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Abstract

Suicide is a major global public health concern, and the application of artificial intelligence
(AI) methods, such as natural language processing (NLP), machine learning (ML), and deep
learning (DL), has shown promise in advancing suicide prediction and prevention efforts.
Recent advancements in Al — particularly NLP and DL have opened up new avenues of
research in suicide prediction and prevention. While several papers have reviewed specific
detection techniques like NLP or DL, there has been no recent study that acts as a one-stop-
shop, providing a comprehensive overview of all Al-based studies in this field. In this work,
we conduct a systematic literature review to identify relevant studies published between 2019
and 2023, resulting in the inclusion of 156 studies. We provide a comprehensive overview of
the current state of research conducted on Al-driven suicide prevention and prediction,
focusing on different data types and Al techniques employed. We discuss the benefits and
challenges of these approaches and propose future research directions to improve the
practical application of Al in suicide research. Al is highly capable of improving the accuracy
and efficiency of risk assessment, enabling personalized interventions, and enhancing our
understanding of risk and protective factors. Multidisciplinary approaches combining diverse
data sources and Al methods can help identify individuals at risk by analyzing social media
content, patient histories, and data from mobile devices, enabling timely intervention.
However, challenges related to data privacy, algorithmic bias, model interpretability, and
real-world implementation must be addressed to realize the full potential of these
technologies. Future research should focus on integrating prediction and prevention
strategies, harnessing multimodal data, and expanding the scope to include diverse
populations. Collaboration across disciplines and stakeholders is essential to ensure that Al-
driven suicide prevention and prediction efforts are ethical, culturally sensitive, and person-

centered.

Keywords: Artificial intelligence; natural language processing; machine learning; mental

health; suicide prevention; suicide prediction.

1. Introduction

Suicide is one of the most important causes of unnatural deaths and mortality across the globe
[1]. Over 800,000 people die by suicide every year, with many more attempting suicide or
experiencing suicidal thoughts [2]. The devastating impact of suicide on individuals, families,
and societies renders it a significant threat to public health. Hence, there is an urgent need for
effective suicide prediction and prevention strategies [3, 4]. Suicide prevention and prediction
are two interconnected approaches that leverage screening, assessment, and data analytics to
reduce suicide risk [5]. Suicide prevention refers to evidence-based population-level strategies
designed to minimize risk factors and enhance protective factors across groups. Common
prevention initiatives include public awareness campaigns, gatekeeper training, means

restriction, and improving access to mental health services [6]. The goal is to implement broad



evidence-based programs to make suicidal behaviors less likely [7]. On the other hand, suicide
prediction focuses on estimating individual risk to identify high-risk persons for targeted
intervention. Prediction techniques analyze risk factors, warning signs, and data patterns to
generate personalized risk probabilities [8].

Multilevel prevention initiatives and individual prediction techniques are complementary.
While prevention programs work to minimize factors contributing to risk across populations,
prediction models strive to classify suicide risk accurately [9]. Current screening programs
often combine aspects of both prevention and prediction. Emergency department protocols
allow prompt identification and intervention for those presenting with suicidal thoughts or
behaviors (STBs) [10]. Screening through electronic health records (EHR) also helps early
detection and monitoring over time. It is important that these systems are fair and unbiased,
and sensitive to differences in mental healthcare needs [11]. Suicide prediction also relies on
clinical evaluations to understand mental health status, trauma impacts, substance use
disorders, and experiences like bullying that elevate risk. Incorporating biopsychosocial
assessments and emerging data analytics enhances suicide prediction and the ability to
provide timely, patient-centered prevention [12].

Artificial intelligence (AI) techniques, including machine learning (ML) and deep learning
(DL), have shown great potential to enhance suicide prediction and prevention [2, 13]. ML is
a subset of Al that involves algorithms and statistical models that can automatically learn
complex patterns from large datasets. Instead of relying only on human-written rules, ML
algorithms self-optimize by analyzing large amounts of data over time [14]. In simple terms,
DL can be considered a specialized ML method based on artificial neural networks (ANNSs),
which can learn from multiple layers of representations [15]. Another key Al technique
commonly used in suicide research is natural language processing (NLP). NLP enables
computers to process and analyze human language data automatically [16], and allows the
mining of unstructured textual data like clinical notes, online posts and speech transcripts to
extract insights related to suicide risk [17]. For instance, NLP can identify emotional distress
cues, interpersonal concerns, hopelessness and other warning signs in a patient's clinical
history or social media content [18]. These give the possibility to study the context history, to
analyze suicidal thoughts, to know the location and their contacts, and it is possible to build
models  that can offer support and assistance to such individuals
[https://doi.org/10.1007/s10209-023-00991-2].

Al systems hold great promise in suicide research [19]. They can detect subtle data patterns,
relationships, and variable interactions that are difficult for humans to discern. Diverse data
types like clinical records, questionnaires, biological markers, and social media can be
synthesized [20]. There is scalability to large populations while allowing the model to
continuously improve by learning from new data. Predictions can be made more objectively,
without individual biases or limited clinical judgment [21]. Thanks to developments in Al in
recent years, new research perspectives in suicide prevention and prediction have emerged.
Articles analyzing specific suicide detection techniques based on NLP or DL are now present

and widespread in the literature. However, a comprehensive and unified analysis of all Al



techniques is lacking in this field. In this regard, the proposal of our article is to offer a
comprehensive review of all Al techniques aimed at suicide prevention and prediction, with
a focus on the last five years (2019-2023).

2. Material and Methods
In this section, we describe the process adopted to select the different papers for our review

and specify how these considered papers are grouped and analyzed in the rest of the study.

2.1 Related Reviews

In this work, we used different combinations of the words “suicide”, “machine learning”,
“deep learning”, “natural language processing”, “review”, and “survey” to search Science
Direct, PubMed, Web of Science, IEEE Xplore, PsychINFO, and Google Scholar databases and
understand the recent review studies published in this field. This search resulted in a total of
141 unique papers, out of which 32 were systematic review studies published in Q1 journals
and related to our work. Table A. 12 lists these studies while Figure 1: Comparison of the focus
and coverage of our systematic review with five existing literature reviews on the topic of suicide
prevention/prediction. pictorially shows five representative review papers that best summarize
these findings. Arowosegbe et al. [17] specifically examined the use of NLP in detecting and
preventing suicide ideation (SI). Combining structured and unstructured data in NLP models
produces more accurate outcomes than using either type alone. Passive monitoring of
individuals with mental health issues is essential for suicide prevention. The conclusion
highlights that AI and ML offer promising new directions for improving risk prediction and
suicide prevention strategies, with NLP providing potentially cost-effective and efficient
alternatives to current methods. While their study covered SI prediction studies from textual
data, they did not cover other modes of data, such as audio, video, and images. Bernert et al.
[22] examined the use of ML in suicide prevention. They highlight traditional risk factors for
suicide, such as mood disorders, male gender, and unemployment, while also identifying new
variables like sleep patterns and NLP-derived speech data. These emerging factors underscore
the need for further research in suicide prevention. Despite the challenges posed by the rarity
of suicide, Al and ML offer significant potential for enhancing precision in risk prediction and
prevention. The integration of Al, particularly NLP applied to social media, could play a
crucial role in early detection, risk assessment, and treatment development, with important
methodological considerations. This review did not consider DL-based methods. Franco-
Martin et al. [23] examined Al-based suicide preventive interventions in the decade up to early
2017. The authors point to a lack of studies on social networks in this area. They found only
one paper related to ML. Their study focuses on technology-based data like that obtained from
social media, and hence the studies reviewed cover NLP-based techniques in general.
Hopkins et al. [24] reviewed a small number of studies and compared structured and
unstructured data for ML-based prediction of suicidal behaviors. The review found that ML
algorithms achieved accuracy scores equal to or higher than traditional suicide risk

assessments and clinician judgment. Both structured and unstructured data sources yielded



similar accuracy in predicting suicide risk, despite differences in data organization. Given the
global challenge of suicide as a leading cause of preventable death and the limited progress
in risk detection, exploring innovative, technology-based methods is crucial for advancing
clinical practice. They did not include DL studies in their review. Finally, Lejeune et al. [25]
reviewed studies that used Al to predict suicide risk at individual and group levels. While Al
has been successfully implemented in other medical fields and could complement existing
suicide prevention tools, it is not yet ready for clinical use. Its effectiveness in clinical practice
remains unclear. Only limited studies were included in their review. Our current work
proposes to cover ML, DL, and NLP-based methods as well as address dual aspects of suicide
prediction and prevention, thus providing a broader scope than previously published
reviews. This review not only encompasses the insights from these previous studies but also
extends the scope to include the most recent developments (2019-2023) across all AI domains

in suicide research, providing a more comprehensive and up-to-date overview of the field.
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Figure 1: Comparison of the focus and coverage of our systematic review with five existing literature reviews on
the topic of suicide prevention/prediction.

In our systematic review, we aim to provide a comprehensive overview of how Al, ML, DL,
and NLP techniques have been applied to suicide prevention and prediction over the past 5
years. We provide a contemporary overview of the performance of predictive modeling
studies and the effectiveness of Al-based preventive interventions, as well as a discussion of
ethical considerations and translational challenges. We discuss different publicly available
databases for suicide research, present several limitations and challenges faced by this field
today, and list specific future directions to overcome these, specifically focusing on studies

that use multimodal data.



2.2 Literature Search

We performed a systematic search of Science Direct, PubMed, Web of Science, IEEE Xplore,
and PsychINFO databases for Ql-ranked peer-reviewed journal articles on Al-enabled suicide
prediction and/or prevention that had been published in the English language between 2019
and March 2024 using the Boolean search string: (self-harm OR suicide OR suicidal OR self-
destruction) AND (machine learning OR natural language processing OR artificial
intelligence OR deep learning OR neural network OR automated) AND (prevention OR
detection OR identification OR prediction). Articles were searched for the presence of these
keywords in their titles and abstracts. The initial search yielded 1421 records. After excluding
531 duplicates, 92 review papers, 295 conference papers, 6 book chapters, 21 abstracts, and
144 non-Ql-ranked journal articles, 332 studies remained. The latter underwent full-text
review for relevance, and a further 116 non-suicide-related, 33 non-suicide
prediction/prevention-related, and 27 non-ML-related articles were excluded, leaving 156

articles for inclusion in the analysis (Figure 2: Study search strategy by PRISMA guidelines.).

,5 SciDirect (174); PubMed (314);

§ Web of Science (397);

= IEEE (362); PsychINFO (174);

] Total: 1421

=
Duplicated titles = 531
(Removed)

[ Unique titles: 890

Review Papers: 92
Conference papers: 295

oD Book Chapters: 6

E Only Abstract: 21

Y Q2-ranked Journals: 110

3] Q3-ranked Journals: 26

8 Q4-ranked Journals: 8

I Total: 558
No. of studies for
eligibility assessment: 332

Not suicide-related: 116
Not detection/prevention: 33
Not ML-related: 27
Total: 176

No. of studies to be included
in the review study: 156

Figure 2: Study search strategy by PRISMA guidelines.

2.3 Applications



The 156 studies considered for review were first grouped based on their primary objective:
suicide risk prediction or suicide prevention. Although both categories focus on suicide, there
are important differences in their scope and target populations. Suicide prediction refers to
estimating an individual's risk of suicide attempt or death in the future. In contrast, suicide
prevention involves strategies, interventions and programs aimed at reducing suicide risk and
suicidal behaviors. While papers in the suicide prediction category primarily work on
predicting the chances of any given individual committing suicide, the papers in the suicide
prevention category deal largely with predicting SI in more vulnerable, high-risk individuals,
and these studies also discuss strategies to prevent cases of suicide. Furthermore, we
identified the most common data sources used in the reviewed studies and categorized them
into 5 types:

1. Clinical Data (Table A. 1, Table A. 6) - Includes EHR, hospital data, medical records,
clinical notes and assessments, physiological data such as EEG/MRI/fMRI, and
biomarkers and genetic data.

2. Behavioral and Psychosocial Data (Table A. 2, Table A. 7) - Contains questionnaires,
surveys, interviews, self-reports collecting direct inputs, and counseling and consultation
notes.

3. Digital and Technology Data (Table A. 3, Table A. 8) - Comprises social media posts,
chats, messages, wearable sensors, digital footprints, and audio/phone calls.

