:     Missing prior-history indicators are set to 0

22: Engineer physiological and temporal features:
23:     shock_index ← heartrate / sbp
24:     pulse_pressure ← sbp − dbp
25:     Extract admission_hour, admission_dayofweek, admission_month
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26:     Create is_night_admission and is_weekend_admission
27:     Create cyclic encodings:
            hour_sin, hour_cos, month_sin, month_cos

28: Define 30-day SRB outcome:
29:     For each index ED admission r:
30:         Search SRB_EVENTS for the same subject_id
31:         If any SRB event occurs between r.admittime and
            r.admittime + 30 days:
                srb_outcome_30d ← 1
            Else:
                srb_outcome_30d ← 0

32: Finalise dataset:
33:     Return dataset C containing identifiers, triage-available predictors,
        engineered features, prior-history indicators, and srb_outcome_30d

Figure 1. Distribution of suicide-related behaviour outcomes in the study cohort.

Prediction Target and Clinical Rationale
The prediction target was a binary outcome, srb_outcome_30d, indicating whether a patient experienced 
documented SRB within 30 days following the index ED presentation. Patients were labelled as positive (SRB = 
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1) if an SRB-related diagnosis, identified using predefined ICD-9 and ICD-10 codes, was recorded within 30 days 
of the initial ED encounter. Patients without a documented SRB event during this interval were assigned to the 
negative class (SRB = 0). The task represents a 30-day post-presentation risk prediction problem based solely on 
information available at triage.

The 30-day horizon was selected because the period immediately following an ED encounter is recognised as a 
particularly vulnerable phase for individuals at risk of suicide (Haglund et al., 2019; Thompson et al., 2025). From 
a clinical perspective, the objective is not to diagnose an ongoing suicidal crisis at triage, but rather to identify 
patients who are likely to experience documented SRB during the subsequent month. Such predictions may 
support discharge planning, prioritisation of follow-up, safety interventions, and the allocation of limited mental 
health resources. Compared with shorter horizons, such as 7 or 14 days, a 30-day follow-up period captures a 
broader interval of elevated risk while remaining sufficiently close to the index presentation to retain clinical 
relevance. Therefore, the selected horizon represents a pragmatic compromise between immediate post-discharge 
risk and longer-term vulnerability. However, using a single prediction horizon is a limitation, and future work 
should evaluate model performance across multiple clinically relevant time intervals, including 7, 14, 30, and 90 
days. Accordingly, the proposed model should be interpreted as a short-term post-ED risk-prediction model rather 
than a real-time suicide-screening instrument. It is intended to support downstream clinical decision-making, 
follow-up planning, and prioritisation of assessment resources by estimating the probability of documented SRB 
occurring within 30 days of ED presentation.

Data Preparation
The preprocessing workflow was designed to prepare structured ED triage variables for model development while 
preserving the integrity of model evaluation. The feature set included demographics, prior psychiatric history, 
physiological vital signs, derived physiological measures, temporal admission context, and structured chief 
complaint indicators. Missing values were retained from the original MIMIC-IV extraction and handled during 
preprocessing, while categorical variables were appropriately encoded and numerical variables standardised 
where required. All preprocessing procedures were derived exclusively from the training subset and subsequently 
applied unchanged to the validation and test sets to prevent information leakage and optimistic bias. The overall 
process comprised feature preprocessing, imputation, encoding, scaling, and patient-level stratified data splitting.

Missing Data Imputation

Missing values were present only in physiological vital sign variables, including temperature (8.50%), heart rate 
(6.59%), respiratory rate (7.57%), oxygen saturation (7.57%), systolic blood pressure (6.80%), and diastolic blood 
pressure (7.01%). All other variables were complete. Given the relatively low proportion of missing values and 
the clinical nature of these measurements, missing values were imputed using the median from the training dataset. 
Median imputation was selected as it is reliable against skewed distributions and outliers (Song et al., 2026), 
which are common characteristics of clinical data (Gao et al., 2025). Given the modest degree of missingness, 
median imputation was unlikely to substantially affect model performance while preserving the full cohort for 
analysis.

Feature Engineering (FE)

Two derived physiological indicators were computed from the recorded vital signs. The shock index was 
calculated as the ratio of heart rate to systolic blood pressure (heart rate / SBP). Shock index is a widely used 
marker of haemodynamic instability and acute physiological stress (Yu et al., 2025). In the context of SRB, 
abnormal shock index values are unlikely to represent direct markers of suicide risk but may instead act as proxies 
for acute medical severity associated with overdose, intoxication, poisoning, or other physiological disturbances 
present at ED admission (Ghonem et al., 2024).

Pulse pressure was calculated as the difference between systolic and diastolic blood pressure (SBP -  DBP). 
Pulse pressure reflects cardiovascular dynamics and circulatory status (Lu et al., 2025). Similar to the shock index, 
it should not be interpreted as a direct indicator of suicide risk, but rather as a proxy for acute physiological 
compromise or medical severity that may accompany poisoning, overdose, or severe distress requiring emergency 
care.

Several temporal variables were derived from the admission timestamp to capture operational and behavioural 
patterns associated with ED utilisation. admission_hour, admission_dayofweek, and admission_month were first 

11            

ACCEPTED MANUSCRIPT

ARTIC
LE

 IN
 PR

ES
S

ARTICLE IN PRESS



extracted to represent day, weekly, and seasonal patterns in patient presentations. To appropriately model the 
cyclical nature of time, the hour and month variables were transformed using sine and cosine encoding (hour_sin, 
hour_cos, month_sin, month_cos), which preserve temporal continuity (23:00 and 00:00) and avoid artificial 
ordering effects that may impair model learning (Khazem & Kanso, 2025). This transformation enables the models 
to capture periodic temporal relationships more effectively than conventional ordinal representations. Following 
this transformation, the admission_hour, admission_dayofweek, and admission_month variables were removed to 
reduce redundancy and potential multicollinearity.

Two additional binary indicators were constructed to represent contextual admission patterns. is_night_admission 
identifies presentations during night shifts, when staffing levels and patient characteristics may differ from those 
during daytime periods, while is_weekend_admission captures admissions on weekends, which may be associated 
with different patterns of substance use, social stressors, or reduced access to outpatient services. These engineered 
features allow the models to incorporate temporal context while maintaining interpretability.

Chief Complaint FE

ED chief complaints were originally recorded as free-text entries containing significant variation in spelling, 
abbreviations, and phrasing (Karagounis et al., 2020). To facilitate their use in predictive modelling, complaint 
text was standardised through case normalisation and keyword-based matching to derive structured complaint 
indicators. Initially, several clinically relevant complaint categories were explored, including suicide-related 
presentations, overdose or poisoning, psychiatric complaints, substance-related presentations, pain-related 
complaints, and injury-related presentations. However, to minimise the risk of information leakage and ensure 
that prediction relied on clinically generalisable triage information rather than direct indicators of SRB, complaint 
features closely related to the outcome were excluded from the final models. Therefore, only non-SRB complaint 
categories representing pain-related and injury-related presentations were retained and encoded as binary 
indicators (cc_pain and cc_injury). This approach enabled the incorporation of routinely available chief complaint 
information while reducing dependence on explicit suicide-related descriptors and improving the realism of the 
prediction setting.

Scaling

All continuous variables (vital signs and age) were standardised using z-score normalisation (refer to Equation 1) 
through Scikit-learn’s StandardScaler. Standardisation ensures that each variable contributes equally to distance-
based calculations in the model, preventing variables with larger numeric ranges (such as blood pressure) from 
dominating those with smaller scales (such as temperature) (Buvaneswari et al., 2025). 

z =  x -  μ
σ                                                                                      (1)

where:

 x is the original feature value,
 μ is the mean of the feature and
 σ is the standard deviation of the feature.

Encoding

Categorical variables were encoded to facilitate ML while preserving their clinical interpretation. Gender was 
one-hot encoded, producing separate binary indicators for female and male. Binary contextual variables, including 
is_weekend_admission and is_night_admission, were retained in their original form.

Final Feature Set

The final modelling dataset consisted of 204,470 ED encounters represented by structured triage variables 
capturing demographic characteristics, physiological vital signs, prior clinical history, temporal admission 
context, and selected chief complaint indicators. All variables are available at triage and are therefore suitable for 
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a 30-day SRB risk prediction. The final dataset included 21 predictor variables, a subject identifier and one 
outcome variable, summarised in Table 3.

Table 3. Final features included in the modelling dataset
Category Feature Description

Identifier subject_id * Unique patient identifier 
gender Patient gender (binary encoded)Demographics Age Patient age at admission
temperature Body temperature (Fahrenheits)
heartrate Heart rate (beats per minute)
resprate Respiratory rate (breaths per minute)
o2sat Oxygen saturation (%)
sbp Systolic blood pressure (mmHg)
dbp Diastolic blood pressure (mmHg)
shock_index Heart rate divided by systolic blood pressure

Vital Signs

pulse_pressure Difference between systolic and diastolic blood 
pressure

prior_flag_sud Prior substance use disorder
prior_flag_mood Prior mood disorderPrior clinical history
prior_flag_anxiety Prior anxiety disorder
is_night_admission Indicator for night-time ED admission
is_weekend_admission Indicator for weekend ED admission
hour_sin Cyclical encoding of admission hour (sine)
hour_cos Cyclical encoding of admission hour (cosine)
month_sin Cyclical encoding of admission month (sine)

Temporal Context

month_cos Cyclical encoding of admission month (cosine)
cc_pain Pain-related complaintChief Complaint 

Indicators cc_injury Injury-related complaint

Outcome Variable srb_outcome_30d Suicide-related behaviour within 30 days of ED 
admission

* subject_id was excluded from model training.

