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Available Online: 23 Feb 2026 [[a st Given the rapid growth in the use of digital and computerized tools in mental health, there is

an increasing need to systematically review the current evidence on the use of advanced technologies.
This review aimed to review studies that applied artificial intelligence (Al) and machine learning (ML)
algorithms for suicide risk identification and prevention.

[VIETTEE This is a systematic review in accordance with the PRISMA guidelines. We retrieved relevant
articles in English published from January 2014 to September 2025 from Google Scholar, PubMed,
ProQuest, EMBASE, PsycINFO, Web of Science, CINAHL, and Scopus. Initially, 751 articles were identified.
Following a comprehensive quality assessment using a standardized checklist, 25 studies with the highest
methodological quality were selected for the review.

[ The studies utilized diverse data sources, including text messages, social media platforms,
electronic health records, and psychiatric clinical notes, with sample sizes ranging from a few hundred to
several million records. The applied Al and ML approaches included logistic regression, random forests,
decision trees, XGBoost, and deep neural networks, with prediction accuracies ranging from 65% to
over 95%. Key risk factors identified across studies included psychiatric disorders, depression, method of
suicide attempt, marital status, low education, unemployment, and social isolation. Random forest and

Key words: deep neural networks consistently demonstrated the highest predictive performance.

Suicide, Self-harm, i [THENER Al and ML algorithms can detect complex patterns of suicide risk based on both clinical and
Suicide prevention, : social media data, enabling early prediction and timely intervention. Random forest and deep neural
Artificial intelligence, network models have the highest accuracy and are practical tools for designing effective preventive
Machine learning © strategies.
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Introduction

uicide is a complex global mental health
challenge with significant social, econom-
ic, and human consequences, affecting
over 700,000 people annually. Risk fac-
tors for suicide are multifaceted, including
psychiatric disorders, prior attempts, hospitalization his-
tory, academic or occupational stress, economic hardship,
and social isolation. Exposure to negative emotions or
bullying on social media is also an important risk factor.

Traditional assessment methods, including clinical inter-
views and questionnaires, are limited by cost, time, reliance
on specialists, and underreporting due to stigma. In this
context, artificial intelligence (Al) and machine learning
(ML) offer unprecedented capacity to analyze large, com-
plex datasets and uncover hidden patterns to predict suicide
risk. Al and ML models can identify high-risk individuals
even when overt symptoms are absent, track behavioral
and psychological changes over time, and predict short- to
medium-term risk. Key risk factors detected by these algo-
rithms include psychiatric disorders, depression, anxiety,
prior hospitalizations, method of suicide attempt, marital
status, low education, unemployment, and social isolation.
Random forests and deep neural networks show particu-
larly strong performance across clinical and textual datas-
ets. Despite challenges such as limited multimodal data and
cross-cultural generalizability, Al and ML provide practical
tools for early intervention, targeted preventive strategies,
and enhanced clinical decision-making. This study aimed
to review advances in identifying and preventing suicide
risk through Al and ML. Systematic reviews of these ap-
proaches highlight both their transformative potential and
the need for integration with clinical expertise to improve
suicide prevention efforts.

Methods

This study is a systematic review conducted based on the
PRISMA framework. The research questions addressed the
main factors contributing to suicidal behaviors (what), the
groups most at risk (who), the conditions and times when
suicides are more frequently reported (when), and the effec-
tiveness of Al- and ML-based detection approaches (how). A
comprehensive search was performed in major international
databases (Google Scholar, PubMed, Scopus, PsycINFO,
EMBASE, ProQuest, Web of Science, and CINAHL) using
keywords such as suicide, self-harm, risk factors, prevention,
Al, ML, and early detection, covering studies published in
English between January 2014 and September 2025.
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Quality assessment of the included studies was done
using a standardized checklist covering clarity of aims,
methodological rigor, ethical considerations, and align-
ment with research objectives. Studies were scored by
type (quantitative, qualitative, experimental, quasi-ex-
perimental), and low-quality papers were excluded based
on predefined thresholds. The researchers independently
reviewed and analyzed all selected articles, and checked
reference lists for additional articles. Of 751 retrieved ar-
ticles, 25 met the inclusion criteria and were selected for
final analysis (Figure 1).