4. Administrative and Public Data (Table A. 4, Table A. 9) - Includes government and public
records.

5. Multimodal Data (Table A. 5, Table A. 10)- Refers to combinations of the above data types.
Figure 3 shows these five categories along with some examples of each data type. Finally, we
also categorized the works by geographic area and classification technique employed (NLP,
ML, or DL). These interrelated methods have different strengths and limitations for suicide
research, from detecting signals in unstructured text to multivariate pattern recognition. while

Section 4 reports key insights and statistics on suicide research using Al techniques.



Clinical data (n=37)

EHR, hospital data, medical record
Clinical notes and assessments
EEG, MRI, fMRI

Biomarkers, genetic data

Multimodal data (n=38) Behavioral and Psychosocial Data (n=21)

Data from multiple modalities or
source, such as text, images,
audio, sensor data.

Questionnaires, surveys, interviews
Counseling and consultation notes

Digital and Technology Data (n=44)
Administrative and Public Data (n=16) Sicial media posts chga );s messages

Government records Wearable sensors, digital footprints
Public records Audio and phone calls

Figure 3: Categories of data sources used in studies on Al techniques for suicide prevention and prediction.

3. Results and Discussion

In this section, we present the important results of the reviewed studies. First, we perform a
statistical analysis to understand different trends in this domain. Following that, we discuss
in-depth all reviewed articles published on suicide prevention and prediction categories and
the type of data used in the studies. Finally, we discuss the publicly available datasets for

suicide research.

3.1 Statistical analysis of the reviewed studies

Figure 4: Reviewed papers categorized by task (suicide prediction/prevention), divided by publication
year. presents a bar plot showing the trend in the number of studies focusing on suicide
prediction and prevention from 2019 to 2024. The graph reveals a rapid increase in research
on this topic from 2020 onwards. This is likely influenced by the COVID-19 pandemic and
associated lockdowns. Across all years, the number of studies on prediction is consistently
higher than those on prevention. This suggests that researchers may find prediction a more
targeted and well-defined task, while prevention efforts can be more diffuse and multifaceted,
spanning diverse populations and strategies.
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Figure 4: Reviewed papers categorized by task (suicide prediction/prevention), divided by publication year.

Figure 5: Distribution of data types used in studies of suicide prevention and prediction. provides a
high-level categorization of the data types used in the reviewed studies. Most studies
leveraged digital and technology data (n=44), such as social media posts and online content,
followed by multimodal data (n=38), highlighting the potential of integrating diverse data
streams for a more comprehensive understanding of suicide risk factors. Digital and
technology data includes any data from sources like social media sites, messages, phone calls,
videos, wearables, body sensors, etc. Notably, a significant proportion of studies employed
clinical data (n=37) from sources like EHRs and medical notes. Data from medical imaging
techniques like EEG and MRI, along with data involving biomarkers and genetic information,
fall in this category. Behavioral and psychosocial data (n=21) from sources such as surveys,
interviews and questionnaires, as well as administrative and public records data (n=16), were
also utilized to a lesser extent. With online platforms and social media acting as a rich source
of almost real-time data on individuals' thoughts, emotions, and behaviors, this breakdown
highlights the growing role of digital data in suicide research. The prevalence of social media
data points to its potential for early warning signs and real-time monitoring but also raises
important considerations around data quality, representativeness, and ethics. Clinical data
remains indispensable for getting insights into professional mental health expertise.
Questionnaires, interviews, and clinical assessments remain gold standards that provide
essential diagnostic and phenomenological context. Emerging data types like medical
imaging, digital phenotyping, and omics data hold promise for novel biological and
behavioral insights but are still in the early stages. The increasing use of multimodal data is
promising, as combining digital footprints with clinical, behavioral, and socio-environmental

factors may give a more holistic picture of suicide risk.
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Figure 5: Distribution of data types used in studies of suicide prevention and prediction.

Several papers focused on data retrieved from a specific country. The reviewed articles were
categorized by the countries in which the studies were conducted, which was identified based
on where the data was obtained from. Figure 6: Continent-wise geographical distribution of the
reviewed studies.illustrates the geographical distribution of the reviewed studies based on the
continent, while Figure 7: Country-wise geographical distribution of the reviewed studies.
highlights the countries where suicide-related research has taken place the most. The study
and analysis of suicide prevention and prediction strategies find most space in Asia and North
America. These are the most represented continents, accounting for over 75% of the reviewed
studies. The overwhelming part of the contribution to North America, the most represented
continent, is provided by the United States. As for Asia, the largest contribution is made by
China, followed by Korea and Taiwan. In Europe, the Nordic countries, including the United
Kingdom, Denmark, Netherlands, and Norway, have the largest number of studies. Oceania
contributes to 9% of the reviewed research. This indicates the importance given to mental
health, effective steps taken by the governments, and high-level infrastructure provided for
suicide research in these countries, along with growing awareness and openness, encouraging
proactive interventions. At the same time, this is also a reflection of high suicide rates in these
countries, while different countries from the African continent lack representation, despite
high levels of suicide [26].

16% Europe
42% Asia
33% Oceania
North America

9%

Figure 6: Continent-wise geographical distribution of the reviewed studies.
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United States 50
China 22
Australia 11
Korea 6
Spain 5
Taiwan 5
Denmark 3
Netherlands 3
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Norway 2
Canada
Germany
Hong Kong
India
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Japan
Malaysia
Slovenia
Switzerland
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Figure 7: Country-wise geographical distribution of the reviewed studies.

Figure 8: Distribution of the studies based on age group. and Error! Reference source not found.offer
valuable insights into the populations most affected by suicide risk, as studied in the reviewed
literature. The data reveals that adults, young people, and adolescents are the age groups most
frequently investigated. This aligns with epidemiological data showing that suicide is a
leading cause of death among young and middle-aged individuals globally. The figure also
highlights key risk factors and subpopulations studied, including people with psychiatric
disorders, military personnel and veterans, and individuals impacted by the COVID-19
pandemic. The high representation of psychiatric populations underscores the well-
established link between mental health conditions and suicide risk. Military and veteran
populations also emerge as a key focus, likely due to the unique stressors, traumas, and access
to lethal means associated with these groups. The presence of COVID-19 as a notable factor
reflects the profound mental health toll of the pandemic, which disrupted social connections,
livelihoods, and support systems. These findings emphasize the need for targeted, culturally
sensitive interventions that address the unique risk factors and needs of these diverse
subpopulations. Al-driven prediction and prevention efforts should strive to be inclusive and
equitable, accounting for the intersectionality of risk factors. Once again, it is to be noted that
the counts in Figure 8: Distribution of the studies based on age group. and Error! Reference source not
found.do not add up to 156 (the number of papers reviewed in this study) because several
papers do not target any such group of the population.
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Figure 9: Distribution of studies based on primary focus.

3.2 Suicide prevention
This section provides an exhaustive description of the reviewed works on suicide prevention

strategies categorized by the type of data used.

3.2.1 Clinical data

This section summarizes recent works applying ML, DL, and NLP to analyze clinical data for
insights related to STBs. These works utilize techniques like ANNs, Support Vector Machine
(SVM), Random Forest (RF), etc., to extract meaningful patterns from EHR, emergency
department notes, and other clinical text. Table A. 1 summarizes the works reported in this
section. For instance, McManus et al. [27] came up with the implementation of a national
clinical text processing infrastructure within the Department of Veterans Affairs. They
recorded the various operational challenges and solutions in integrating text processing for
suicide and overdose prevention at a large scale. Similarly, Robinson et al. [7] developed a
state-based self-harm monitoring system in Australia. Using ML-based techniques, they were
able to identify episodes of self-harm from emergency department records successfully.
Despite such studies, it is commonly observed that relying solely on diagnostic codes is not a
good practice because they often tend to underreport SI [16, 28]. Hence, they focused on
deploying NLP techniques to extract actionable insights from unstructured clinical notes.
Using such state-of-the-art NLP techniques allowed them to identify hidden patterns
indicative of suicide risk. One key similarity across the studies is the utilization of large

13



datasets, such as EHRSs, to refine predictive accuracy for suicide risks. For example, Zhu et al.
[16] and Goldman-Mellor et al. [28] applied different ML methods to analyze patterns
associated with suicidal behaviors. In their works, models like SVM and RF performed
exceedingly well in identifying individuals at risk from textual data in EHRs. They reached
an F1-score of up to 0.9889. In a similar study, Bejan et al. [29] also highlighted the effectiveness
of NLP in processing large-scale EHRs. Measuring the performance using the area under the
receiver operating characteristic curve (AUROC) score, they achieved a score of 98.6 for SI and
97.3 for suicide attempts. These findings suggest that combining NLP with diagnostic codes
enhances the identification of suicidal behaviors, enabling more timely and accurate
interventions.

Apart from being able to utilize patterns and features that are not obvious to the human eye,
Al-based models have also gained popularity for being portable and scalable. Being able to
perform well across different clinical settings for a wide range of patient cohorts is very
important. NLP methods developed independently at different institutions have the ability to
detect suicidality across diverse healthcare systems, though performance may vary slightly
[32]. Similar to NLP-based methods, ML-based studies have also been able to identify
predictors of suicide attempts in different settings. Edgcomb et al. [31] achieved an AUROC
of 0.84, predicting SI among women with serious mental illness in both single and multi-
institutional datasets.

Such studies collectively highlight the significant potential of AI in enhancing suicide
prevention efforts [32, 33, 34]. They illustrate a shift towards data-driven, real-time monitoring
systems that can dynamically inform public health responses. However, challenges remain in
quantitatively measuring and comparing Al’s impact on suicide prevention across different

health systems.

3.2.2 Behavioral and Psychosocial Data

Recent studies have utilized Al and ML to enhance suicide prevention strategies using
behavioral and psychological data. Behavioral and psychological data refers to information
gathered about individual’s actions, habits, mental processes, and emotional states from
sources such as questionnaires, surveys, interviews, self-reports, and counseling notes.
Motivated to explore the potential of Al in early intervention, Kearns et al. [35] developed a
risk calculator for U.S. Army soldiers, achieving an AUROC of 0.85. Haghish et al. [36] also
achieved an area under curve (AUC) score of over 0.85. However, their important contribution
was the study of the significance of false positives in suicide prediction, suggesting that these
individuals may represent a genuine at-risk population. Meanwhile, Prelog et al. [37] explored
anovel approach using COVID-19-related data to assess SI. With Biernesser et al. [38] working
towards SI in adolescents, these studies highlight the two-fold capability of Al First, they're
adaptable to various data sources and contexts. Second, the importance of considering false
positives not as mere statistical errors but as potentially at-risk individuals enhances the
effectiveness of suicide prevention programs. Table A. 2 summarizes the works reported in
this section.
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3.2.3 Digital and Technology Data

Several papers [39, 40, 41, 42] use ML to predict and mitigate suicide risk through social media
and other digital platforms (Table A. 3). When digital and technology data involves posts,
comments, and chats from various social media platforms, NLP and linguistic feature
extraction come into the picture. Linguistic markers like first-person pronouns and negations
often have significant associations with suicide risk [43]. Similarly, tweets related to suicide
prevention often correlate positively with help-seeking behavior, while they correlate
negatively with suicide rates [44]. Tweets about suicide cases tend to have the opposite effect.
Caicedo et al. [45] systematically analyzed various classifiers on a bilingual corpus from social
networks, achieving the highest performance with the KStar algorithm (AUROC 0.81036, F-
measure (0.7148). Using diverse social media platforms, they highlighted the advantages of
multilingual corpora and systematic classifier evaluations. Their work highlights the
importance of corpus quality and demonstrates the feasibility of automatic detection of SI
across various digital environments. Meanwhile, Bello et al. [46] focused on classifying
suicide-related news articles using convolutional neural networks (CNNs). This suggests that
apart from social media platforms like Twitter and Reddit, there is a high impact of media
coverage on public perception and the thematic consistency of suicide news.