Patient-Level Stratified Split

To prevent information leakage arising from multiple encounters for the same patient, all admissions associated 
with a given subject_id were assigned to a single data partition. The dataset was divided into training (64%), 
validation (16%), and test (20%) subsets using patient-level stratified sampling to preserve the prevalence of SRB 
outcomes across splits. This partitioning strategy balances three competing requirements common in clinical 
prediction studies. First, a sufficiently large training set was required to support model fitting and hyperparameter 
optimisation. Second, a dedicated validation set was retained to enable model selection and threshold optimisation 
without contaminating the final evaluation. Third, an independent test set was preserved to provide an unbiased 
assessment of model performance on previously unseen patients. Three-way data splitting strategies that allocate 
approximately 60-70% of observations to training and the remainder to validation and testing are widely 
recommended in clinical ML studies (Riley et al., 2020, 2025), particularly when patient-level independence must 
be maintained.

By combining patient-level assignment with stratified sampling, model development, optimisation, and evaluation 
were conducted on mutually exclusive patient cohorts while maintaining consistent outcome distributions across 
subsets, thereby improving generalisability and model performance (Mokhtari et al., 2025).

Table 4 summarises the distribution of encounters and SRB prevalence across the experimental partitions. The 
resulting split allocated 130,673 encounters to training, 32,595 to validation, and 41,202 to testing, corresponding 
to 68,296, 17,075, and 21,343 unique patients, respectively. The prevalence of SRB within 30 days of the index 
ED encounter was 3.38% in the training set, 3.28% in the validation set, and 3.63% in the test set, closely reflecting 
the overall prevalence observed in the cohort. This consistency confirms that the class distribution was preserved 
across all partitions and supports reliable model development and evaluation. Each encounter was represented by 
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21 structured features, including demographics, vital signs, temporal admission variables, prior psychiatric history 
indicators, and non-SRB chief complaint categories derived from information available at ED presentation.

Table 4. Dataset distribution and SRB prevalence across experimental splits.

Subset Encounters 
(n)

Unique Patients 
(n)

Positive SRB Cases 
(n)

Prevalence 
(%)

Feature 
Dimension

Training 130,673 68,296 4,416 3.38 % 21
Validation 32,595 17,075 1,070 3.28 % 21
Test 41,202 21,343 1,494 3.63 % 21
Total 204,470 106,714 6,980 3.41% 21

Model Development
Classifier Selection

Five supervised learning algorithms were used to develop predictive models for SRB within 30 days of ED 
admission: LR, RF, XGBoost, LightGBM, and a MLP neural network. The selection of these models was guided 
by prior suicide-risk prediction literature and the clinical requirements of emergency triage, rather than by model 
capacity alone (Nock et al., 2022; Pigoni et al., 2024; Xu et al., 2022). The models represent complementary 
learning paradigms spanning linear, bagging-based, boosting-based, and neural network approaches.

LR was selected as a baseline model as it remains one of the most widely used and clinically accepted approaches 
for risk stratification in healthcare, including suicide and self-harm prediction studies (Nock et al., 2022; Xu et 
al., 2022). Its transparent linear structure allows direct interpretation of feature coefficients (Alghazzawi et al., 
2025; Xu et al., 2022), supports clinical reasoning and aligns with established statistical risk-assessment practices 
in emergency medicine. Prior studies have shown that LR often performs competitively with more complex 
models when applied to structured EHR data (Nock et al., 2022; Tasnim et al., 2024), particularly under strong 
class imbalance.

RF was included to capture non-linear relationships and feature interactions that linear classifiers cannot model, 
while maintaining strong performance and interpretability. RF has been frequently applied in suicide risk and 
mental health prediction using structured clinical data, where it demonstrates stable performance under noisy 
measurements and heterogeneous patient populations (Pigoni et al., 2024; Tasnim et al., 2024). Its ensemble nature 
reduces variance through bootstrap aggregation and provides an intermediate level of complexity between linear 
and boosted models (Teimoory & Keyvanpour, 2025). 

XGBoost was selected as a representative high-performance ensemble method that has consistently demonstrated 
strong predictive accuracy in clinical risk prediction tasks, including suicide-related outcomes (Zheng et al., 2022). 
XGBoost is particularly well-suited to structured tabular data and offers built-in mechanisms for handling class 
imbalance (Gomes et al., 2025; Sitthiprawiat et al., 2025). Its inclusion enables evaluation of whether increased 
algorithmic complexity yields meaningful gains over simpler, more interpretable approaches in the ED triage 
setting. 

LightGBM was included as an additional gradient boosting method designed for efficient training and scalability 
in large, structured datasets. Compared with traditional boosting algorithms, LightGBM employs histogram-based 
tree learning and leaf-wise tree growth, thereby improving computational efficiency while maintaining high 
predictive performance (Sutone & Malhotra, 2025). Prior studies in healthcare analytics have demonstrated that 
LightGBM often achieves competitive or superior performance relative to other ensemble methods when applied 
to structured clinical data (Ntakolia et al., 2025; Sutone & Malhotra, 2025).

To complement the tree-based approaches, an MLP neural network was included to evaluate the potential 
contribution of DL for structured clinical prediction. MLPs are feedforward neural networks capable of modelling 
complex non-linear relationships through multiple hidden layers and non-linear activation functions (Oweimieotu 
et al., 2024; Zheng & Liu, 2024). Although DL architectures are commonly applied to unstructured data such as 
text or images, MLPs have also been used for tabular clinical prediction tasks to capture interactions that 
traditional models may not fully represent (Gaur et al., 2024). 
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LR, RF, XGBoost, LightGBM, and MLP represent complementary modelling strategies spanning linear statistical 
models, ensemble tree methods, and neural networks. This selection enables a principled comparison of 
interpretability, predictive performance, and algorithmic complexity within the context of 30-day SRB risk 
prediction in ED triage settings. This model diversity enables evaluation of whether increased algorithmic 
complexity yields meaningful improvements over interpretable baseline models for rare-event suicide risk 
prediction in ED settings.

Weighted Learning

Given the class imbalance present in the dataset, weighted learning was applied to ensure the minority class 
contributed proportionally to model training. For LR, RF, and LightGBM, imbalance was addressed using 
class_weight = balanced, which automatically assigns weights inversely proportional to class frequencies (Zhu 
et al., 2025). For XGBoost, class imbalance was handled through the scale_pos_weight parameter, defined as the 
ratio of negative to positive samples (see Equation 2), thereby increasing the penalty for misclassifying SRB cases 
(Prasher et al., 2025). For MLP, class imbalance was addressed through cost-sensitive learning using inverse-
prevalence class weights incorporated directly into the binary cross-entropy loss function during training (Diaz-
Vico et al., 2018). MLP was implemented using TensorFlow Keras with early stopping and a manually defined 
hyperparameter search over network size and learning rate. This ensured that the neural network received the 
same level of imbalance-specific treatment as the other candidate models. No oversampling or undersampling 
techniques were applied, thereby preserving the natural distribution of outcomes and avoiding the introduction of 
synthetic samples or selection bias.

scale_pos_weight =  
Nnegative

Npositive
                                                                    (2)

where:

 Nnegative is the number of negative (non-SRB) samples, and
 Npositive is the number of positive (SRB) samples.

Model Tuning and Evaluation

Hyperparameter optimisation was conducted to identify model configurations that best captured the underlying 
data distribution and improved minority-class detection performance. For LR, RF, XGBoost and LightGBM, 
hyperparameter tuning was performed using RandomizedSearchCV, which efficiently explores high-dimensional 
parameter spaces by sampling a fixed number of combinations rather than exhaustively evaluating all possibilities 
(Almadhoun & Burhanuddin, 2025). This approach was selected to reduce computational cost while retaining 
strong optimisation performance. Each search used 10 randomly sampled configurations with three-fold cross-
validation. As the SRB prediction problem is highly imbalanced, the F2-score was used as the optimisation 
objective to prioritise sensitivity while maintaining reasonable precision. For the MLP model, a manual 
hyperparameter search was performed using a predefined search space (see Table 5). Candidate architectures were 
evaluated using early stopping, and the model with the highest validation AUPRC was selected. Tables 5 and 6 
summarise the hyperparameter search spaces and the final selected configurations for all models.