Results

In this systematic review, 25 studies were analyzed
across diverse populations, including social media users,
inpatient and outpatient cohorts, and national suicide reg-
istry data from multiple countries. A wide variety of data
sources were employed to predict suicidal ideation and
behavior, ranging from social media platforms (Twitter,
Reddit, Facebook) and text messages to electronic health
records, psychiatric notes, and hospital-based suicide reg-
istries. The studies were conducted in countries such as
the United States, Canada, Denmark, Taiwan, Bangla-
desh, Saudi Arabia, and Iran, with dataset sizes ranging
from a few hundred messages or patients to millions of
entries from national databases. Methodologically, studies
applied both classical ML algorithms—such as logistic re-
gression, random forests, decision trees, and XGBoost—
and more advanced deep learning approaches, including
LSTM, BiLSTM, CNN-BiLSTM, and multilayer deep
neural networks. While some studies focused on natural
language processing of textual content, others examined
clinical variables such as age, gender, occupation, hospi-
talization history, and suicide attempt methods. Reported
accuracy rates varied widely, from approximately 65% in
earlier models to over 95% in studies using advanced deep
learning architectures. Their findings consistently identi-
fied risk factors such as psychiatric disorders, depression,
anxiety, prior hospitalization or healthcare visits, specific
methods of suicide (particularly physical methods), mari-
tal status (divorced or widowed), lower educational level,
unemployment, occupational stress, and expressions of
hopelessness or social isolation in online platforms. Most
ML models demonstrated the ability to detect high-risk in-
dividuals in the short term—sometimes up to two weeks
before a suicide attempt. Overall, random forests and deep
neural networks showed the strongest predictive perfor-
mance across both clinical and textual datasets. However,
key challenges remain, including the absence of multi-
modal data (e.g., images, video, audio), limited cross-cul-
tural generalizability, and low sensitivity in some models.
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Figure 1. PRISMA flowchart of the study selection process.
Conclusion

This review study highlighted significant advances in
suicide risk detection and prevention using Al and ML
methods. Across 25 studies, diverse data sources, includ-
ing social media posts, text messages, psychiatric notes,
electronic health records, and national suicide registries,
were analyzed to identify behavioral, clinical, and social
patterns linked to suicide. The reviewed studies applied
both classical ML methods (logistic regression, deci-
sion trees, XGBoost, random forests) and advanced deep
learning models (LSTM, BiLSTM, CNN-BiLSTM, mul-
tilayer neural networks). Natural language processing
proved particularly effective for detecting psychosocial
markers in text. Prediction accuracy ranged from 65% in
early models to over 95% with deep learning, demonstrat-
ing strong potential for real-world clinical applications.
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The identified common risk factors of suicide included
psychiatric disorders, depression, anxiety, prior hospital-
izations, suicide method, marital status, low education,
unemployment, and social isolation. ML models could
detect high-risk individuals before making a suicide at-
tempt, creating opportunities for early intervention. De-
spite promising results, challenges such as limited mul-
timodal data, cross-cultural generalizability, and the need
for interpretable outputs remain.

Overall, Al and ML—especially random forests and
deep neural networks—show strong potential as practi-
cal tools for suicide prevention, supporting clinicians in
decision-making, enabling personalized interventions,
and informing public health strategies.
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17. Specificity
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19. Effect Size
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14. Critical Appraisal Skills Programme (CASP)
15. Credibility
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22. Logistic Regression

23. Random Forest

24. Decision Tree

25.Extreme Gradient Boosting (XGBoost)
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26. Convolutional Neural Network-Bidirectional Long Short-
Term Memory (CNN-BiLSTM)

27.Bidirectional Long Short-Term Memory(BiLSTM)

28. Long Short-Term Memory (LSTM)

29. Deep Neural Networks with Multiple Dense Layers
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