Research on suicide prediction using NLP in digital data (Table A. 3) presents diverse
methodologies and findings. Yang et al. [47] implemented a knowledge graph-based Al
system to monitor and intervene with high-risk users on Weibo. By analyzing patterns in user
comments and providing timely interventions, they prevented 3,629 potential suicides. For
effective intervention and prevention, it is crucial to identify suicide risk at an early stage.
Distant supervision and DL methods have proven effective in building early warning systems
[48]. For example, BERT-based models have been effective in analyzing tweets to validate the
alignment of social media-identified suicide risks with actual suicide statistics [48]. This
supports the utility of social media as a tool for public surveillance and intervention.
Levkovich et al. [49] compared the performance of ChatGPT-3.5 and ChatGPT-4 in assessing
suicide risk. Unsurprisingly, ChatGPT-4 closely matched professional evaluations in severe
cases, while ChatGPT-3.5 tended to underestimate risks. Deas et al. [50] studied anti-mattering
in online suicide support communities, using NLP to analyze posts from the r/SuicideWatch
subreddit. They concluded that ST had a significant correlation with feelings of insignificance.
Salmi et al. [51] investigated changes in help-seeker conversations on a Dutch suicide
prevention helpline during COVID-19. Like [48], they also used BERT for topic modeling and
found significant shifts in conversation topics post-lockdown. Such a temporal analysis
emphasizes the need for real-time data for timely interventions. The integration of NLP in
such studies highlights the potential of Al to enhance traditional suicide prevention methods
by providing real-time, scalable, and accurate risk assessments [52, 53, 54, 55, 56]. However,
the studies also emphasize the need for ongoing refinement and validation of these models to

address cultural and linguistic nuances and to ensure their reliability across different contexts.
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3.2.4 Administrative and Public Data

Table A. 4 presents six suicide prevention studies using administrative and public data along
with ML and NLP techniques across diverse contexts and populations. These papers
emphasize the use of large-scale databases like the National Violent Death Reporting System
(NVDRS) to train models better to predict intricate community characteristics like intimate
partner violence (IPV).

Haroz et al. [57] specifically targeted Native American communities, developing a model that
achieved an AUC of 0.87, significantly enhancing the prediction accuracy for suicide risks
within this group. Turner et al. [58] described the implementation of the Zero Suicide
Framework within a mental health service in Australia, including steps taken and outcomes.
On the other hand, Wang et al. [59] focused on a broader demographic. They created a case-
control study to predict the overall population risk of suicide using administrative data. In
such settings, targeted prevention strategies are the need of the hour [60, 61]. 7.1% of suicides
were [PV-related [60]. NLP tools have achieved high performance (specificity and precision
of 0.98 and 0.72, respectively) in identifying IPV circumstances in suicide cases [61].

Among the studies, Haroz et al. [57] reported very good results presenting a targeted
approach within a high-risk community. This illustrates the effectiveness of tailored
predictive models considering unique demographic and community factors. This also
addresses the ongoing need to refine and adapt suicide prevention models to enhance their
applicability in predicting broader social and community indicators.

3.2.5 Multimodal Studies

Recent studies have used multimodal data sources, such as mobile devices, wearables, EHRs,
clinical notes, and social media. These approaches aim to identify at-risk individuals and
deliver interventions by detecting patterns from an amalgamation of data, such as an
individual’s behavior, emotions, and environment. Table A. 5 summarize the works reported
in this section.

Kessler et al. [62] improved post-discharge suicide prediction among psychiatric inpatients by
using EHR, clinical notes, and social determinants of health (SDoH). Their NLP-based model
achieved AUROC scores between 0.747-0.780. Similarly, Heckler et al. [63] utilized sensor
data, electronic medical assessments, and social media to develop a perming Sl-prediction
model over 3, 5, and 7-day periods.

Multimodal data has been extremely useful in preventing suicide among young adults and
adolescents [64, 65, 66]. Mouchabac et al. [64] developed a Bayesian network-based
smartphone application for adolescents to prevent suicide relapses, demonstrating a notable
improvement in crisis management through personalized, algorithm-driven advice. Liu et al.
[65] implemented the Proactive Suicide Prevention Online approach using ML to identify
high-risk individuals on social media, achieving high-performance metrics (precision: 0.86,
recall: 0.78, F-measure: 0.86, accuracy: 0.88). Finally, Balbuena et al. [66] also used ML models
to analyze both the general population and clinical samples, highlighting the complexity and
limitations in predicting imminent suicide risk. While Mouchabac et al. [64] focused on
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preclinical interventions and Liu et al. [65] on real-time identification and management
through social media, Balbuena et al. [66] provided a broader analysis of risk factors in large
datasets by highlighting the challenges of low predictive value despite extensive data.

SVM and logistic regression (LR) were often used in multimodal data. Real-time monitoring
of at-risk individuals is important for personalized interventions. Berrouiguet et al. [67] used
continuous data from smartphone sensors and ecological momentary assessment to predict
suicide risk. Similarly, Sels et al. [68] combined self-report data and passive mobile sensing to
monitor and predict SI, achieving accurate predictions using SVM. Kyron et al. [69] focused
on using big data techniques to analyze media coverage of suicide during the COVID-19
pandemic. Increased media attention on COVID-19 and suicide-related topics seemed to have
a significant correlation. They achieved high precision and recall scores in classifying news
articles, highlighting the potential of Alin understanding and mitigating the impacts of media
on public health. Finally, Bello et al. [70] explored the causal relationships between COVID-
19 media coverage and suicide rates using SVM. Achieving an F1 score of 0.73, they found
that SVM is highly capable of analyzing large datasets (from news articles and social media
posts), and performing efficient multi-class classification.

These studies highlight the efficacy of SVM and LR in suicide prevention using multimodal
data. They also emphasize integrating multimodal data, such as passive sensor data, self-

reports, and media content, to enhance predictive accuracy for timely interventions [71].

3.3 Suicide prediction
This section provides an exhaustive description of the reviewed works on suicide prediction
strategies categorized by the type of data used.

3.3.1 Clinical data

Traditionally, ML-based models have performed exceedingly well on structured data. Clinical
data is one example [72, 73, 74, 75, 76, 77, 78]. Methods like RF and SVM have been applied to
EHRs, doctors” notes, medical checkup data, and other measurements to identify crucial
patterns for SI [79].

Table A. 6 summarizes the works reported in this section. Like how administrative and public
data gave us insights into IPV (section 3.1.4), clinical data helps us identify factors like alcohol
consumption, healthcare uptake, and depression severity for SI prediction [80, 81, 82, 83]. RF
was the most commonly used ML model to predict SI from clinical data. Mens et al. [80]
applied RF to general practice data, achieving an AUC of 0.82 and a sensitivity of 0.39. They
noted that many patients had an increase in healthcare uptake right before suicide attempts.
Rozova et al. [81] also used RF on emergency department triage notes, showing strong
performance with an AUC of 0.87. Nordin et al. [82] went one step further in building an
ensemble model. They combined RF with Gradient Boosting (GB) for explainability and
achieved an accuracy of 0.84. Like [80], they found that past suicide attempts and the severity
of depression were key predictors of SI. Jiang et al. [83] compared RF with Lasso regression,
finding that RF performed well in predicting suicide attempts among depressed patients. In
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their study, poisoning and psychiatric disorders were identified as significant predictors. Cho
et al. [84] focused on using RF for suicide prediction in a general population cohort. They
identified physical activity and alcohol consumption as important variables.

Apart from RF, SVM was the most commonly used technique. For example, Hong et al. [3]
used SVM to differentiate between suicide attempters and patients with SI but without
attempts among adolescents with MDD, achieving a balanced accuracy of 78.59%. Similarly,
Zhu et al. [85] used SVM to classify bipolar disorder patients with and without a history of
suicide attempts. They achieved a slightly higher accuracy of 84% for their task using features
from resting-state functional connectivity. Bajaj et al. [86] applied SVM on MRI data of
adolescents to distinguish those at suicide risk from typically developing peers with an AUC
of 87.18%. Finally, Xu et al. [87] used SVM to analyze dynamic functional network
connectivity features to stratifty MDD patients with diverse suicide risk levels. They were able
to distinguish between suicide attempters and people with ideation 80% of the time.

Several studies [11, 88] used NLP on clinical data to predict SI in adolescents and to identify
past suicide attempts. However, the performance of NLP is not restricted to the task of
identifying past suicide attempts. Cusick et al. [89] employed a weakly supervised DL
approach to detect current SI from clinical notes and achieved an accuracy of 94% in
identifying at-risk patients. Similarly, NLP helped Levis et al. [90] to predict SI successfully
from unstructured EHR data.

Yet another advantage of using NLP-based metrics on clinical data is domain-specific
vocabularies. Compared to structured data, these features provide more information and help
predict SI better [91]. They are also very efficient in identifying SI from clinical notes in large
healthcare systems [92].

Although less common as compared to NLP, transfer learning and DL have also been used on
clinical data. Chen et al. [93] used CNNs and DenseNet on MRI data to distinguish depressive
patients with SI from healthy controls. The DenseNet model achieved an accuracy of 93.7% in
identifying suicide attempters using isotropic value data, outperforming the simpler CNN
models. Xu et al. [2] incorporated a comorbidity network called Dx2Vec to predict self-harm
within 12 months post-discharge among 2,323 patients. This model outperformed traditional
approaches with significant improvements in recall for positive cases. These studies highlight
the potential of NLP and DL to enhance early intervention and suicide prevention efforts.

3.3.2 Behavioral and Psychosocial Data

The application of ML and data mining techniques to behavioral and psychosocial data shows
promise for identifying individuals at risk of suicide (Table A. 7). Behavioral and
psychological data include surveys, clinical notes, social media posts, and crisis counseling
messages. Studies here have utilized supervised learning algorithms like decision trees (DT),
LR, SVM, and different NLP and ensemble techniques. For example, Li et al. [94] and
Broadbent et al. [95] highlight the integration of RF and NLP to analyze clinical interviews
and crisis counseling data to distinguish SI from depression. Bantilan et al. [96] also use NLP

and therapist interventions to develop a suicide alert system for telemedicine. Finally, Morales-
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Rodriguez et al. [97] apply weak supervision-based labeling to enhance emotion classification
in suicide notes.

Across the studies, RF was consistently used alongside other ML algorithms. One of the best
examples is Lin et al. [98], who achieved over 98% accuracy in predicting SI based on
psychological stress domains using RF. Similarly, Jung et al. [98] found RF to be highly
accurate (77.8%), although slightly less than extreme gradient boosting (XGB) and SVM.
Additionally, RF was seen to perform well in settings with imbalanced data [100] and was
also superior to traditional LR models in predicting suicide-related outcomes [101]. Finally,
Zuromski et al. [102] and Mahmud et al [103] also established the robust predictive power of
RF by evaluating it on metrics like ROC, balanced sensitivity, and specificity. These studies
showcase the promise of RF models in accurately predicting suicidal behavior, particularly
when combined with techniques to handle class imbalance and optimize feature selection.

3.3.3 Digital and Technology Data

Several studies have leveraged ML [104, 105, 106], DL [107, 108, 109, 110], and NLP [111, 112,
113, 114] models to analyze patterns in social media posts, EHRs, and other digital text data
to identify signs of suicide risk and provide timely interventions. Table A. 8 summarizes the
works reported in this section.

Schoene et al. [115] investigated the use of hierarchical multiscale RNNs for detecting suicide
notes from other social media texts. Yao et al. [116] focused on detecting suicidality among
opioid users on Reddit through an ML-based approach, highlighting the integration of NLP
techniques with social media data. Ragheb et al. [117] introduced a novel ensemble
architecture called Negatively Correlated Noisy Learners for identifying at-risk users on social
networks, addressing issues like depression, anorexia, self-harm, and suicide with enhanced
classification accuracy. Talaat et al. [118] explored the use of social media for personality and
emotion recognition through ML, which indirectly aids in identifying potential suicidal
tendencies. Across these studies, the emphasis on text analysis and the application of
advanced algorithms like RNNs and ensemble methods are to be noted. The best results were
observed in Ragheb et al.'s study [117], where their ensemble model demonstrated superior
accuracy and robustness in detecting at-risk users, showcasing the potential of ensemble
techniques in mental health monitoring.

Shen et al. [5] developed an RF model to predict suicide attempts among Chinese medical
students. The model achieved an AUC of 0.9255 and an accuracy of 90.1%, highlighting its
robustness in a high-risk population. Rabani et al. [119] proposed an enhanced feature
engineering approach for suicidal risk identification using data from Twitter and Reddit. Once
again, their Extreme Gradient-Boosting ensemble model achieved the highest accuracy,
significantly outperforming classical feature extraction methods. Lastly, Ramirez-Cifuentes et
al. [120] performed a comparative study of different DL techniques such as LSTM and CNN,
to detect depressive states in social media posts, emphasizing the effectiveness of word

embeddings in enhancing prediction accuracy.
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When dealing with social media, Twitter has been a widely sought-after choice for collecting
data. Baghdadi et al. [121] focused on detecting suicidal tendencies in Arabic tweets, achieving
an impressive weighted sum metric of 95.26% using BERT models. Schoene et al. [122] also
worked on Twitter but introduced a dataset called TWISCO and used graph convolutional
networks to classify suicide-related content on Twitter. Their work stands out because of its
ability to distinguish actual suicidal intent from sarcastic, humorous mentions. Buddhitha et
al. [123] explored multi-task learning to detect SI and mental disorders. Their analysis of data
collected from Twitter highlights the impact of post-traumatic stress disorder (PTSD) on
predictability. Additionally, their multi-task learning model demonstrated enhanced cross-
platform performance with an AUC of 0.96 when data was combined from both PTSD and
depression-diagnosed users.