Table 5. Hyperparameter search strategy and search spaces
Model Search Strategy Search Space Optimisation Objective

LR
RandomizedSearchCV 
(10 iterations, 
3-fold CV)

Solver: liblinear, lbfgs, saga; 
Penalty: L1, L2; 
C: 10-4 to 102

F2-score

RF
RandomizedSearchCV 
(10 iterations, 
3-fold CV)

n_estimators: 100, 200, 300; 
max_depth: 5, 10, 15, 20; 
min_samples_leaf: 2, 4, 8 
min_samples_split: 5, 10, 15; 
max_features: sqrt, log2

F2-score

XGBoost
RandomizedSearchCV 
(10 iterations, 
3-fold CV)

max_depth: 3, 4, 5, 6; 
learning_rate: 0.01, 0.05, 0.1; 
n_estimators: 100, 200, 300; 
gamma: 0, 0.2, 1; 

F2-score
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subsample: 0.7, 0.8,1; 
colsample_bytree: 0.6, 0.7, 0.8; 
min_child_weight: 1, 3, 5

LightGBM
RandomizedSearchCV 
(10 iterations, 
3-fold CV)

num_leaves: 7, 15, 31; 
max_depth: 3, 5, 10, -1; 
learning_rate: 0.01, 0.05, 0.1; 
n_estimators: 100, 200, 300; 
min_child_samples: 20, 50, 100; 
subsample: 0.7, 0.8, 1; 
colsample_bytree: 0.6, 0.7, 0.8

F2-score

MLP Manual search 
+ Early stopping

hidden_units: 64, 128; 
learning_rate: 0.001, 0.01 Validation AUPRC

Table 6. Final selected hyperparameter configurations
Model Final selected hyperparameter configuration

LR solver = lbfgs; penalty = L2; C = 10

RF n_estimators = 200; max_depth = 15; min_samples_split = 10; min_samples_leaf = 2; 
max_features = log2

XGBoost subsample = 0.8; n_estimators = 300; min_child_weight = 5; max_depth = 6; learning_rate = 
0.1; gamma = 0; colsample_bytree = 0.7

LightGBM subsample = 0.7; num_leaves = 31; n_estimators = 300; min_child_samples = 20; max_depth = 
10; learning_rate = 0.05; colsample_bytree = 0.7

MLP hidden_units = 64; learning_rate = 0.01; early stopping enabled

Model evaluation incorporated a group of complementary metrics to assess predictive discrimination, clinical 
utility, and performance stability for the binary prediction of SRB within 30 days of ED admission. Discrimination 
was assessed using AUROC and AUPRC (Shukla & Singh, 2025; Sitthiprawiat et al., 2025), both of which are 
appropriate for imbalanced datasets. Clinical utility was assessed using recall, precision, and the F2-score, 
reflecting the trade-off between identifying high-risk patients and limiting unnecessary alerts. Performance 
stability was evaluated using the Matthews Correlation Coefficient (MCC) and Balanced Accuracy, which remain 
informative under class imbalance by accounting for both positive and negative classifications. Given the 
relatively low prevalence of SRB, model evaluation focused on AUROC, AUPRC, Recall, Precision, F2-score, 
MCC, and Balanced Accuracy to provide a comprehensive assessment of overall discrimination, minority-class 
detection, and decision stability. Rather than relying on a single metric, model selection considered the balance 
among these complementary measures to identify a clinically useful and reliable prediction model.

These metrics were derived from the confusion matrix, which summarises the relationships between true positives 
(TP), true negatives (TN), false positives (FP), and false negatives (FN) as shown in Table 7. All models were 
evaluated under identical validation and test conditions to ensure fair comparison and reproducibility.

Table 7. Binary confusion matrix
True Positives (TP) False Negatives (FN)
False Positive (FP) True Negatives (TN)

Where:

 TP: Correctly predicted positive cases
 FP: Negative cases incorrectly predicted as positive
 FN: Positive cases incorrectly predicted as negative
 TN: Correctly predicted negative cases

Threshold Optimisation

In probabilistic classifiers such as LR, RF, XGBoost, LightGBM, and MLP, each prediction represents the 
estimated probability that an instance belongs to the positive class. However, clinical deployment requires a 
decision threshold to translate these probabilities into actionable binary outcomes, “at risk” or “not at risk”, which 
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in the context of this study correspond to “SRB” or “non-SRB”. The threshold determines the sensitivity-
specificity trade-off, primarily shaping the model’s clinical behaviour. By default, most ML classifiers apply a 
decision threshold of 0.5, meaning that any predicted probability greater than or equal to 0.5 is classified as 
positive (Kim et al., 2021). While this approach is suitable for balanced datasets, it is less than ideal for rare-event 
contexts, where class imbalance requires tailored threshold optimisation.

In suicide-related triage, this decision boundary is not purely statistical but clinically strategic. A lower threshold 
increases recall (sensitivity), capturing more true positives at the expense of generating more false alerts (Wynants 
et al., 2019). In contrast, a higher threshold improves precision (Positive Predictive Value) but risks missing 
individuals in crisis (Wynants et al., 2019). Given that the cost of a missed case is far greater than that of an 
unnecessary alert, threshold selection in this study prioritised maximising the F2-score, which weights recall more 
heavily than precision. This approach ensures that the model emphasises patient safety by identifying as many 
SRB-positive cases as possible while maintaining an acceptable level of alert burden in the ED triage setting.

Mathematically, for a classifier that outputs probabilities Pi, the predicted class yi is defined as shown in Equation 
(3):

yi = {1, if Pi ≥  τ
0, if Pi ≤  τ

                                                                                 (3)

Where τ represents the decision threshold. The optimal τ*was determined by evaluating candidate thresholds 
between 0 and 1 on the validation set and selecting the operating point that maximised the F2-score, as shown in 
Equation (4)

Fβ = (1 + β2) ∙ Precision × Recall
(β2 × Precision) + Recall

 , where β =  2                             (4)

This threshold optimisation was performed after model selection to identify a clinically appropriate operating 
point that balanced sensitivity with alert burden. The F2-score was used because it places greater emphasis on 
recall while still accounting for precision, making it suitable for determining the deployment threshold in rare-
event clinical prediction without relying solely on overall classification accuracy.

Bootstrap Confidence Intervals

To quantify uncertainty in performance estimates under class imbalance, 95% confidence intervals were computed 
using bootstrap resampling with 1,000 iterations. Bootstrap methods are widely recommended for assessing the 
stability and uncertainty of clinical prediction models and provide strong interval estimates without relying on 
distributional assumptions (Efron & Tibshirani, 1994; Mokhtar et al., 2023). For each model, bootstrap samples 
were generated from the test set with replacement, and performance metrics were recalculated for each resample. 
Within each bootstrap iteration, the optimal probability threshold was determined by maximising the F2-score, 
after which prevalence, AUROC, AUPRC, Recall, Precision, F2-score, Balanced Accuracy, MCC, and the 
optimal threshold were recorded. As threshold optimisation was repeated within each bootstrap iteration, the 
resulting confidence intervals reflect variability in both model performance and the selected operating threshold. 
Therefore, these estimates are not direct confidence intervals around the fixed-threshold performance reported in 
the primary analysis. Instead, they represent the expected range of performance when the operating threshold is 
re-optimised under repeated sampling, providing a more reliable assessment of model stability for deployment 
under class-imbalanced conditions. The 2.5th and 97.5th percentiles of the resulting metric distributions were used 
to derive 95% confidence intervals.

Explainability 
To ensure model transparency and clinical interpretability, the study employed the SHAP framework to quantify 
both global and local feature contributions. SHAP was selected for its ability to provide consistent, model-agnostic 
attributions. Depending on the architecture of the best model, the appropriate SHAP explainer was applied: 
TreeExplainer for tree-based models (RF, XGBoost, and LightGBM), LinearExplainer for LR, and 
KernelExplainer for the MLP neural network. Global interpretability was assessed through two complementary 
SHAP visualisations. The summary (beeswarm) plot illustrated the direction and magnitude of feature effects 
across all test samples, showing which features increased or decreased the predicted risk of SRB (Stenwig et al., 
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2022). The feature importance (bar) plot summarised the average absolute SHAP values across all features, 
providing a clear ranking of overall global impact (Stenwig et al., 2022). These visualisations revealed which 
clinical and contextual variables most strongly influenced model predictions in this dataset.

Intrinsic coefficient analysis was not applicable because the final model (LightGBM) was a tree-based ensemble. 
Accordingly, interpretability relied on global and local SHAP explanations and LightGBM feature importance. 
These approaches provide population-level and patient-level insight into the factors influencing model 
predictions. This enabled verification of consistency between SHAP attributions and traditional statistical feature 
effects, thereby strengthening the model’s interpretability and trustworthiness. Local interpretability was achieved 
through SHAP force plots, which visualised individual test cases, particularly those with positive outcomes, to 
demonstrate how specific feature values combined to influence the predicted SRB probability (Stenwig et al., 
2022). These instance-level explanations highlight the contribution of key clinical features for a single patient, 
supporting potential future use of the model as a decision-support tool in emergency triage settings.

To improve interpretability and reduce redundancy, highly overlapping chief complaint-derived variables were 
excluded from the final feature set. This design choice also helped minimise the risk of label leakage and reduced 
the potential influence of multicollinearity on feature attribution. Although the final model is relatively strong in 
terms of correlated predictors, feature importance rankings and SHAP values should be interpreted as measures 
of predictive association rather than evidence of independent causal effects. Thus, the reported explanations 
identify variables that contribute to risk prediction, but they do not imply that those variables are direct causes of 
SRB.

Experimental Pipeline Overview
The experimental workflow followed a structured and reproducible pipeline encompassing data preprocessing, 
model training, evaluation, and explainability analysis. Figure 2 presents an overview of the complete 
experimental analysis. All experiments were conducted in Python (version 3.12.13) using Google Colab with 
hardware acceleration provided by a T4 GPU. The implementation utilised Scikit-learn (version 1.6.1), NumPy 
(2.0.2), Pandas (2.2.2), Matplotlib (3.10.0) and Seaborn (version 0.13.2) for preprocessing, model development, 
visualisation and hyperparameter optimisation; XGBoost (version 3.2.0) and LightGBM (version 4.6.0) for model 
development; TensorFlow (version 2.20.0) for the MLP model; and SHAP for model explainability.