DL-based methods have also been very successful in this field. Renjith et al. [124] employed a
combination of LSTMs and CNNs with the attention mechanism to detect SI from social media
posts. Their model achieved an accuracy of 90.3% and an F1l-score of 92.6%, demonstrating
significant improvements over other baselines. Adarsh et al. [125] proposed an ensemble
model incorporating semantic network analysis and clustering algorithms to identify early
warning signs of suicidal thoughts. They achieved excellent results post-label correction and
bias removal. Lastly, Zhang et al. (2021) [15] developed a transformer-based model called
TransformerRNN that outperformed traditional ML and other DL models by effectively
capturing both local and global semantic features. TransformerRNN achieved a precision,
recall, and F1-score of 95.0%, 94.9%, and 94.9%, respectively.

3.3.4 Administrative and Public Data

Recent studies [126, 127, 128] have used administrative and public data to develop ML and
NLP models for suicide risk prediction and analysis. Because of their large scale,
administrative and public data provide great insights at the population level. Initial studies
have shown promise in predicting the risk of SI using features extracted from such healthcare,
government, and survey data. Table A. 9 summarize the works reported in this section.

Lin et al. [129] employed DTs, SVMs, and ANNs on psychiatric patient data from Taiwan.
Compared to individual models, they found that an ensemble of Adaboost and DT achieved
the highest prediction accuracy (97.1%). Kwon et al. [130] worked on similar lines, developing
a model using XGB on Korean adolescent data. Achieving an AUROC of 86.5%, depression
and stress levels were the key Sl-predicting features. Horvath et al. [131] focused on prison
populations, comparing various ML models and found gradient tree boosting most effective
with an AUC of 0.875.

Four papers [10, 132, 133, 134] used NLP-based approaches for suicide prediction. Rahman et
al. [132] employed NLP to enhance the classification of undetermined intent deaths. To
improve SI prediction, they found that considering racial differences in narrative texts is very
important. Combining structured and text-based data, they achieved an AUC of 0.987. Wang
et al. [133] developed a transformer-based classifier to distinguish between SDoH related to
suicide crises and narratives of death investigations. They achieved AUC scores of over 0.94
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for both circumstances and crises. Shin et al. [134] and Kim et al. [10] focused on predicting SI
in Korean adolescents using various algorithms. They used CNN and BERT-based models to
achieve an accuracy of over 90%. The hierarchical attention network by Kim et al. [10] on
emergency department data to predict self-harm diagnoses achieved great results. These
studies demonstrated significant predictive capabilities of ensemble and NLP-based
approaches, each tailored to specific data and populations. They also highlight the importance
of combining structured and unstructured data for better prediction.

3.3.5 Multimodal Studies

Multimodal approaches integrating various data types have shown promise in predicting
suicidal thoughts. They combine data from sources like clinical assessments and biomarkers
[135, 136, 137, 138], mobile sensors [139], and social media inputs [140, 141, 142, 143] with rule-
based approaches [144], ML [145, 146, 147, 148], and DL [149, 150] methods to provide a
comprehensive view of risk and protective factors. Since they operate at different levels over
time, they allow the capturing of a fuller picture of risk and protective factors. In this section,
we discuss and summarize some of the best works published using multimodal data while
Table A. 10 further enlists all the works considered here.

Rozek et al. [151] utilized the MondoBrain Al platform to predict suicide attempts among
military personnel. They found that worst-point SI, history of multiple suicide attempts, and
gender (male) were key predictors of suicide. They also found that LR was not the most
effective algorithm in multimodal settings. Miranda et al. [152] employed the
DeepBiomarker2 model on electronic medical records of PTSD/alcohol disorder patients to
predict adverse events like suicide. Moving ahead of [151], their work suggests that DL
methods perform exceedingly well in multimodal and clinical settings. Cai et al. [153]
developed a depression detection model using social media data, leveraging linguistic and
behavioral features to enhance predictive accuracy. Their model achieved the highest
performance with an Fl-score of 0.9202, demonstrating the efficacy of multimodal feature
fusion in mental health surveillance. Finally, Hao et al. [154] took a rather unconventional
approach using ML to identify suicide attempters among patients with severe depression.
They analyzed functional connectivity between the insula and amygdala and achieved a
significant differentiation accuracy of 85%.

Cao et al. [13] developed a personal suicide-oriented knowledge graph for detecting SI on
social media by identifying key risk factors from users' posts, personality traits, and
experiences. Supporting the claim from [151] about the ability of DL-based models on
multimodal data, they achieved a classification accuracy of over 93% using a two-layered
attention mechanism. Wilimitis et al. [155] demonstrated that combining face-to-face
screening HER data improved suicide risk prediction. With an AUROC of 0.879 for SI, such a
combination outperformed standalone models.

Kim et al. [156] evaluated the use of RF and K-Nearest Neighbors (KNNs) for predicting SI
and attempts in college students, achieving accuracy of 92.9% and 95% with the two models,
respectively. Their study highlighted the robustness of the Minnesota Multiphasic Personality
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Inventory-2 combined with ML for reliable suicide risk prediction. Li et al. [157] proposed a
Text-CNN with a multi-feature and label association model for detecting SI from Chinese
social media posts. They used text data, posting time, and social interaction features,
outperforming previous models in terms of accuracy. Lastly, Ghanadian et al. [158] focused
on synthetic data generation to enhance SI detection. They used large language models to
generate socially aware synthetic data that can be used to train more effective ML models.
Using synthetic data would help researchers overcome privacy concerns and data scarcity

issues.

3.4 The significance of Al techniques and multimodal data

Error! Reference source not found.describes the number of papers that use different Al-based
approaches for studying suicide prediction and prevention. A sudden rise in interest in this
tield can be noted from 2020 onwards — resulting from both the gaining popularity of Al and
the influence of the COVID-19 pandemic and lockdowns, which had significant mental health
impacts worldwide [159]. The result of lockdowns also spiked an increase in the use of social
media platforms during this period. The breakdown in Figure 5: Distribution of data types used
in studies of suicide prevention and prediction. highlights the growing role of digital data in
suicide research, as online platforms provide a rich source of real-time data on individuals'
thoughts, emotions, and behaviors [160].

Error! Reference source not found.describes the grouping of papers based on their use of ML
(n=107), DL (n=20), and NLP-based (n=29) techniques for the classification task. Clearly, ML-
based models are more prevalent than NLP and DL-based techniques. This could be because,
compared to DL and NLP-based approaches, ML techniques are well-suited for handling
structured data and offer more interpretability. Many studies using ML focus on identifying
the most important predictors of suicide risk using various feature selection techniques. This
interpretability is crucial and valuable for informing clinical decision-making and
intervention design. Among ML-based models, RF and SVM have been the most sought-after
techniques, accounting for over 40% of the ML-based studies. While RF reduces overfitting
and improves performance by averaging multiple decision trees, SVM excels by maximizing
the margin between classes, offering robustness, especially in high-dimensional spaces
[161]. Among ML-based models, LR has also been popular among researchers,
accounting for over 20% of the studies, primarily because of its simplicity and
interpretability in binary classification problems. In contrast, DL and NLP techniques are
more commonly employed with unstructured data like images, signals, and textual data from
social media sites. Their ability to learn complex, hierarchical representations is powerful but
comes with challenges in interpretability and transparency. NLP-based methods are used on
textual data, primarily on social media posts and messages. BERT and LSTMs are among the
most common techniques being used to encode, understand, and decode this data. Over the
last couple of years, the use of large language models (LLMs) has slowly started gaining
popularity with models like ChatGPT performing well in several real-world tasks, primarily
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because of its large model size and huge training data. Among the classical DL models,
transformer-based models that use the attention mechanism account for many studies (14%).
But even today, most DL-based models are built using CNNs because of their ability to
capture spatial hierarchies and features in images automatically. These CNN architectures
account for over 30% of the DL-based studies. Table A. 11 presents a complete list of studies

utilizing each of these commonly used Al-based techniques.
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Figure 10: Papers utilizing ML, DL, and NLP techniques for suicide research.

Figure 11: Distribution of Al techniques used for suicide prediction and prevention tasks. delves into
the specific Al techniques employed across the reviewed studies, broken down by prediction
and prevention focus. With 42 studies utilizing the model, RF emerges as the most widely
used technique for suicide prediction, followed by LR (26 studies) and SVM (24 studies). This
popularity of RF could be due to its ability to capture complex interactions, handle high-
dimensional data, and provide feature importance measures [162]. LR and SVM are well-
established techniques for binary classification tasks like suicide risk prediction. In the context
of suicide prevention, similar trends are observed, with RF, LR, and SVM being the most
common ML techniques. This suggests that these methods are versatile and effective for
prediction and prevention tasks. Among DL-based techniques, CNNs (16 studies) and LSTM
networks (6 studies) are the most frequently used. CNNs are particularly adept at processing
grid-like data such as images and matrices, while LSTMs are designed for sequential data like
time series and text. It is to be noted that any ML-based paper, for example, could use both
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RF and SVM techniques and perform a comparative study. This implies that while the
numbers in _ would add up to 156 (the number of papers
considered for review); the numbers in Figure 11: Distribution of Al techniques used for suicide
prediction and prevention tasks. would exceed 156.

Finally, the use of multimodal information that incorporates numerous data sources,
including clinical documentation, social media, and biometric information, gives a more
holistic understanding of a person's suicide risk. These approaches leverage the strengths of
different data modalities and Al techniques to capture complex patterns and interactions that
may not be apparent when analyzing a single data source [163]. However, multimodal fusion
also presents challenges, such as data heterogeneity, temporal alignment, and the need for
advanced Al techniques to effectively combine and analyze diverse data types [164].
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Figure 11: Distribution of Al techniques used for suicide prediction and prevention tasks.

3.5 Analysis of the best models obtained in each data modality

Our analysis in Sections 3.2 and 3.3 observed that RF and SVM were the most commonly used
algorithms for predicting SI from clinical data. RF also performed exceedingly well in dealing
with behavioral or psychological data. To assess digital and technology data or administrative
and public data that are primarily textual, NLP-based methods like BERT and transformers
proved to be the best. Finally, DL-based models and ensemble classifiers outperformed other
models on multimodal data. To better understand the best models for each of these data
modalities, we analyze the performance metrics of the reviewed studies in this section. For
comparison, the three most commonly used metrics have been presented.

The three most commonly used metrics in the reviewed studies were accuracy, AUC, and F1
scores (Table 1: Number of prevention-based papers presenting a quantitative metric.Table 4:
Number of prediction-based papers presenting a quantitative metric.). However, these metrics are

not featured in more than 50% of the studies within most categories (datatypes), thereby
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complicating comparing models within the same or across different data types. It is pertinent
to note that a few studies report multiple metrics, which implies that the aggregate of values
indicated in the first four rows of Table 1: Number of prevention-based papers presenting a
quantitative metric.Table 4: Number of prediction-based papers presenting a quantitative metric. do
not necessarily correspond to the total number of studies for a given column representing the
data type. This variability highlights the challenge of establishing a consistent framework for

comparative analysis due to the diverse methodological approaches adopted in the literature.

Table 1: Number of prevention-based papers presenting a quantitative metric.

Behavioral L.
. Digital and . . ]
Maetric L. and Administrative, Multimodal
Clinical Data ] Technology ]
Presented Psychosocial Dat Public Data Data
ata
Data
Accuracy 3 0 4 0 1
AUC 2 2 3 0 2
F1 2 0 3 2 2
Other/No
. 5 2 12 4 5
Metric
Total Papers 12 4 19 6 10

Table 2: Maximum accuracies achieved on the suicide prevention task for each data modality.

Dataset Type Maximum Accuracy Reference
o Castillo-Sanchez et al. [23],
Clinical Data
0.933 2022
Digital and Technology Data 0.991 Bello et al. [46], 2023
Multimodal Data 0.888 Liu et al. [65], 2019

Table 3: Maximum AUC achieved on suicide prevention task for each data modality.

Dataset Type Maximum AUC Reference
Clinical Data 0.986 Bejan et al. [29], 2022
Behavioural, Psychosocial Data 0.850 Kearns et al. [35], 2023
Digital and Technology Data 0.937 Iyer et al. [40] , 2022
Administrative, Public Data 0.810 Haroz et al. [57], 2020
Multimodal Data 0.850 Kyron et al. [69], 2021

The methodologies and results of Nestsiarovich et al. [33] and Bejan et al. [29] offer insights
into the evolving landscape of leveraging ML techniques to enhance suicide detection in
clinical data. While Nestsiarovich et al. [33] focus on the comparative risk analysis of

pharmacotherapies to infer self-harm events from structured health data, Bejan et al. [29] focus
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on extracting nuanced, unstructured information regarding suicidal behavior through NLP.
Bejan et al. [29] developed a scalable NLP method to improve SI prediction from clinical notes
in a vast EHR repository comprising over 200 million notes. They extracted suicide query
terms using word2vec and applied a weakly supervised model for labeling cases of suicidal
outcomes, demonstrating high performance in the NLP validation of identified patients. This
addresses the limitations posed by relying solely on diagnostic codes, which often result in
the under-coding and under-reporting of suicide-related outcomes. Nestsiarovich et al. [33]
and Bejan et al. [29] achieved AUC scores of 0.994 and 0.986, respectively.

Kearns et al. [35] present a practical risk calculator for identifying U.S. Army soldiers at high
risk of suicidal behavior as they transition to civilian life. Utilizing an ML model incorporating
only a short series of self-report survey questions. They achieved high performance (AUROC
of 0.85) with only 17 key predictors significantly aiding in targeting interventions for those at
greatest risk.

Bello et al. [46] and Iyer et al. [40], explored Al approaches to suicide risk assessment on digital
and technological data. Bello et al. [46] focused on analyzing media texts, including press
articles and tweets with suicide-related hashtags, to identify suicide-related topics using a
neural model and achieved an AUC of 0.991. Iyer et al. [40] targeted the automatic
classification of suicide risk in short segments of speech, from telephone calls to counseling
services. They carefully preprocessed the voice signals, considered gender a crucial factor, and
extracted biomarkers through Lasso regression, achieving a classification accuracy of 99.85%
of speech frames.

Finally, Bello et al. [70] employed ML and Big Data techniques, including web scraping of
news articles and tweets, to analyze media coverage of suicide in relation to COVID-19 using
NLP. They extracted over 100K news items and 20M tweets, focusing on the presence of
suicide and COVID-19 topics. They found a significant relationship between increased
coverage of COVID-19 and subsequent rise in suicide-related media content. They also
identified a shift in media reporting, with suicide-related news increasingly categorized under
health topics since the pandemic outbreak, suggesting a growing awareness of suicide and
mental health issues.

Table 4: Number of prediction-based papers presenting a quantitative metric.

Behavioural .
. Digital and . . ]
Metric . and Administrative, Multimodal
Clinical Data ) Technology ]
Presented Psychosocial Dat Public Data Data
ata
Data
Accuracy 13 4 9 2 11
AUC 3 0 12
F1 8 9 2 7 6
Other/No
) 4 4 4 2 11
Metric
Total Papers 25 17 25 10 28
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Table 5: Maximum accuracy achieved on suicide prediction task for each data modality.

Dataset Type Maximum Accuracy Reference
Clinical Data 0.94 Cusick et al. [89], 2021
Behavioural, Psychosocial Data 0.91 Weller et al. [165], 2021
Digital and Technology Data 0.99 Talaat et al. [118], 2023
Administrative, Public Data 0.983 Lin et al. [129], 2022
Multimodal Data 0.95 Kim et al. [156], 2021

Table 6: Maximum AUC achieved on suicide prediction task for each data modality.

Dataset Type Maximum AUC Reference
Clinical Data 0.9 Song et al. [74], 2022
Behavioural, Psychosocial Data 0.92 Lietal. [157], 2023
Digital and Technology Data 0.925 Shen et al. [5], 2020
Administrative, Public Data 0.987 Rahman et al. [132], 2022
Multimodal Data 0.94 Miranda et al. [152], 2024

Cusick et al. [89] explored the use of CNNs for detecting current SI from unstructured clinical
notes within EHRs to produce one of the best works (94% accuracy) in suicide detection using
clinical data. Utilizing a rule-based approach, they labeled a large dataset of clinical notes
drawn from a cohort of 600 patients at risk for SI. They also identified additional patients and
encounters not previously captured by structured diagnosis codes. When tested on a random
sample of 5,000 clinical notes, they were able to identify cases of current SI with high accuracy,
suggesting its potential utility in enhancing suicide prevention efforts and research through
large-scale screening of clinical documentation.

Lietal. [157], and Weller et al. [165], employed ML techniques on behavioral and psychosocial
data to identify predictors of STB. Li et al. [157] focused on detecting SI among individuals
with depression using NLP to analyze language features in clinical interviews. They
translated verbal responses into psychological categories to identify SI based on language
patterns, achieving AUC scores between 0.76 and 0.92. While Li et al. 's [157] the approach
introduced a novel method for suicide risk detection in clinical settings without relying on
explicit patient disclosure, Weller et al. [165] emphasized the utility of ML in understanding
and predicting adolescent STB at a population level. They targeted a broader population,
analyzing survey responses from over 179,000 high school students to predict STB using
survey data and demographic information. Focusing on factors related to familial life, drug
consumption, demographics, and peer acceptance, they were able to identify SI with an
accuracy of 91%.

Talaat et al. [118] focused on the development of an enhanced recognition system called PERS
for identifying personality traits and emotional states from textual data on social media. PERS
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incorporated data acquisition, preprocessing, personality recognition, and emotion
recognition modules, utilizing ML algorithms for multiclass classification. Gray Wolf
Optimization (GWO) for hyperparameter optimization and Group GWO for feature selection
achieved accuracy rates of 99.99% in personality detection using the RF and 88.06% in emotion
recognition using DTs.

Wang et al. [133] addressed the global public health challenge of suicide by leveraging NLP
to identify SDoH-related social risks from narratives of death investigations. Utilizing data
from the NVDRS, they adapted a suicide-specific SDoH ontology (Suicide-SDoHO) and
developed a transformer-based model. Unlike traditional structured data coding, they were
able to identify circumstances and crises related to SDoH in the narratives. They achieved
AUC scores of 0.966 and 0.942 for classifying circumstances and crises, respectively,
establishing the ability of NLP to classify SDoH-related social risks from unstructured data.
Finally, Miranda et al. [152] focused on predicting adverse events in patients with co-morbid
PTSD and alcohol use disorder using EHRs and a DL model called DeepBiomarker2 to achieve
an AUROC score of 0.94. They used multimodal information, including lab tests, medications,
co-morbidities, individual and neighborhood-level SDoH, psychotherapy, and veteran status,
to predict adverse events such as opioid use disorder, suicide-related events, depression, and
death within three months post-diagnosis. The study highlighted medications like
vilazodone, dronabinol, and tenofovir for potentially reducing adverse event risk. It also
indicated the influence of SDoH parameters, where, for instance, cognitive behavioral therapy
and trauma-focused psychotherapy were linked to lowered risk, whereas veteran status and
other factors might cause increased risk.

3.6 Public datasets available for suicide prediction

A list of all publicly available datasets related to suicide prediction or prevention is available
in Table 7: Summary of publicly available datasets.. Numerous datasets gathered from social
media sites like Twitter [166] and Reddit [167, 168, 169] are being used to develop systems
detecting SI. These datasets are rich sources of user-generated content. Sinha et al. [166]
developed a manually annotated dataset from Twitter by employing a lexicon of suicidal
phrases and social engagement data from real-time and historical tweets.

Compared to other social media sites, Reddit offers a unique advantage. It is a platform that
allows for extensive linguistic expression due to its generous character limit. Gaur et al. [167]
compiled and annotated a suicide risk severity assessment dataset from Reddit drawn from
the SuicideWatch subreddit and annotated by four practicing clinical psychiatrists to ensure
accuracy and reliability. The University of Maryland Reddit Suicidality Dataset (UMD) [168,
169] is another dataset drawn from the same subreddit and annotated by experts. The
collection spans several years and includes details like the content, location, and timing of
each post and comment. By providing annotated datasets [167, 168, 169], they address
common issues with social media data, such as the accuracy of ground truth labels, which can
often be unreliable [43]. The annotation process includes several measures to enhance

reliability: initial selection of at-risk users based on social media activity, the use of mental
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health experts and crowdsourced annotators, and the implementation of consensus
mechanisms, such as having multiple annotators for each user, to ensure accuracy.
Compared to platforms like Reddit and Twitter, Instagram is less commonly used as a data
source for studying SI. Lekkas et al. [104] collected data from a study examining the
relationships between acute suicidality, language usage, and activity on Instagram. This
dataset focuses on German adolescents and includes instances of non-suicidal self-injury
identified on Instagram. Public user data and post content from subjects were collected for
four weeks following a personal interview conducted via Instagram messenger with
individuals who reported a lifetime history of SI. Despite these datasets gaining popularity
recently, they do not provide access to and only include users' tweeting or posting activities
for brief periods. They fail to capture users' full tweeting and posting histories. To the best of
our knowledge, no publicly available depression dataset exists that comprehensively collects
users' entire tweeting and posting histories, posing a considerable obstacle to research in
depression and suicide detection.

The Dealer's Record of Sale (DROS) database [128] offers a unique perspective on suicide
research. It contains records of handgun transactions for approximately 1.95 million
individuals in California. It can be used to identify individuals at a higher risk of firearm
suicide and to explore critical features influencing these predictions.

Obtaining publicly available data for questionnaire responses is extremely hard. NVDRS [137]
encompasses 267,804 suicide death incidents across all 50 U.S. states, Puerto Rico, and the
District of Columbia, spanning from 2003 to 2019. Each record includes narratives describing
the suicide death from two different perspectives: one based on medical examiner records and
another based on law enforcement reports. This dataset thus provides in-depth SDoH
information concerning violent deaths. The NHIRD dataset [170], obtained from the National
Health Insurance program, is a nationwide collection of data about 23 million people in
Taiwan. It contains complete information about clinical visits, including prescription details
and diagnostic codes from suicide attempters with at least one psychiatric visit.

Roden et al. [171] were one of the first to develop a clinical research repository called the
Vanderbilt Research Derivative. It is a DNA biobank linked to phenotypic data from an
electronic medical record system.

Zingmond [172] collected discharge data from the California Office of Statewide Health
Planning and Development on all deliberate self-harm visits from January 2009 to December
2011 by individuals aged ten or more years and includes information on their date, cause, and
manner of death. Similarly, the UCLA-XDR repository [173] contains 10 years of outpatient
and inpatient EHR data collected from 2006 through 2016 from 2 academic medical hospitals
within the UCLA Health System. Another similar dataset is the NYC-CDRN [32] which
contains outpatient and inpatient EHR data collected between 2009 and 2017 from 7 health
systems across New York City. Finally, the GEO databases, GSE102556 and GSE101521 [174],
constitute two mRNA expression profiling datasets collected by experienced psychiatrists and
care providers. Along with information on gene expression, the database also consists of

information about the patient’s demographic data and suicide information.

29



Finally, we briefly discuss a couple of depression-related public databases. Cai et al. [175]

constructed and published the first large-scale depression dataset. With information about the

tweeting histories of 23237 users, it is a well-labelled social media-based dataset from the most

popular Chinese social network platform, Sina Weibo. The Longitudinal Study of Australian

Children (LSAC) [176] is a nationally representative longitudinal study that includes self-

completed questionnaires, face-to-face interviews, and computer-assisted interviews, with

participants including the children studied, their parents, caregivers, and teachers of infants

and children.

Table 7: Summary of publicly available datasets.