To ensure reproducibility, a fixed random seed (42) was applied throughout the experimental workflow. 
Hyperparameter optimisation was performed using RandomizedSearchCV with 10 iterations and three-fold cross-
validation, with model selection guided by the F2-score to prioritise clinically important minority-class detection. 
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Figure 2. Overview of the experimental pipeline for AI-based triage model development

4. Results and Discussion
This section presents the findings and discusses the proposed AI-based triage model for 30-day SRB prediction.

Comparative Analysis
Table 8 summarises the validation and test performance of the five evaluated models. Across all models, AUROC 
values ranged from 0.87 to 0.89, while AUPRC values were between 0.23 and 0.25. This pattern indicates that 
the structured ED triage variables contain meaningful discriminatory signals for 30-day SRB prediction, but also 
shows that prediction remains difficult because the positive class is relatively uncommon and clinically 
heterogeneous. The gap between AUROC and AUPRC is important: although AUROC suggests stable overall 
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separation between SRB and non-SRB encounters, AUPRC provides a more realistic indication of minority-class 
detection under class imbalance (Shukla & Singh, 2025; Sitthiprawiat et al., 2025). Therefore, model comparison 
was not based solely on AUROC.

No single algorithm dominated across all evaluation dimensions. On the validation set, the MLP achieved the 
highest AUROC (0.89), while LightGBM achieved the highest AUPRC (0.25). RF produced the highest F2-score 
(0.40), whereas the MLP and LR achieved the highest recall (0.83). Similar trends were observed on the 
independent test set. LightGBM achieved the highest AUROC (0.88) and AUPRC (0.25), while RF and XGBoost 
achieved the highest F2-scores (0.42). The MLP and LR achieved slightly higher recall (0.82 and 0.81, 
respectively), but at the expense of lower precision and weaker overall minority-class discrimination. These 
findings suggest that no single metric or algorithm adequately captures clinical utility. Models with higher recall 
identified more future SRB cases, whereas models with higher precision or F2-score reduced alert burden at the 
expense of missed cases. As a result, model selection required balancing discrimination, sensitivity, precision, 
and operational burden. This trade-off is crucial in suicide-risk prediction, as false negatives may represent missed 
opportunities for intervention, whereas false positives may increase workload through additional screening or 
psychiatric review (Thangada & Kasoju, 2024; Walsh et al., 2025). For this reason, recall and F2-score were 
interpreted alongside AUPRC, MCC, and Balanced Accuracy rather than treated as isolated endpoints. This 
approach aligns with clinical decision-support evaluation, where model utility depends on discrimination and on 
the sensitivity-alert burden balance (Rana et al., 2024).

Table 8. Comparative performance of the models on validation and test datasets.
Model Subset AUROC AUPRC F2-Score Precision Recall MCC Bal Acc

MLP Validation 0.89 0.25 0.37 0.12 0.83 0.26 0.81
LightGBM Validation 0.88 0.25 0.39 0.13 0.80 0.27 0.81
LR Validation 0.88 0.24 0.37 0.11 0.83 0.26 0.81
RF Validation 0.88 0.23 0.40 0.16 0.62 0.28 0.76
XGBoost Validation 0.87 0.24 0.39 0.14 0.70 0.27 0.78
LightGBM Test 0.88 0.25 0.41 0.14 0.79 0.28 0.80
MLP Test 0.87 0.25 0.39 0.13 0.82 0.27 0.80
XGBoost Test 0.87 0.24 0.42 0.16 0.71 0.29 0.78
LR Test 0.87 0.23 0.38 0.12 0.81 0.26 0.80
RF Test 0.87 0.23 0.42 0.18 0.64 0.29 0.77

Bal Acc = Balanced Accuracy

The MLP results are both clinically and methodologically informative. The incorporation of inverse-prevalence 
class weighting enabled the neural network to achieve competitive discrimination and recall, demonstrating that 
cost-sensitive learning can effectively address class imbalance in structured clinical data. However, the tree-based 
ensemble methods consistently achieved comparable or superior minority-class performance, supporting previous 
observations that gradient boosting approaches remain highly effective for tabular healthcare prediction tasks (Ren 
et al., 2025).

LightGBM was selected as the final predictive model as it provided the most favourable overall balance across 
the evaluation framework. Although RF and XGBoost achieved marginally higher F2-scores on the test set, 
LightGBM achieved the highest test AUROC and AUPRC while maintaining strong recall (0.79), MCC (0.28), 
and Balanced Accuracy (0.80). This suggests that LightGBM offered the best compromise between global 
discrimination, minority-class detection, and decision stability. Its performance also remained consistent across 
the validation and test sets, reducing concern that model selection was driven by validation-set artefacts. 
Therefore, the final model choice reflects a multidimensional clinical evaluation strategy rather than optimisation 
of a single metric. To further quantify uncertainty and assess model stability under class imbalance, bootstrap-
derived 95% confidence intervals for the final model.

As shown in Table 9, the bootstrap confidence intervals were relatively narrow across the validation and test sets, 
indicating stable discrimination and minority-class detection. In addition, the overlap between the validation and 
test intervals suggests limited evidence of overfitting. The confidence intervals for the optimal threshold also show 
relatively low variability, supporting the stability of the selected operating point under class imbalance.
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Table 9. Bootstrap 95% confidence intervals of the final model (LightGBM)
Metric Validation Test

AUROC 0.88 (0.88 - 0.89) 0.88 (0.87 - 0.89)
AUPRC 0.25 (0.22 - 0.28) 0.26 (0.23 - 0.28)
F2-Score 0.42 (0.40 - 0.44) 0.44 (0.42 - 0.46)
Precision 0.17 (0.14 - 0.22) 0.19 (0.17 - 0.21)
Recall 1.00 (1.00 - 1.00) 1.00 (1.00 - 1.00)
MCC 0.30 (0.28 - 0.32) 0.31 (0.30 - 0.33)
Balanced Accuracy 0.77 (0.74 - 0.81) 0.77 (0.76 - 0.79)
Prevalence 0.03 (0.03 - 0.03) 0.04 (0.03 - 0.04)
Optimal Threshold 0.68 (0.57 - 0.77) 0.70 (0.65 - 0.72)

The comparative analysis results show that AI-assisted 30-day SRB prediction using structured ED triage data is 
feasible but should not be interpreted as a standalone screening mechanism. Although the models provide 
clinically useful risk-stratification signals, the modest precision values indicate that predictions are best viewed 
as prioritisation cues that can trigger additional assessment within existing workflows. Consistent with this 
objective, model selection was based on a multidimensional evaluation framework incorporating discrimination, 
minority-class detection, decision stability, and clinical interpretability. Within this framework, LightGBM 
achieved the most favourable overall balance and was therefore selected for subsequent threshold optimisation, 
decision-curve analysis, and explainability analyses.

Performance of the Selected Model: LightGBM
It is important to distinguish model selection from deployment configuration. Model selection assesses an 
algorithm’s ability to predict 30-day SRB risk, whereas deployment requires defining an operating threshold that 
translates predicted probabilities into clinically actionable alerts. In high-acuity ED settings, thresholds that 
maximise sensitivity may generate excessive false-positive alerts, potentially contributing to alert fatigue and 
reduced clinician trust (Walsh et al., 2025; Wynants et al., 2019). Therefore, threshold selection represents an 
operational decision that balances sensitivity with alert burden rather than a criterion for model selection.

Following model selection, threshold optimisation was performed to identify a clinically appropriate operating 
point. The selected threshold of 0.6979 yielded an F2-score of 0.44 on the test set, with a recall of 0.64 and a 
precision of 0.19 (refer to Table 10). This operating point represents a compromise between identifying high-risk 
patients and maintaining a manageable alert burden. Lower thresholds can increase sensitivity but may 
substantially increase false-positive alerts, whereas higher thresholds improve precision at the expense of missed 
cases (Scarffe et al., 2024). Therefore, the selected threshold should be interpreted as a clinically informed 
operating point rather than a universally optimal threshold. In suicide risk prediction, this balance is important as 
excessive alert generation may contribute to clinician workload and alert fatigue, while overly conservative 
thresholds increase the likelihood of failing to identify patients requiring further assessment (Kitchen et al., 2026).

Table 10. Threshold-optimised performance of the selected LightGBM model.
Metrics Value

Selected Threshold 0.6979
F2-Score 0.44
Recall (Sensitivity) 0.64
Precision 0.19

Confusion Matrix Analysis
Figure 3 presents the confusion matrix of the threshold-optimised LightGBM model evaluated on the independent 
test set. At the selected operating threshold, the model correctly identified 957 future SRB encounters while 537 
SRB cases were missed, corresponding to a recall of 0.64. In addition, the model generated 4,013 false-positive 
alerts while correctly classifying 35,695 non-SRB encounters. These results highlight the fundamental challenge 
of suicide-risk prediction: despite strong discrimination, the rarity and heterogeneity of SRB mean that improving 
case detection inevitably increases the number of patients requiring further assessment. Operationally, the model 
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generated 4,970 alerts across 41,202 ED encounters, corresponding to approximately 121 alerts per 1,000 
presentations. Although only a minority of alerts represented confirmed SRB events, the relatively low precision 
should be interpreted within the context of emergency medicine and psychiatric practice. Suicide risk assessment 
is inherently probabilistic, and many patients identified as high risk may still require additional screening or 
clinical review despite not experiencing documented SRB during the 30-day follow-up period. Furthermore, some 
apparent false positives may reflect undocumented suicidal crises or limitations of ICD-based outcome definitions 
rather than true misclassification.