Dataset Source Description Size Labels/Features | Reference
Name Social (Records/User
Media s)
Platform

Sinha et Twitter Manually 34,306 tweets Suicidal, Non- [166]
al. Twitter annotated with Suicidal
Dataset suicidal phrases

and social

engagement data.
Gaur et al. | Reddit Annotated for 500 posts SI, Suicidal [167]
Reddit suicide risk Behavior,
Dataset severity by clinical Actual Attempt,

psychiatrists from Suicide

SuicideWatch Indicator,

subreddit. Supportive
University | Reddit Over 100,000 >100,000 Risk levels of [168, 169]
of posts/comments posts/commen | none, low,
Maryland annotated to assess | ts moderate, and
Reddit suicide risk level. severe.
Suicidality
Dataset
(UMD)
Instagram | Instagra | Focused on acute | Interviews of | Presence/absenc | [104]
German m suicidality, over 50 users e of acute SI
Adolescen language usage, via Instagram.
ts Dataset and activity among

German

adolescents.
Dealer’s N/A Contains records of | Over 5 million | Detailed [128]
Record of handgun records transaction
Sale transactions used details that
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(DROS to identify firearm include
Database) suicide risk. purchaser and
seller identifiers
along with the
firearm
information.
National | N/A Comprehensive 267,804 Two death | [137]
Violent suicide death | incidents narratives -
Death incident data across summary of
Reporting the U.S. events from the
System perspective  of
(NVDRS) the Coroner or
Medical
Examiner record
and Law
Enforcement
report.
UCLA- N/A Inpatient and | Data on ~12 | Outpatient and | [173, 31]
xDR  and outpatient EHR | million inpatient EHR
NYC- data from academic | patients data, along with
CDRN medical hospitals suicide
Datasets and health systems information.
in NYC.
GEO N/A mRNA expression | 107 human | Gene [174]
Databases profiling datasets, | subjects expression,
GSE10255 including demographic
6 and demographic and data, and
GSE10152 suicide patient’s suicide
1 information. information.
Depressio | Sina A social media- | 23,237 users Depressed, non- | [175]
n Dataset | Weibo based dataset depressed.
on  Sina labeled for
Weibo depressive and
non-depressive
users from China.
Longitudi | N/A Nationally 5107 infants | Self-completed | [176]
nal Study representative between  the | questionnaires
of longitudinal study | ages of 3 and | andinterviews
Australian data collected | 19 months, and | given by the
biennially 4,983 children. | children
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Children excluding COVID- studied, their

(LSAC) 19 impacted years. parents,
caregivers, and
teachers.
Vanderbilt | N/A DNA biobank | 384 patients. N/A ICD-9 | [171]
Research linked to electronic codes,
Derivative medical records structured
focusing on clinical laboratory data,
research unstructured

patient data,

allele
identification,
medications
OHSPD N/A Discharge data | Information Features [175]
Dataset from the California | about 1,59,713 | including the
Office of Statewide | women. manner, cause,
Health  Planning and date of
and Development death.
on all deliberate
self-harm visits.
NHIRD N/A Nationwide dataset | 23 million | Many- [170]
Dataset from Taiwan’s | people. time/single-time
National =~ Health suicide
Insurance (clinical attempters.
information,
prescription
details, etc.),
focusing on

psychiatric patients
and suicide

attempters.

4. Benefits, limitations and future directions of using Al for suicide prediction and
prevention

The application of ML, DL, and NLP offers several significant benefits in suicide prevention
and prediction. They allow us to discover patterns that may not be obvious to humans. Some
of the key benefits include:

e Early identification of at-risk individuals: Al algorithms can analyze huge amounts of data
from diverse sources to identify individuals who may be at high risk of suicidal behavior.
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This can facilitate timely interventions and support by detecting subtle warning signs and
risk factors early on, especially on various social media platforms.

o Improved accuracy and efficiency: ML and DL models have demonstrated high levels of
accuracy in predicting STB, often outperforming traditional risk assessment tools. They
have also achieved this by being highly scalable. They can process large volumes of data
quickly and consistently, reducing the burden on mental health professionals.

e Personalized risk assessment: Al techniques can help create personalized risk profiles by
integrating multiple data sources and considering risk factors specific to an individual,
such as demographic characteristics, medical history, and psychosocial stressors. This can
lead to more targeted and effective prevention strategies.

e  Real-time monitoring and intervention: Al-powered tools can continuously monitor an
individual's digital footprint, such as their social media activity or smartphone usage
patterns, for signs of distress or suicidal intent. When high-risk patterns are detected,
these systems can trigger real-time alerts and facilitate rapid intervention by mental
health professionals or crisis support services.

e  Enhancing understanding of risk factors and protective factors: Al methods can help
researchers identify novel risk factors and protective factors for suicide by uncovering
complex relationships and interactions within large datasets. This understanding can
inform the development of more effective prevention programs and public health
policies.

e  Efficient resource allocation: By prioritizing cases based on risk levels and optimizing
resource allocation within mental health services, psychiatrists can ensure that high-risk
individuals receive the support and intervention they need promptly.

Despite ML, DL, and NLP techniques showing promising results, several challenges remain.

One of the main challenges is the limited interpretability and explainability of AI models,

particularly in the context of high-stakes mental health decisions. Ensuring transparency and

building trust among clinicians and patients is crucial for the successful implementation of

Al-driven interventions.

Another challenge lies in the ethical considerations surrounding the use of sensitive personal

data, such as EHRs and social media posts, for suicide prediction and prevention. Developing

robust data governance frameworks and engaging in ongoing dialogue with stakeholders

could help to address these ethical concerns. Utilizing sensitive clinical data for training ML

models raises privacy and confidentiality concerns [178]. ML-based strategies using data from

smartphones, wearables, and smart home devices enhance short-term, personalized
prediction of STBs in adolescents, detecting risk factors like emotional distress and sleep
issues. Ensuring compliance with regulations such as HIPAA [179] and maintaining patient
confidentiality while extracting valuable insights from the data presents a significant
challenge. Incorporating ML-driven tools and predictions into everyday clinical practice can
also be challenging. Biases present in the data, such as the underrepresentation of certain
demographic groups or clinical characteristics, can lead to inaccurate predictions and

potentially exacerbate disparities in mental health care [22]. The complexity of some ML and
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DL models can make it difficult to understand how they arrive at specific predictions or
recommendations [180]. It is crucial to remember that predictive models should complement,
not replace, clinical judgment and human interaction. Over-reliance on algorithmic
predictions without considering individual patient nuances and the clinician's expertise could
harm patient care. There is a risk of clinicians becoming de-skilled and not using their instinct
and clinical judgment, which may ultimately endanger the workforce developing capable and
confident clinicians in clinical assessments of suicide risk. Psychiatrists and mental health
clinicians need to understand how to interpret and utilize these technologies effectively while
considering their limitations and integrating them with existing treatment approaches.

Navigating these challenges requires collaboration between psychiatrists, data scientists,

ethicists, and policymakers to develop responsible and effective approaches to integrating

ML, DL, and NLP technologies into mental health practice.

Furthermore, the generalizability and fairness of AI models across diverse populations and

settings remain important challenges. Many existing studies have focused on specific

subgroups or regions, and there is a need to validate and adapt these models to ensure their
effectiveness in different cultural and societal contexts.

To advance the field of Al-driven suicide research, future studies (Figure 12) should focus on

several key directions:

1. Connecting prediction and prevention: While current research has emphasized
prediction, it is essential to recognize the interrelationship between prediction and
prevention. Accurate predictive models can enable more targeted and personalized
prevention strategies. Future studies should aim to develop a greater balance and synergy
between prediction and prevention, leveraging Al techniques to optimize limited mental
healthcare resources and ultimately reduce suicide rates.

2. Harnessing multimodal data: Integrating multiple data sources, such as clinical records,
social media, wearables, and biometric data, can provide a more comprehensive
understanding of suicide risk factors and behaviors. Future research should continue to
explore advanced Al techniques for multimodal data integration while prioritizing
responsible and privacy-preserving practices.

3. Addressing understudied and underserved populations: There is a critical need to
expand suicide research to include diverse and underrepresented populations, such as
racial and ethnic minorities and people in low and middle-income countries. Future
studies should focus on understanding the unique risk factors, protective factors, and
cultural considerations for these populations and developing tailored Al-driven
interventions to address their specific needs.

4. Advancing DL applications: As Al technologies evolve, DL techniques are expected to
play an increasingly important role in suicide research, particularly with the growing
availability of multimodal and digital data. However, researchers must carefully navigate
the trade-offs between predictive performance and interpretability and the ethical
implications of using complex, black-box models in mental health contexts.
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5. Fostering interdisciplinary collaboration: Suicide research benefits from the collaboration
of experts from diverse fields, including psychology, psychiatry, computer science, and
public health. Encouraging interdisciplinary teams and promoting knowledge sharing
across domains can lead to innovative solutions and more comprehensive approaches to
suicide prevention and prediction.

6. Emphasizing real-world implementation and impact: As Al-driven suicide research
advances, it is essential to focus on translating these findings into real-world clinical
practice and public health initiatives. Future studies should prioritize the development
and evaluation of implementable, scalable, and culturally sensitive Al-based
interventions, considering acceptability, feasibility, and cost-effectiveness.

000000
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Early identification of at-risk individuals

Future Connecting prediction and prevention

studies

®

Improved accuracy and efficiency
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o .
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Personalized risk assessment —
Advancing DL applications

Real-time monitoring and intervention .
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Emphasizing real-world implementation

Figure 12: Benefits and future studies for suicide prediction and prevention.

Moreover, the limitations inherent in the current body of research highlight the critical need
for adopting standardized quantitative metrics within ML-based suicide detection. First,
researchers need to include at least one quantitative metric, as this allows for clear evaluation
and comparison of study results. Without these metrics, judging the effectiveness and
usefulness of proposed models becomes unclear, making it hard to advance toward reliable
detection methods. Furthermore, the creation of a uniform metric, adopted by all researchers,
is crucial. A standard measure would not only make results easier to reproduce, increasing
the reliability of ML applications in detecting suicide, but also simplify the process of verifying
these results. This consistency would enable easier comparison across different studies,
creating a unified body of research that helps identify the most effective methods faster.
Ultimately, the adoption of a common metric would serve as a linchpin in the development
of more robust and universally applicable suicide detection systems, marking a significant

stride toward the optimization of intervention strategies and the reduction of suicide rates.

5. Conclusion

Suicide prevention and prediction are major global public health priorities. Recent advances
in Al techniques, including ML, DL and NLP, show promise for advancing suicide prevention
and risk assessment efforts. This systematic review comprehensively summarizes the current
literature on Al applications for suicide prevention and prediction. The most common data

sources were social media posts, clinical records, self-report questionnaires, and multimodal
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(2]

[4]

data combining diverse digital traces. Classifiers like random forests and support vector
machines produced high performance in detecting SI from all of these data sources. Further,
NLP techniques like BERT are highly efficient in learning representations from unstructured
textual data that best identify SI and emotional distress, especially on platforms like Twitter
and Reddit. The reviewed studies demonstrate the potential of Al to enable more accurate,
scalable and personalized suicide risk screening and prevention initiatives. We further
highlight the need and potential of using multimodal data that combines information from
different sources to predict SI at early stages accurately. ML and DL methods show particular
promise for integrating multimodal data, including social media, smartphones, wearables and
medical records, to uncover insights and patterns predictive of suicide risk. The review also
highlights several challenges and limitations that must be addressed to realize the full
potential of Al in suicide prevention and prediction. These include concerns around data
privacy and security, algorithmic bias and fairness, model interpretability and explainability,
and the need for rigorous evaluation and validation of Al-driven interventions in real-world
settings. Future research should focus on developing more integrated approaches that
combine accurate prediction with effective prevention strategies, harnessing the power of
multimodal data, and expanding the scope of research to include diverse and

underrepresented populations.
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Appendix

Table A. 1: Summary of studies (n=12) involving suicide prevention using clinical data.

Author, year Dataset type Aim of the Study Study Population Methods Findings/Results (%)

. To characterize the creation of a ) .
Robinson et Australia: Children,

Clinical data state-wide self-harm surveillance NLP: SVM -
al. [7], 2020 o . adolescents
system in Victoria
Scalable and precise NLP techniques can be
. o ) formulated to identify suicidal behavior in
Bejan et al. o To enhance the determination of America: )
Clinical notes o NLP: Word2Vec  EHRs to boost prevention efforts. AUROC:
[29], 2022 suicidal outcomes Adolescents, Adults o . .
Suicidal ideation of 0.986 and suicide
attempt of 0.973
i To contrast the performance of i
Zhu et al. Electronic health i o China: Adults, ML: SVM, RF, F1-score: SVM (0.9889); RF (0.9838);
techniques based on text mining .
[17], 2020 records . . Depressed patients AdaBoost AdaBoost (0.9828)
to detect suicidal behaviors
Deployment of a national clinical Uniited Stat NLP: Nvidia This approach was effective for the
nited States:
McManus et Electronic health text processing infrastructure Vet Adult BioMegatron radiology use case, where the pre-
eterans, Adults,
al. [27], 2023 records within the Veterans Affairs old ) large language highlighted terms were precise, and the
eople
Department peop model vocabulary was constrained.
. . ) New South Wales:
Burnett et al.  Electronic health To categorize self-harm associated ML: SVM, RF, Accuracy: SVM (0.868); RF (0.855); DT
) Adolescents, Young
[15], 2022 records behaviors DT, LR (0.844); LR (0.867)
Adults
i i United Kingdom: NLP models detect suicidality better at
Cusick etal.  Electronic health To share NLP approaches among . NLP: Rule- . o
) . Adolescents, Autism their development organization than other
[30], 2022 records different institutions based

disorder healthcare institutions, achieving lower
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Costa et al.
[181], 2022

Nestsiarovic
h et al. [33],
2021

Castillo-

Sanchez et al.

[34], 2022

Edgcomb et
al. [31], 2021

Goldman-
Mellor et al.
[28], 2022

Gong et al,,
2019 [32]

To identify patients with probable

. DTD and analyze demographic,
Electronic health

disease and treatment data
records

compared to 'non-DTD' MDD
patients

To evaluate all frequently used
Electronic health  bipolar disorder medications, as
records well as psychotherapy for the risk

of self-harm

To assist in feature selection

ertaining to hospital
Hospital data P L & p .
readmissions for suicidal

behavior

To discriminate the risk of suicide

. attempts and self-harm after

Hospital data . o
general medical hospitalization

among females

Hospital data Impacts of hospitalization

Understanding of temporal
Questionnaire correlations between depression

symptoms over time

United Kingdom:
MDD, Adults

Unites States: Bipolar
patients

Spain: Bipolar,
Alcohol depressed
patients, Personality
disorder

United States:
Women, Depressed
patients, Bipolar,
Adults, Old people

California:
Recurrence
prediction kind

America: Depressed
patients, Adults

NLP: NN

ML: Regression

ML: SVM

ML: DT

ML: RF

ML: ANN

performance elsewhere.F1-score 0.85 vs.
0.68
Patients with treatment-resistant
depression have a much higher illness
burden, including worse depressive
episodes, suicidality, comorbidities,
unemployment, hospitalizations, and

specialist treatment time.

An elevated self-harm risk was noticed
during adolescence. AUC: 0.994; MCC:
0.225; sensitivity: 0.930; specificity: 0.984

The main factors linking to suicide were
benzodiazepine overdose, suicidal ideation,
medication overdose, antipsychotic
overdose, and self-harm by jumping.
Accuracy: NN (0.933); SVM (0.851)

The main predictors of suicide readmission
were previous medical condition, past
suicidal actions, older age, and history of
pregnancy-associated mental health issue.
Accuracy: 0.84
In simple analyses, suicide risk was notably
higher in hospitalized versus discharged
patients.

- Results showed that patients’ first 8
questions about symptoms and last
question about suicidal ideation
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scores displayed strong temporal

correlations.

AUROC: Area Under the Receiver Operator Curve; AUC: Area Under the Curve; ANN: Artificial Neural Network; DL: Deep Learning; DTD: Difficult-to-Treat Depression;
DT: Decision Tree; EHR: Electronic Health Records; LR: Logistic Regression; MDD: Major Depressive Disorder; MCC: Matthews Correlation Coefficient; NLP: Natural
Language Processing; ML: Machine Learning; NN: Neural Network; RF: Random Forest; SA: Suicide Attempt; SI: Suicide Ideation; SVM: Support Vector Machine.

Table A. 2: Summary of studies (n=4) involving suicide prevention using behavioral and psychosocial data.

Author, year Dataset type Aim of the Study Study Population Methods Findings/Results (%)
While participants saw potential benefits of
To examine the acceptance of ) automated monitoring, adolescents,
) o o United States: . L
Biernesser et ) automated monitoring of suicidal NLP: thematic  parents, and clinicians had concerns about
Interview . ) Adolescents, Adults, ) ] .
al. [38], 2021 teenagers' digital media use Clinici data analysis privacy losses, false alerts, and liability
inicians
within clinical care issues in responding to alerts of suicidal
risk.
Individuals incorrectly identified as high
Haghish et False positive study in suicide suicide risk by a screening tool had a much
Survey . Norway: Adolescents ML: GB ] o
al. [36], 2023 classification models higher rate of suicide attempts versus those
correctly identified as low risk.
A brief self-report survey can accurately

identify transitioning service members at

To assess a suicide-prevention United States: Army ML: LR, RF
o high suicide risk for targeted intervention

Kearns et al. . . . . .
Survey intervention for high-risk soldiers, Young
[35], 2023 o ) SVM, XGB ) .
transitioning soldiers Adults, Adults before discharge to prevent post-transition
attempts. AUROC of 0.85

. The examined indicators have the potential

Prelog et al. . Slovenia: Adults, ML: LR, RF, . . .
Survey To estimate the presence of SI to be made into a rapid screening tool that

[37], 2023 COVID SVM, XGB .
could evaluate suicidal thoughts and
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behaviors indirectly. AUROC: 0.83 on
unseen data

AUROC: Area Under the Receiver Operator Curve; LR: Logistic Regression; GB: Gradient Boosting; ML: Machine Learning; NLP: Natural Language Processing; RF: Random
Forest; SA: Suicide Attempt; SI: Suicide Ideation; SVM: Support Vector Machine; XGB: Extreme Gradient Boosting.

Table A. 3: Summary of studies (n=19) involving suicide prevention using digital and technology data.

Author, year Dataset type Aim of the Study Study Population Methods Findings/Results (%)

To study the impact and extent of NLP: Linguistic

Moreno et al. . . United States of . Cyberbullying articles are more fear-based
Articles news coverage about online and . inquiry and . )
[52], 2019 ) ) America than bullying articles.
in-person bullying. word count
I ¢ al To automatically classify short
er et al.
[ZO] 2022 Audio/calls speech segments (40 milliseconds) Australia ML: GB Accuracy: 0.9985.
’ as low or high suicide risk.
To automatically classify short
I cal speech segments from suicide
er et al.
[Zl] 2022 Audio/calls hotline callers as high or low Australia: adults ML: GB AUC: 0.9739.
’ distress using vocal characteristics
and ML.
Kar et al. . .
Audio/calls - India DL -
[54], 2022
To analyze crisis chat transcripts
Lake et al. Chat on suicide risk, counselor Adolescents, young ML.: statistical Crisis chat serves young, high-risk users,
ats
[56], 2022 responses, and pre-chat thoughts adults, adults analysis most endorsing suicide thoughts.
v/s later risk.
, To see if COVID-19 related to Younger, male, or lone-living help seekers
Salmi et al. ) o Netherlands: gender- . )
Chats changes in suicide problems NLP: BERT showed changes relating to increased
[51], 2022 i based, COVID g . L
reported to a helpline. suicidality - warranting close monitoring.
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Caicedo et al.

[45], 2020

Chau et al.
[42], 2020

Fu et al. [53],
2021
Purushotha
man et al.
[39], 2021

Yang et al.
[181], 2021

Kumar et al.
[55], 2022

Lao et al.
[43], 2022

Yang et al.

[47], 2022

Bello et al.
[46], 2023

Social media

Social media

Social media

Social media

Social media

Social media

Social media

Social media

Social media

To evaluate ML models for
identifying self-injury in
messages.

To assess a search tool for
professionals to identify
emotional distress in blogs.

To automatically detect comments
with a high risk of suicide.

To detect conversations about
suicide, self-harm and substance

use on Instagram.

To detect SI early for crisis

intervention.

To identify new signs of
depression and suicide risk
during COVID-19.

To assess suicide risk on social

media.

To explore time, content, and
suicide behavior traits in high-risk

comments.

To identify if a text discusses

suicide.

Miscellaneous

China: stressed

patients

China

Drug addicts

China: adults

COVID-19

Miscellaneous

China

Spain
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ML: k-star
algorithm

ML: SVM

NLP: BERT

DL: LSTM

NLP:
Knowledge
graphs

ML: LR

ML: RF, SVM,
GB

ML:
knowledge
graphs

ML: CNN

AUROC: 0.81036; F1 score: 0.7148.

F1-score: 0.7216.

Accuracy: 0.7868.

Substance use disorders and mental health
posts are more likely to discuss suicide.

"Tree Hole Action" is effective for suicide
monitoring and crisis response on social

media.

COVID-19 lockdowns led to poor mental
health due to anxiety.

Linguistic traits linked to suicide risk
included self-expression, first-person
pronouns, and negation. AUC: 0.66-0.68.
F1-score: RF (0.65); GB (0.62); SVM (0.52)
Negative emotions and thoughts are top
reasons given for suicide. Women and city
dwellers are more likely to discuss suicide

online.

Accuracy: 99.91%.



, . . Monthly Twitter risks temporally aligned
Deas et al. ) . To examine anti-mattering and SI
Social media

. . Miscellaneous ML: LR with records (correlation=0.533, higher at
[50], 2023 in online peer groups. i
0.652 for following month records).
Niederkroten To assess relationships between ) ) ) . o )
. . ) . United States of Daily social media suicide prevention posts
thaler et al. Social media Twitter post topics and calls to ) ML: LR i
o . America linked to more calls/fewer deaths.
[44], 2023 Lifeline/completed suicides.
o . . o Monthly Twitter risks temporally aligned
Wang et al. ) ) To confirm if social media suicide ] . .
Social media . ] . ] Japan NLP: BERT with records (correlation=0.533, higher at
[48], 2023 risks align with actual behaviors. i
0.652 for following month records).
. . NLP: . S
Levkovich et . To evaluate ChatGPT-4's suicide ChatGPT-4 estimated risk similar to
Vignette i Adults ChatGPT-4,
al. [49], 2023 risk assessment vs ChatGPT-3.5.

experts, with better SI recognition than 3.5.
ChatGPT-3.5

AUC: Area Under the Curve; AUROC: Area Under the Receiver Operator Curve; CNN: Convolutional Neural Network; BERT: Bidirectional Encoder Representations
from Transformers; DL: Deep Learning; LDA: Latent Dirichlet Allocation; GB: Gradient Boosting; LIWC: Linguistic Inquiry and Word Count; LSTM: Long-Short Term
Memory; NLP: Natural Language Processing; RF: Random Forest; LR: Logistic Regression; ML: Machine Learning; SI: Suicide Ideation; SVM: Support Vector Machine.

Table A. 4: Summary of studies (n=6) involving suicide prevention using administrative and public data.

Author, year Dataset type Aim of the Study Study Population Methods Findings/Results (%)
. ) ) United States:
Haroz et al. Determine highest risk subgroups
Govt data L . Adolescents, Young ML: LR, DT AUC: DT (0.81); LR (0.87)
[57], 2020 in this community
Adults, Adults
. . Netherlands: ) . . )
Berkelmans Identify those at extremely high ML effectively identified extremely high-
) o ) Adolescents, Young ) ) )
etal. [21], Govt data risk for suicide due to combined ML: LR risk groups for intervention. The LR
Adults, Adults, Old . .
2023 factors. interaction model had an AUC of 0.76.
people
Kafka et al. Intimate partner violence is United States: Intimate 7.1% of suicides were Intimate partner
Govt data . ) ) ML: LR )
[60], 2023 associated with SI partner violence, violence related
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Adolescents, Young

adults, Adults, Old
people
United States: Intimate
Kafka et al Develop and validate a tool partner violence, Model had robust sensitivity (0.70),
afka et al.
[61], 2023 Govt data identifying intimate partner Adolescents, Young ML: RF specificity (0.98), precision (0.72) and kappa
’ violence mentions adults, Adults, Old values (0.69).
people
Outline rationale and methods for
Wang et al. . o
[59], 2023 Govt data creating models predicting Canada ML: LR -
’ population suicide risk.
Implementing a suicide
prevention program within a -
; . ML.: The model detects suicidal/self-harm
Turner et al. . large Australian health service. It . ] ) ) )
Public records i Australia Evolutionary presentations with high accuracy (95%
[58], 2021 outlined the process and reported . . .
algorithm sensitivity, 92% specificity).

early outcomes and lessons

learned.

AUC: Area Under the Curve; DT: Decision Tree; IPV: Intimate Partner Violence; LR: Logistic Regression; ML: Machine Learning; NLP: Natural Language Processing; RF:
Random Forest; SI: Suicide Ideation.

Table A. 5: Summary of studies (n=10) involving suicide prevention using multimodal data.