The confusion matrix also highlights the cost of increasing specificity. At the selected operating point, 36% of 
future SRB encounters were missed. While higher thresholds would reduce alert burden, they would also increase 
the number of missed high-risk patients. On the other hand, lower thresholds would improve sensitivity but 
generate substantially more alerts, potentially contributing to alert fatigue and reduced clinician trust (Scarffe et 
al., 2024; Walsh et al., 2025; Wynants et al., 2019). Similar trade-offs have been reported in early-warning systems 
for sepsis, clinical deterioration, and psychiatric crises, where model utility depends not only on predictive 
performance but also on operational sustainability (van der Vegt et al., 2026).

From a psychiatric and emergency medicine perspective, these findings support the role of AI-assisted risk 
prediction as a prioritisation mechanism rather than a replacement for established assessment procedures. In 
routine ED practice, patients flagged as high risk would undergo secondary evaluation using clinician judgment 
and validated screening instruments, such as the ASQ or C-SSRS, before management decisions are made. 
Therefore, the confusion matrix should not be interpreted solely in terms of classification errors but rather as 
illustrating the balance between case detection and assessment workload. Within this context, the selected 
operating point provides a clinically reasonable compromise, enabling early identification of a substantial 
proportion of future SRB cases while maintaining an alert burden that may be manageable within existing 
workflows.
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Figure 3. Confusion matrix for the LightGBM model at the optimal triage threshold.

Receiver Operating Characteristic (ROC) and Precision-Recall (PR) Curves
Figures 4 and 5 present the Receiver Operating Characteristic (ROC) and Precision-Recall (PR) curves for the 
five evaluated models on the independent test dataset. These curves extend the point-estimate comparison by 
showing model behaviour across the full range of possible decision thresholds. This is important because the 
clinical usefulness of a 30-day SRB risk model depends on its ability to rank patients by risk and on how precision 
and sensitivity change as the operating threshold is varied.

The ROC curves in Figure 4 show the overlap across models, with AUROC values ranging from 0.8675 to 0.8788. 
LightGBM achieved the highest AUROC (0.8788), followed by MLP (0.8741), XGBoost (0.8697), LR (0.8676), 
and RF (0.8675). However, the small separation between curves indicates that AUROC alone provides limited 
grounds for model selection. In imbalanced clinical prediction tasks, AUROC primarily reflects ranking 
performance across thresholds and can obscure the practical difficulty of identifying rare positive outcomes, as 
the large number of true negatives strongly contributes to apparent discrimination (Shukla & Singh, 2025; 
Sitthiprawiat et al., 2025). Therefore, the ROC results were interpreted as evidence of general separability, not as 
sufficient evidence of clinical utility.

The PR curves in Figure 5 provide a complementary view by focusing directly on the relationship between 
precision and recall. The baseline AUPRC was 0.0363, corresponding to the SRB prevalence in the test set. All 
models performed better than this baseline, indicating that structured ED triage variables improved the 
identification of future SRB cases beyond random classification. LightGBM achieved the highest AUPRC 
(0.2549), followed by MLP (0.2467), XGBoost (0.2389), LR (0.2314), and RF (0.2255). These values represent 
an improvement over the prevalence baseline, but they also show that the absolute precision remains modest. This 
is clinically important because even a model with useful risk-ranking ability will still generate a considerable 
number of false-positive alerts when deployed in a low-prevalence setting.

Figures 4 and 5 support the multidimensional model-selection strategy adopted in this study. The ROC curves 
show that all models achieved broadly similar global discrimination, while the PR curves reveal clearer differences 
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in minority-class detection. LightGBM did not dominate every metric, but it showed the most favourable 
threshold-wide balance by combining the highest AUROC and AUPRC with competitive recall, MCC, and 
Balanced Accuracy. Therefore, the curve-based analysis supports the broader evaluation framework, which 
focuses on discrimination, minority-class detection, sensitivity, decision stability, and operational feasibility.

Clinically, these findings reinforce that the proposed model should be interpreted as a risk-prioritisation tool rather 
than a standalone screening instrument. The PR curves show that predicted high-risk groups are enriched for 
future SRB cases, but not sufficiently precise to justify automatic intervention without clinical review. In 
emergency medicine and psychiatric assessment, this is an appropriate role for decision support: the model can 
help prioritise patients for additional assessment, while final clinical decisions remain dependent on clinician 
judgement and established suicide-risk assessment procedures.

Figure 4. Receiver operating characteristic (ROC) curves for LR, RF, XGBoost, LightGBM, and MLP on the test set.
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Figure 5. Precision-recall (PR) curves for LR, RF, XGBoost, LightGBM, and MLP on the test set.

Decision Curve Analysis (DCA)
Decision Curve Analysis (DCA) was performed to evaluate whether the improved discrimination achieved by the 
selected LightGBM model translates into meaningful clinical utility. Unlike conventional performance metrics, 
DCA explicitly accounts for the trade-off between correctly identifying future SRB cases and the burden of 
unnecessary escalation, thereby providing a clinically oriented assessment of model usefulness (Vickers & 
Holland, 2021). Figure 6 illustrates the net benefit of the LightGBM model relative to the Treat All and Treat 
None strategies across threshold probabilities ranging from 0.2% to 5%. This range reflects clinically plausible 
risk tolerances for low-prevalence outcomes, in which even small predicted probabilities may justify additional 
assessment or follow-up (Wynants et al., 2019). Across the entire range examined, the LightGBM model 
consistently provided greater net benefit than both reference strategies. This indicates that model-guided risk 
stratification yields more favourable clinical decisions than either indiscriminately escalating all patients or 
ignoring predicted risk altogether.

The model’s advantage became more apparent as the threshold increased. While the Treat All strategy rapidly lost 
utility due to the growing penalty associated with excessive false-positive alerts, the LightGBM model maintained 
a positive net benefit through more selective risk stratification. This behaviour complements the confusion matrix 
analysis, which demonstrated that the operational challenge lies not only in detecting future SRB cases, but also 
in maintaining an acceptable alert burden. Therefore, DCA provides additional evidence that the selected model 
achieves a clinically reasonable balance between sensitivity and resource utilisation. Although the absolute net 
benefit values are necessarily small because SRB is a rare outcome, their consistent superiority over the Treat All 
and Treat None strategies suggests that the model may support more efficient allocation of psychiatric assessment 
resources. These findings further support the model’s role as a prioritisation mechanism that enriches the 
population referred for secondary evaluation. From an emergency medicine perspective, such selective escalation 
is particularly valuable in resource-constrained environments, where universal psychiatric assessment is 
impractical and excessive alert volumes may contribute to clinician fatigue (Kitchen et al., 2026). The DCA 
findings support the broader objective of this study: providing clinically actionable risk stratification that 
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complements existing workflows while improving the efficiency of downstream assessment and follow-up 
planning.

Figure 6. Comparison of net benefit between the AI-based triage model, “Treat All,” and “Treat None” strategies across 
decision thresholds (0.2 to 5%)

Explainability and Feature importance
This section presents the interpretability of the LightGBM model using both model-agnostic explanations (SHAP) 
and model-intrinsic feature importance.

Global Feature Impact

Figure 7 presents the SHAP summary plot for the selected LightGBM model, providing a global view of how 
individual features influence 30-day SRB risk. The distribution of SHAP values shows that model predictions are 
driven by a combination of demographic factors, psychiatric history, physiological variables, temporal patterns, 
and presenting complaints rather than by any single variable. This supports the multidimensional nature of suicidal 
behaviour, which arises from interactions between psychiatric vulnerability, acute physiological stress, and 
contextual factors.

Age emerged as the most influential predictor. Lower age values were generally associated with positive SHAP 
values, indicating increased predicted SRB risk. Although this pattern may partly reflect the age distribution of 
the cohort, it is also consistent with epidemiological evidence showing that adolescents and young adults 
experience higher rates of suicidal ideation, self-harm, and suicide attempts than older adults (CDC, 2025; 
Thangada & Kasoju, 2024). Therefore, the observed age effect is likely attributable to both underlying population 
characteristics and genuine clinical risk patterns rather than dataset bias alone. Prior mood disorder history 
(prior_flag_mood) showed strong positive contributions to predicted risk, consistent with psychiatric literature 
identifying mood disorders as one of the strongest predictors of suicidal behaviour. Similarly, a history of 
substance use disorder (prior_flag_sud) and anxiety (prior_flag_anxiety) contributed positively to risk 
predictions, reflecting well-established associations between psychiatric comorbidity, impaired emotional 
regulation, and increased suicide vulnerability. These findings suggest that the model captures clinically 
meaningful longitudinal risk factors rather than relying solely on the current presentation.

Several physiological variables, including temperature, blood pressure, respiratory rate, oxygen saturation, and 
shock index, also influenced predictions. Their effects were heterogeneous, indicating that no single vital sign 
acts as a direct marker of SRB. Instead, these variables may capture acute medical instability, intoxication, 
overdose, withdrawal syndromes, or heightened autonomic activation, all of which are frequently encountered in 

26            

ACCEPTED MANUSCRIPT

ARTIC
LE

 IN
 PR

ES
S

ARTICLE IN PRESS



emergency psychiatric presentations. This observation aligns with emergency medicine literature, where abnormal 
physiological parameters often accompany acute behavioural crises rather than serving as specific indicators of 
suicide risk (Nabar et al., 2026). Among presenting complaints, pain-related presentations (cc_pain) were notable. 
Although pain itself is not a direct indicator of suicidal behaviour, chronic pain and severe acute pain are 
recognised risk factors for depression, hopelessness, and suicidal ideation. Therefore, pain-related complaints may 
represent an indirect pathway through which psychological distress manifests in emergency settings. Temporal 
variables showed relatively smaller effects, suggesting that admission timing contributes modestly to risk 
stratification but is less informative than demographic, psychiatric, and physiological factors.

The SHAP summary plot demonstrates that the model does not rely on isolated features or simple heuristics. 
Instead, predictions arise from the interaction of demographic vulnerability, psychiatric history, physiological 
status, and presenting context. The observed feature patterns are broadly consistent with current psychiatric and 
emergency medicine knowledge, supporting the clinical plausibility and transparency of the proposed model. Such 
explainability is particularly important for deployment in ED triage, where clinician trust and accountability are 
essential for the safe integration of AI-assisted decision support (Rana et al., 2024).

Figure 7. SHAP Summary plot (Global Impact) for LightGBM

Global Feature Importance
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Figure 8 presents the mean absolute SHAP values of the selected LightGBM model and provides a complementary 
ranking of feature importance. Consistent with the SHAP summary plot (Figure 7), age showed the largest average 
contribution to model predictions, followed by pain-related presentations and prior mood disorder history. 
Physiological variables, including temperature, blood pressure, pulse pressure, respiratory rate, shock index, and 
oxygen saturation, also contributed substantially, highlighting the importance of the acute clinical state alongside 
psychiatric vulnerability. The close agreement between Figures 7 and 8 demonstrates the internal consistency of 
the explainability analysis and suggests that model predictions arise from a clinically plausible combination of 
demographic, psychiatric, and physiological factors. However, mean absolute SHAP values quantify the 
magnitude of feature influence but do not indicate causality or the direction of association; these should instead 
be interpreted using the SHAP summary plot.

Figure 8. SHAP Feature Importance (Global Magnitude) for LightGBM

Local Explanation
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To complement the global explanations, SHAP force plots were used to examine representative patient-level 
predictions. One encounter was randomly selected from each prediction category (true positive, false positive, 
true negative, and false negative) to illustrate how the model combined demographic, psychiatric, and 
physiological variables to generate individual risk estimates. In addition, two clinically informative examples 
were included: a high-risk case with a very high predicted probability and a borderline case with a predicted 
probability approximately equal to the selected operating threshold. These cases provide insight into correct 
classifications, model errors, and prediction behaviour around the clinical decision boundary. The selected 
encounters are summarised in Table 11. 

Table 11. Representative local explanations used for SHAP analysis
Case Index True Label Predicted Label Predicted Probability Optimal Threshold

True Positive 24820 1 1 96.6% 69.8%
False Positive 9910 0 1 96.8% 69.8%
True Negative 12178 0 0 0.02% 69.8%
False Negative 9469 1 0 69.7% 69.8%
High-Risk 9910 0 1 96.8% 69.8%
Borderline 27531 1 1 69.8% 69.8%

True-Positive Case

For the true-positive patient (Figure 9), younger age exerted the strongest positive contribution to risk, followed 
by prior mood disorder, anxiety history, and substance use disorder. Additional contributions were made by blood 
pressure, respiratory rate, and temperature. These effects acted in the same direction and, collectively, shifted the 
prediction from the baseline value towards a very high risk probability (96.6%). The explanation suggests that the 
model identified a coherent accumulation of risk factors rather than relying on a single variable, indicating that 
risk prediction emerged from the combined effect of psychiatric history and physiological state.

Figure 9. SHAP force plot for the true-positive case (Patient #24820)
False-Positive and High-Risk Case

The high-risk case corresponds to the false-positive encounter with the highest predicted probability and was 
included separately to illustrate the model’s reasoning under an extreme-confidence prediction. The false-positive 
and high-risk case (Figure 10) produced the highest predicted probability (96.8%), despite the absence of a 
documented SRB outcome within 30 days. The explanation closely resembled the true-positive case, with younger 
age, prior mood disorder, anxiety, substance use disorder, and elevated shock index all contributing positively to 
risk. Only systolic blood pressure and weekend admission provided modest protective effects. The similarity 
between this profile and the true-positive case suggests that the model assigned high risk because the patient 
showed characteristics commonly associated with SRB. The prediction appears to represent a clinically plausible 
high-risk profile rather than an arbitrary error, highlighting the difficulty of distinguishing future events from 
latent risk.

Figure 10. SHAP force plot for the false-positive high-risk case (Patient #9910).
True-Negative Case

For the true-negative patient (Figure 11), the prediction was dominated by several protective factors. Older age 
had the strongest negative effect, while systolic and diastolic blood pressure, respiratory rate, and chief complaint 
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pain further reduced the predicted risk. Although prior substance use history contributed positively, its effect was 
insufficient to offset the stronger protective influences. The resulting prediction probability was extremely low 
(0.02%), demonstrating that the model could recognise patients with an overall low risk profile despite the 
presence of isolated risk factors.

Figure 11. SHAP force plot for the true-negative case (Patient #12178)
False-Negative Case

The false-negative case (Figure 12) highlights the complexity of individual predictions. Younger age, prior mood 
disorder, anxiety, substance use disorder, and several physiological variables all increased risk. However, 
temperature exerted a strong negative contribution, partially counteracting these effects and reducing the final 
probability below the selected threshold. The predicted probability (69.67%) differed from the operating threshold 
(69.79%) by only a small margin. Therefore, this misclassification appears to reflect uncertainty near the decision 
boundary rather than a complete failure of the model. The force plot suggests that competing feature effects 
produced a finely balanced prediction in which small changes in the operating threshold could alter the 
classification outcome.

Figure 12. SHAP force plot for the false-negative case (Patient #9469)
Borderline Case

The borderline patient (Figure 13) illustrates how the model behaves in uncertain regions of the feature space. 
Younger age and the absence of pain contributed strongly to increasing risk, whereas the absence of prior mood 
disorder and substance use disorder exerted protective effects. The remaining physiological variables made 
relatively small positive contributions, resulting in a probability that was almost exactly equal to the selected 
threshold (69.79%). Unlike the true-positive case, risk was not driven by multiple strong psychiatric factors but 
by the accumulation of several weaker contributors. This example demonstrates that the model does not produce 
binary decisions from a single dominant variable; instead, predictions arise from the interaction of multiple 
factors, whose combined effects determine whether an encounter falls above or below the operating threshold.

Figure 13. SHAP force plot for the borderline case (Patient #27531)

The local explanations reveal that model predictions were driven by combinations of factors rather than isolated 
variables. Correct predictions and misclassifications often shared similar risk profiles, with differences arising 
from the relative magnitude and interaction of feature contributions. The false-negative and borderline cases 
further demonstrate that uncertainty is concentrated near the decision threshold, suggesting that some apparent 
errors reflect the probabilistic nature of risk prediction rather than inconsistent model behaviour. These findings 
support the interpretability of the LightGBM model and show that individual predictions are traceable to clinically 
understandable combinations of variables. These cases are illustrative rather than representative and intended to 
demonstrate the model’s learned decision pathways.

Intrinsic Feature Importance
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To complement the SHAP analyses, the intrinsic feature importance scores of the final LightGBM model were 
examined (Table 12). Unlike SHAP values, which quantify both the direction and magnitude of feature 
contributions, LightGBM feature importance reflects how frequently and effectively variables are used during 
tree construction. Therefore, these scores provide information about the relevance of the predictor but not whether 
a variable increases or decreases risk.

The importance ranking showed strong agreement with the global SHAP analyses, supporting the model’s internal 
consistency. Age emerged as the most influential predictor, followed by temperature, systolic blood pressure, 
shock index, diastolic blood pressure, pulse pressure, and heart rate. The prominence of these variables suggests 
that the model relied heavily on routinely collected physiological measurements, indicating that short-term SRB 
risk prediction may partly capture manifestations of acute physiological stress rather than depending exclusively 
on psychiatric history. Temporal variables, including hour and month encodings, contributed moderately to 
prediction, whereas psychiatric history variables, such as prior mood disorder, substance use disorder, and anxiety 
history, exhibited lower importance scores. This finding should not be interpreted as evidence that psychiatric 
factors are unimportant. Instead, it suggests that psychiatric history serves as contextual information that modifies 
risk alongside physiological and demographic characteristics, rather than as the primary driver of prediction. 
Similarly, chief complaint variables, including pain and injury, contributed less than age and vital signs, indicating 
that the model integrated multiple weak signals rather than relying on a few highly dominant features.

The close correspondence between LightGBM feature importance and SHAP results strengthens confidence that 
the identified predictors are not artefacts of a particular explanation method. While Gini importance provides a 
global ranking of feature relevance, SHAP analysis further demonstrated how these variables interact and 
contribute to individual predictions. These complementary explanations support the transparency of the proposed 
model and provide a more comprehensive understanding of how routinely available ED triage variables contribute 
to 30-day SRB risk prediction.

Table 12. LightGBM intrinsic feature importance scores.
Feature Importance

age 1157
temperature 889
sbp 823
shock_index 815
dbp 769
pulse_pressure 715
heartrate 673
hour_sin 425
o2sat 424
resprate 412
hour_cos 352
month_sin 295
month_cos 289
prior_flag_mood 196
prior_flag_sud 160
cc_pain 142
prior_flag_anxiety 122
gender_F 114
is_weekend_admission 88
cc_injury 54
gender_M 50
is_night_admission 36

Clinical Interpretation
Consistent with the objective of developing an interpretable and clinically actionable model for early suicide risk 
identification, the explainability analyses demonstrate that routinely collected ED triage variables contain 
meaningful signals associated with 30-day SRB. The model did not rely on a single dominant predictor, but rather 
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integrated demographic characteristics, physiological measurements, presenting complaints, temporal 
information, and psychiatric history to predict risk. This multidimensional pattern reflects the complex and 
heterogeneous nature of suicidal behaviour, which rarely manifests through a single clinical indicator.

The explainability results suggest that risk prediction in the ED extends beyond traditional physiology-based 
triage. Although vital signs remain central to emergency assessment, the SHAP analyses showed that contextual 
and psychiatric variables modify risk even when physiological instability is absent. This finding is consistent with 
psychiatric and emergency medicine literature, indicating that suicidal crises frequently present through indirect 
behavioural and psychosocial manifestations rather than obvious physiological deterioration (Hughes et al., 2023; 
Shiraly et al., 2024). Accordingly, reliance on conventional triage alone may fail to identify some individuals at 
elevated risk.

The proposed model is therefore intended as an augmentative clinical information system rather than an 
autonomous screening tool. In high-acuity environments characterised by time pressure, incomplete information, 
and competing priorities, the model provides transparent risk predictions that may help clinicians recognise 
patterns warranting further evaluation. The output should be interpreted as a prioritisation signal that supports 
secondary assessment rather than as a diagnosis or replacement for clinical judgement. This approach aligns with 
principles of trustworthy and responsible AI in healthcare, emphasising transparency, human oversight, and 
clinician accountability (Rana et al., 2024; Wynants et al., 2019).

A practical advantage of the model is that it relies exclusively on structured variables routinely available at triage, 
requiring no additional questionnaires or specialised data collection. This enhances feasibility for real-time 
deployment and may be particularly valuable in resource-constrained settings where psychiatric expertise is 
limited. Furthermore, the consistency between global SHAP patterns, intrinsic LightGBM feature importance, and 
local patient-level explanations suggests that the model generates clinically coherent predictions rather than 
relying on false or forged associations. Such transparency is essential for fostering clinician trust and facilitating 
integration into existing emergency care workflows. Overall, the findings support the role of explainable AI as an 
additional safety layer within ED triage. By transforming routinely collected data into interpretable risk estimates, 
the model has the potential to improve risk visibility, support earlier psychiatric assessment, and reduce missed 
opportunities for suicide prevention while maintaining clinician-centred decision-making.

Answering Research Questions (RQs)
RQ 1: Which AI model provides the best balance between predictive performance, minority-class detection, 
clinical utility, and interpretability?

The findings demonstrate that no single performance metric was sufficient for selecting an AI model for 30-day 
SRB prediction. Although all five models showed comparable discrimination, differences emerged in minority-
class detection, decision stability, threshold behaviour, and explainability. These findings reinforce the need for 
model selection in rare-event clinical prediction to be based on a multidimensional evaluation framework rather 
than discrimination alone. Among the evaluated algorithms, LightGBM provided the most favourable overall 
balance. While other models achieved marginal advantages for individual metrics, LightGBM consistently 
combined strong discrimination, effective minority-class detection, stable threshold behaviour, favourable clinical 
utility, and interpretable explanations. Bootstrap confidence intervals further demonstrated stable performance 
across validation and test cohorts, while SHAP analyses confirmed that the model’s predictions were driven by 
clinically plausible risk factors. Decision curve analysis also showed that the selected model provided greater 
clinical utility than treat-all or treat-none strategies across clinically relevant threshold probabilities.

Therefore, within the context of routinely collected structured ED triage data, LightGBM represented the most 
appropriate model for estimating 30-day SRB risk. Rather than identifying a universally superior algorithm, this 
study demonstrates that clinically deployable suicide risk prediction requires balancing predictive performance 
with interpretability, operational feasibility, and clinical decision support, consistent with current 
recommendations for trustworthy AI in healthcare (Riley et al., 2020; Walsh et al., 2025; Wynants et al., 2019).

RQ 2: How interpretable and clinically actionable are these models in explaining SRB risk?

The findings demonstrate that the selected LightGBM model provides transparent and clinically meaningful 
explanations of 30-day SRB risk. The combination of global and local explainability showed that predictions were 
driven by clinically plausible interactions among demographic characteristics, psychiatric history, physiological 
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measurements, and presentation context rather than by isolated predictors. The agreement between SHAP 
analyses, intrinsic feature importance, and patient-level explanations further supports the internal consistency and 
reliability of the explanation framework. From a clinical perspective, the model generated patient-specific risk 
estimates traceable to identifiable contributing factors, enabling clinicians to understand why a patient was 
assigned a higher or lower risk. Local explanations also showed that prediction uncertainty was concentrated 
around the clinical decision threshold, whereas high-confidence predictions were supported by coherent 
combinations of established risk factors. This level of transparency supports clinician verification, facilitates 
auditability, and enables model outputs to be interpreted alongside existing clinical assessments rather than 
replacing clinical judgement.
The findings indicate that explainability and predictive performance can be achieved simultaneously. By 
combining strong prediction with transparent reasoning, the proposed model provides clinically actionable risk 
estimates that support early suicide risk stratification while maintaining human oversight, consistent with 
contemporary recommendations for trustworthy and explainable AI in healthcare (Molnar, 2025; Walsh et al., 
2025).

RQ 3: Which clinical and contextual features contribute most strongly to SRB prediction at triage?

The findings indicate that short-term SRB risk at ED triage is influenced by the interaction of demographic, 
physiological, psychiatric, and contextual factors rather than any single predictor. Across the global and local 
explainability analyses, age consistently emerged as the most influential contributor, while physiological 
measurements, including blood pressure, shock index, temperature, heart rate, respiratory rate, and oxygen 
saturation, provided important information for estimating acute risk. Psychiatric history, particularly prior mood, 
anxiety, and substance use disorders, further modified individual risk estimates, reflecting the interaction between 
underlying vulnerability and acute clinical presentation. The results also demonstrate that routinely collected ED 
triage data contain clinically meaningful information beyond conventional physiology-based assessment. Rather 
than relying solely on psychiatric history or presenting complaint, the model integrated multiple complementary 
sources of information to predict patient-level SRB risk. This aligns with contemporary suicide prevention 
frameworks, which recognise suicidal behaviour as a multifactorial process arising from the interaction of 
predisposing vulnerabilities, acute physiological status, and contextual stressors (Haglund et al., 2019; Hughes et 
al., 2023; Walsh et al., 2025).

The findings show that structured ED triage variables provide a clinically relevant and operationally feasible 
foundation for early suicide risk prediction, supporting timely prioritisation of patients for further mental health 
assessment while remaining compatible with routine emergency care workflows.

Implications of the study
Theoretical Implications

This study provides empirical evidence that routinely collected structured ED triage variables contain sufficient 
information to support short-term SRB risk prediction without requiring unstructured clinical narratives or 
specialised assessments. The findings extend existing suicide prediction literature by demonstrating that 
demographic, physiological, psychiatric, and contextual variables jointly contribute to risk prediction, supporting 
contemporary conceptualisations of suicidal behaviour as a multifactorial and dynamic process rather than the 
consequence of isolated risk factors. The results further suggest that structured triage data can operationalise 
clinically meaningful risk signals at the earliest stage of emergency care, providing a theoretical foundation for 
triage-based suicide prediction models.

The study also contributes to the growing body of literature on explainable AI in healthcare. By combining global 
SHAP analysis, intrinsic LightGBM feature importance, and patient-level explanations, the findings demonstrate 
that predictive performance and interpretability are not mutually exclusive. The consistency observed across 
global and local explanations provides evidence that explainable AI can support transparent and clinically 
coherent reasoning, thereby contributing to theories of trustworthy and human-centred AI. Rather than viewing 
explainability as a post hoc add-on, the results suggest that interpretability can be integrated into the model 
development and evaluation process to enhance transparency, auditability, and clinician trust.

Furthermore, the findings challenge the conventional practice of evaluating clinical prediction models primarily 
through discrimination metrics such as AUROC. Despite similar AUROC values across models, important 
differences emerged in minority-class detection, threshold behaviour, and clinical utility. This study therefore 
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supports a multidimensional evaluation paradigm for rare-event prediction, where AUPRC, F2-score, decision-
curve analysis, threshold optimisation, bootstrap confidence intervals, and explainability complement traditional 
discrimination metrics. Such an approach provides a more comprehensive theoretical framework for evaluating 
AI systems intended for safety-critical healthcare applications.

The study contributes to the theoretical understanding of AI deployment in emergency psychiatry by emphasising 
that model selection and deployment configuration represent distinct processes. The findings demonstrate that the 
most suitable predictive model is not necessarily the one that optimises a single metric, but rather the one that 
provides the most favourable balance between discrimination, minority-class detection, decision stability, 
interpretability, and operational utility. This perspective supports emerging views of clinical AI as a socio-
technical decision-support model, in which predictive models function as clinician-supportive tools integrated 
into existing workflows rather than autonomous diagnostic systems.

Practical Implications

From a practical perspective, the study demonstrates the feasibility of using structured triage variables available 
at the time of patient presentation to predict short-term SRB risk. Because these variables are routinely collected 
during standard ED assessment, the proposed approach has the potential to support integration into clinical 
decision-support systems without imposing substantial additional documentation burden. Furthermore, 
explainability techniques such as SHAP can provide transparent patient-level explanations, potentially improving 
clinicians’ understanding and trust in model outputs.

From an operational perspective, the selected LightGBM model achieved a favourable balance between 
discrimination, minority-class detection, and decision stability. Threshold optimisation further demonstrated how 
sensitivity and alert burden can be balanced in high-throughput ED settings, where excessive false-positive alerts 
may contribute to alert fatigue and reduce the effectiveness of decision-support systems. Thus, threshold 
calibration should be adapted to local clinical priorities and resource availability. Despite these potential benefits, 
successful implementation cannot be assumed. Practical deployment would require clinician acceptance, 
workflow redesign, user-interface considerations, governance mechanisms, and clear delineation of responsibility 
for acting on model recommendations. Medicolegal and liability concerns, together with the risk of alert fatigue, 
represent important challenges that may influence adoption. Therefore, the proposed model should be viewed as 
a clinician-support tool intended to augment, rather than replace, clinical judgement. Prospective validation, 
usability studies, and implementation research will be necessary before routine deployment can be considered.

By leveraging routinely collected triage information and explainable ML, the model provides a scalable 
foundation for supporting early identification of patients at elevated short-term risk of SRB, particularly in 
resource-constrained healthcare settings. The proposed model is intended to complement rather than replace 
established suicide screening and assessment instruments, such as the ASQ, C-SSRS, and SIQ. Because the model 
relies exclusively on information available at ED presentation, it may provide an initial estimate of short-term 
SRB risk before a comprehensive psychiatric assessment. Patients identified as elevated risk could subsequently 
undergo formal screening and clinical evaluation, allowing AI-assisted prioritisation to function alongside existing 
standards of care. To minimise alert fatigue, risk estimates should be interpreted within a hierarchical framework 
rather than as binary alerts. For example, low-risk patients may proceed through routine care pathways, 
intermediate-risk patients may prompt additional screening or observation, and high-risk patients may trigger 
urgent psychiatric consultation and enhanced safety procedures. Such tiered strategies may reduce unnecessary 
interruptions while preserving sensitivity for patients at greatest risk.

As illustrated in Figure 14, risk predictions can be incorporated into a tiered clinical workflow, enabling 
interventions tailored to each risk level. This hierarchical approach may reduce unnecessary alerts and support 
more efficient allocation of limited psychiatric resources while maintaining clinician involvement in all decision-
making processes.
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Figure 14. The proposed integration of the LightGBM-based 30-day SRB risk prediction model within ED workflows

Ethical Considerations
The deployment of AI systems in clinical settings, particularly for sensitive outcomes such as SRB, requires 
careful ethical consideration. In this study, the proposed LightGBM model is explicitly conceptualised as a clinical 
decision-support tool rather than a diagnostic system. Clinical responsibility remains with healthcare 
professionals, and the model is intended solely to support prioritisation and follow-up planning within existing 
ED workflows. The model does not make autonomous clinical decisions and should not be used in isolation to 
determine patient care. Instead, its outputs are designed to complement established screening protocols and 
clinician expertise by providing early, data-driven predictions of 30-day SRB risk based on routinely collected 
triage information. This human-in-the-loop approach aligns with current best practices for trustworthy AI in 
healthcare and emphasises accountability, transparency, and clinician oversight.

The use of de-identified MIMIC-IV data ensured patient privacy and complied with the ethical requirements 
governing access to the database. Although informed consent was waived because the dataset is retrospective and 
anonymised, prospective deployment would require careful consideration of patient privacy, data governance, 
transparency, and institutional policies governing AI-assisted clinical decision support. From an operational 
perspective, the model is designed to support risk stratification rather than definitive diagnosis, ensuring that 
elevated-risk predictions are followed by additional clinical assessment rather than automatic intervention. 
Responsibility for patient management, therefore, remains with healthcare professionals, while AI predictions 
serve to augment clinical judgement. This approach helps mitigate potential harms associated with false-positive 
alerts and missed high-risk cases.

Fairness and equity represent additional ethical considerations. Because the model was developed using a single-
centre retrospective dataset, predictions may reflect the underlying demographic and clinical patterns of the source 
population. Although subgroup-specific fairness analyses were beyond the scope of the present study, future work 
should evaluate model performance across demographic and clinical subgroups and investigate performance 
among patients without documented psychiatric histories to ensure equitable detection of vulnerable individuals. 
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The proposed model aligns with the principles of beneficence, non-maleficence, transparency, and clinical 
accountability by augmenting, rather than replacing, human decision-making in emergency care.

Limitations and Future Work
While the study demonstrated strong discrimination, explainability and deployment-oriented evaluation, several 
limitations should be acknowledged. First, the data originate from the MIMIC-IV database, representing a single 
healthcare network in the United States. This may limit the generalisability of the findings to other populations, 
particularly in low- and middle-income countries. Patient demographics, clinical workflows, documentation 
practices, and coding conventions may differ across hospitals and regions. Although patient-level splitting and 
bootstrap confidence intervals strengthened the study’s internal validity, they do not guarantee transportability to 
other institutions or populations. Therefore, the findings should be interpreted as demonstrating internal validity 
within the MIMIC-IV setting rather than universal generalisability. 

Second, the patient-level splitting was used to mitigate data leakage; the study used retrospective data and did not 
include prospective validation. As a result, real-world clinical deployment may reveal additional workflow, 
usability, or operational constraints not captured in retrospective analyses. Third, the study relied solely on 
structured features. While this approach improves interpretability and operational readiness, it excludes linguistic 
and contextual signals captured in clinical notes or patient narratives, which may further enhance risk detection 
and provide richer contextual understanding. Fourth, another limitation relates to the use of ICD-9 and ICD-10 
diagnostic codes to define SRB outcomes. Although ICD-based definitions are widely used in EHR-based suicide 
prediction studies and provide a reproducible outcome measure, previous studies have shown that administrative 
coding may under-identify self-harm and suicide-related presentations. Therefore, some patients experiencing 
SRB may have been misclassified as non-SRB cases. Because no independent reference standard or manual chart 
review was available, the extent of this misclassification could not be directly quantified in the present cohort. 
Such under-detection may introduce label noise during model development and lead to conservative estimates of 
model performance by weakening the true distinction between positive and negative cases. Even so, the use of 
ICD codes enabled consistent cohort construction and aligns with established approaches employed in large-scale 
retrospective studies. Fifth, SRB cases a relatively uncommon event. Although class weighting and threshold 
optimisation improved minority-class detection, class imbalance remains an inherent challenge, and no model 
achieved perfect sensitivity. Thus, some high-risk patients may still be missed.

Future work should proceed in phases. The first phase should focus on external, temporal, and multi-centre 
validation, including model recalibration and local threshold optimisation to assess transportability across 
healthcare systems. The second phase should investigate multimodal approaches that combine structured ED 
variables with unstructured clinical narratives and other contextual data. The third phase should involve 
prospective clinical studies evaluating AI-assisted risk prediction within routine ED workflows, including 
clinician acceptance, alert fatigue, and ethical considerations. Finally, formal health-economic evaluations are 
required to quantify the costs and benefits of AI-assisted workflows, including psychiatric consultation workload, 
false-positive burden, missed high-risk cases, resource utilisation, and potential reductions in adverse outcomes. 
Such studies are essential for establishing the practical value and cost-effectiveness of AI-supported suicide risk 
prediction systems.

5. Conclusion
This study demonstrated that the risk of experiencing documented SRB within 30 days following an ED encounter 
can be predicted using routinely collected, structured triage variables available at the time of presentation, without 
relying on delayed documentation or unstructured clinical narratives. Multiple ML and DL models were evaluated 
using a clinically grounded multidimensional framework incorporating discrimination, minority-class detection, 
decision stability, threshold optimisation, decision-curve analysis, bootstrap confidence intervals, and 
explainability. Among the evaluated models, LightGBM provided the most favourable balance between overall 
discrimination, minority-class performance, sensitivity, and decision stability, making it the most suitable 
candidate for deployment within the present model. The findings highlight that model selection in rare-event 
clinical prediction should not rely on a single metric, as no individual measure fully captures clinical utility. 
Instead, deployment decisions require balancing sensitivity, minority-class discrimination, alert burden, and 
operational feasibility.

Explainability analyses demonstrated that clinically meaningful variables contributed to risk estimation and 
provided transparent insights into model behaviour. By integrating uncertainty quantification, threshold 

36            

ACCEPTED MANUSCRIPT

ARTIC
LE

 IN
 PR

ES
S

ARTICLE IN PRESS



optimisation, decision-curve analysis, and SHAP-based explanations, the study contributes a deployment-oriented 
framework that bridges predictive performance, interpretability, and clinical applicability. Several limitations 
remain, including the use of retrospective single-centre data, reliance on ICD-based outcome definitions, and the 
absence of prospective validation. Future work should prioritise external validation, multimodal data integration, 
prospective workflow evaluation, and health-economic analyses to establish the transportability, clinical impact, 
and cost-effectiveness of AI-assisted suicide risk prediction. The study provides evidence that routinely collected 
ED triage data contain sufficient information to support early identification of patients at risk of SRB within 30 
days and offers a transparent model for integrating AI-assisted risk prediction into emergency care. Overall, the 
proposed model demonstrates that hospitals can estimate short-term suicide-related behaviour risk at the point of 
emergency department presentation using routinely collected structured triage data. By supporting early patient 
prioritisation, follow-up planning, and resource allocation, the framework provides a practical foundation for 
integrating transparent AI-assisted decision support into routine emergency mental healthcare.
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