Author, year Dataset type Aim of the Study Study Population Methods Findings/Results (%)
Berrouiguet Body Determine the link between This protocol helps shift from typical risk
etal. [67], sensors/wearabl suicide risk, sleep changes and Spain, France: Adults ML: LR identification to tailored prevention
2019 es appetite issues strategies per patient characteristics.
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Ranapurwala
etal. [71],
2022

Balbuena et
al. [66], 2022

Kessler et al.
[62], 2023

Heckler et al.
[63], 2023

Mouchabac
et al. [64],
2021

Kyron et al.
[69], 2021

Sels et al. [68]
, 2021

Govt data,
Public records,
Electronic health
records

Hospital data

Hospital data,
Govt data

Questionnaire,
Body
sensors/wearabl

es

Questionnaires

Self-reports,
Questionnaires,

Hospital data

Self-reports,

Sensors

Estimate factor-outcome ties,
develop predictors via workflow
linking long-term data to ensure

continuous monitoring
Identify risk/protective factors in
the general population signaling

near-term suicide risk

Determine if adding clinical notes
and public records can boost
prediction

Thoth, an intelligent model helps
those with suicidal thoughts by
analyzing context like sensor,
psychological and
sociodemographic info
Develop autonomous care for
suicide prevention in patients

with prior SA.

How prevention could use short-
term modeling and prediction of
self-harm factors

Design digital metrics using self-
reports and passive mobile data
to predict suicidal thoughts and
psychiatric readmissions in high-

risk individuals

United States

Norway: Young
Adults, Adults

United States:
Veterans, Adults, Old
people

Brazil

Adolescents

Australia: Adults

Switzerland
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ML

ML: RF

ML: Shapely
scores for XAI

ML: ANN

ML: Bayes Net

ML: LR

ML: RF, SVM

ML can identify early prevention targets.
0.57AUC

ML model's ability to predict suicide after
psychiatric discharge improved
significantly with predictors from clinical
notes using NLP and social determinants
public records.

Fl1-scores of 94.12%, 92.44%, 92.61% for
predicting next-day suicidal thoughts given
histories of 3, 5, and 7 days.

Bayes Net efficiently builds a digital
assistant algorithm for suicide crisis
management
The model detected 77.7% of self-harm
(sensitivity). Psychological distress, will to
live/die and relationships reciprocally
linked that day. AUC: 0.85



Bello et al.
[70], 2024

Liu et al.
[65], 2019

Social media,

Newspapers

Social media,

Questionnaires

Study COVID-19 and suicide link

in media through NLP

Test feasibility and acceptability

of Proactive Suicide Prevention

Online

COVID

Chinese: Young adults

Strong relationship between the appearance

NLP: Naive of subjects’ “health” and “covid”, and also
Bayes, SVM between “covid” and “suicide” .F1-score:
Suicide (1); Covid (0.99); Multilabel (0.73)
10.32% of comments accurately classified as
ML: LR, RF, . .
suicidal, with 88% accuracy. 89.73%
DT, SVM

reported suicidal thoughts in surveys.

AUROC: Area Under the Receiver Operator Curve; ANN: Artificial Neural Network; AUC: Area Under the Curve; Decision Tree; LR: Logistic Regression; ML: Machine
Learning; RF: Random Forest; NLP: Natural Language Processing; SI: Suicide Ideation; SVM: Support Vector Machine.

Table A. 6: Summary of studies (n=25) involving suicide prediction using clinical data.

Author, year

Dataset type

Aim of the Study

Study Population

Nordin et al.
[82], 2023

Huang et al.
[73], 2022

Malgaroli et
al. [78], 2020

Cusick et al.
[89], 2021

Hasey et al.
[72], 2020

Clinical data

Clinical data

Clinical notes

Clinical notes

EEG

To create an explainable
predictive model for self-harm

and analyze important features.

To develop and validate a
dynamic nomogram predicting
SA personalized for depression

patients.
To detect suicide content in

therapy communication.

To detect “current” SI from

unstructured clinical notes.

To detect SI using EEG data.

Malaysia: depressed
patients

China: MDD, young
adults, adults

Miscellaneous

United States of
America: adolescents,

young adults, adults
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Methods Findings/Results (%)
ML: RF, GB Accuracy: RF (0.855); GB (0.86).
The ML model showed good overall
accuracy (Harrell's C-index = 0.823) and
ML: LR . - .
clinical applicability by decision curve
analysis.
ML: LR, RF,
AUC: 0.8278.
DT, XGB, MLP
DL: CNN Accuracy: 0.94; F1-score: 0.82.
NLP: RF

AUC: 0.768; Accuracy: 0.705.



Morrow et al.
[91], 2022

Mens et al.
[80], 2020

Carson et al.
[11], 2019

Obeid et al.
[88], 2020
Xie et al. [92],
2023

Levis et al.
[90], 2022

Xu et al. [2],
2020

Jiang et al.
[83], 2023

Peng et al.
[75], 2023

EHRs

EHRs

EHRs

EHRs

EHRs

EHRs

EHRs

EHRs

Genetic data

To identify life events in notes
more than coded events.

To recognize suicidal behavior in

primary care using routine data.

To identify suicidal behavior in

hospitalized teens.

To improve detection of self-harm
patients and predict future events.
To develop an NLP algorithm to

identify SI/SA.

To analyze clinical notes and
create a data-driven model

predicting suicide risk.

To improve individual self-harm

prediction.

To predict SA.

To identify novel targets and
pathways differentiating

depression, suicide from

comorbid cases.

United States of
America: veterans,
young adults, adults,
old people

Netherlands: adults

United States of
America: adolescents,
depressed patients
United States of
America
United States of
America
United States of
America: veterans,

adults, old people
China, Hong Kong

Denmark: depressed
patients, adolescents,
young adults, adults

Adults, old people
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ML: LR

ML: RF

NLP: RF

NLP: CNN

NLP: Rule-
based

NLP: DT, RF,
XGB

DL: LSTM,
DNN

ML: LR, RF

ML: RF

Adding NLP variables to the REACH VET
model increased life event variable
concentration in higher risk percentiles
when discriminating suicide deaths from
natural deaths with no mental health
history.

Sensitivity: 0.39; AUC: 0.85.

Accuracy: 0.47.

AUC: 0.882; F1-score: 0.769.

Sensitivity: 88.5%.

NLP-derived models demonstrated strong

predictive accuracy.
PPV: 0.54; NPV: 0.98; Recall: 0.72;
Specificity: 0.96.

AUC: RF (0.8-0.84); LR (0.66-0.68).
The study identified novel gene targets and

patterns differentiating depression
subgroups and suicide.



Song et al.
[74], 2022

Rozova et al.
[81], 2022

McCullough
etal. [79],
2024

Cho et al.
[84], 2020
Weng et al.
[76], 2020

Chen et al.
[93], 2021

Zhu et al.
[85], 2020

Hong et al.
[3], 2021

Xu et al. [87],
2022

Bajaj et al.
[86], 2023

Hospital data

Hospital data

Hospital data

Hospital data

MRI

MRI

MRI

MRI

MRI

MRI

To develop and validate a model
to predict SI using clinical data.

To automate emergency-note

screening directly for self-harm.

To develop a data-driven
framework analyzing information
flow in emergency psychiatric
care to evaluate clinical practice
and models.

To identify high-risk groups in
the general public.

To predict people with SI using

brain imaging.

To create an algorithm to detect SI
and SA.

To identify suicidal BD-II

patients.

To classify suicide risk.

To use dFNC for detecting
suicidality in depressed patients.
To identify brain structural
changes underlying suicide risk in
adolescents.

Korea: post-stroke
patients, young adults,
adults, old people

Australia

Australia

Korea: adults

Taiwan: MDD, young

adults, adults

Taiwan: previous

suicide attempters,

MDD, adults

China: MDD, BD,

adults

China: adolescents,
young adults, MDD

China: MDD, young

adults, adults

United States of
America: adolescents,

MDD
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ML: XGB,
CatBoost,
LGBM
NLP: Naive
Bayes, LR,
KNN, RF, GB,
LSTM

ML: Naive
Bayes

ML: RF

ML: LR, XGB,
CNN

DL: CNN,
DenseNet

ML: SVM

ML: SVM

ML: SVM

ML: SVM

AUC: 0.900. Rehabilitation motivation is
closely associated with SI.

Best performance: GB. F1-score: 0.764.

Balanced accuracy: 0.82.

AUC: 0.818.
AUC: 0.84; Accuracy: 0.73.

Accuracy: 0.886 for CNN; 0.912 for
DenseNet.
Accuracy: 0.84.

Structural MRI is useful for classifying
suicide risk. Prediction balanced accuracy:
0.7859.

Accuracy: 0.7479.



United States of
Extracted data accurately classified suicidal

Stange et al. MRI To identify suicide risk in mood America: young DL: CNN
[77], 2020 disorders. ydults, mood disorder ' behavior groups (79-88% measures).
patients

AUC: Area Under the Curve; BD: Bipolar Disorder; CNN: Convolutional Neural Network; MLP: Multilayer Perceptron; DNN: Deep Neural Network; DT: Decision Tree; EEG:
electroencephalography; EHRs: Electronic Health Records; GB: Gradient Boosting; LGBM: Light Gradient Boost Model; XGB: Extreme Gradient Boosting LR: Logistic
Regression; MDD: Major Depressive Disorder; LSTM: Long-Short Term Memory; ML: Machine Learning; NLP: Natural Language Processing; NS: without suicide risk; PPV:
Positive Predicted Value; RF: Random Forest; SA: Suicide Attempt; SI: Suicide Ideation; SVM: Support Vector Machine.

Table A. 7: Summary of studies (n=17) involving suicide prediction using behavioral and psychosocial data.

Author, year Dataset type Aim of the Study Study Population Methods Findings/Results (%)
United States of
Broadbent et ) ) . ) o ) .
1. [95], 2023 Counselling data To identify client suicide risk. America (Utah, NLP: BERT AUC: 0.9037.
al. ,
Idaho, and Nevada)
United States of
Pestian et al. i To monitor SI up to 30 days America:
Interview ML: SVM AUC: 0.89.
[183], 2020 after care. adolescents, young
adults, adults
To create a clinical decision tool
Haroz et al. ) . o ' 1 . United States of Clinical use of ML-based suicide
Interview reservation-based suicide ) ML o ) ] )
[185], 2021 . America prediction algorithms is elusive.
surveillance.
) . ) ) o United States of
. To identify high-risk suicide ) )
Shin et al. ) America: young ML: Naive
Interview groups through spoken words AUC: 0.800.
[187], 2022 ; . ) ) adults, adults, mood Bayes
in semi-structured interviews. .
disorder
. L . AUC for high suicide risk identification
Li et al. [94], . To determine if self-harm acts China: depressed .
Interview . ) ] ML: RF was 0.76-0.89. AUC for general risk
2023 can be detected from interview patients, adults )
detection was 0.83-0.92.
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Wright-
Berryman et
al. [188], 2023

Ghosh et al.
[186], 2022

Choi et al.
[184], 2021

Bantilan et
al. [96], 2021

Lin et al. [98],
2020

Littlefield et
al. [101], 2021

Mahmud et
al. [103], 2023

Interview

Personal notes

Questionnaire

Self-report

Survey

Survey

Survey

language features using
NLP/ML.
To evaluate model performance
identifying depression, anxiety,
suicide risk from brief

interviews.

To focus on learning depression
detection, sentiment, emotion

from unstructured text.
To detect self-harm.

To detect suicide content from

therapy communications.

To predict SI in military using
six psychological stress domains

by sex.

To classify military thoughts
and behaviors using consortium

data elements.

To predict suicidal behaviors
and key predictors among
Bangladeshi students during
COVID-19.

United States of

America: adults

Children,

adolescents, young
adults, adults, old

people

Korea: young adults,

COVID
United States of

America: depressed

patients

Taiwan: military

personnel, adults

United States of
America: military
personnel, young

adults, adults
Bangladesh:

university students,

young adults,
COVID
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ML: LR, SVM,
XGB

DL: Attention-
based model

DL: Graph NNs

ML: LR

ML: LR, DT, RF,
SVM, MLP, XGB

ML: RF, LR

ML: SVM, RF,
DT, Naive
Bayes, KNN

AUC: 0.70 for SVM.

Recall: 0.5647.

AUC: 0.878.

AUC: 0.8278.

The proposed algorithms improved
accuracy for predicting presence of
suicide ideation (SI) =1 by up to 5.7%
compared to the conventional BSRS-5
score 27 criterion. For predicting more

severe SI >2, accuracy improved by 6.1%.

Models had similar classification using

different features.

SVM: Accuracy (0.79), specificity (0.81),
receiver operating characteristic (0.89),
Kappa (0.59), and sensitivity (0.81).



Zuromski et
al. [102], 2020

Weller et al.
[165], 2021

Jung et al.
[99], 2019

Morales-
Rodriguez et
al. [97], 2023

Su et al.
[100], 2023

Survey

Survey

Survey

Survey

Survey, interview

To detect self-harm.

To develop an algorithm
predicting youth suicidal
thoughts/acts using risk
framework and social

determinants.

To develop a model to identify
high-risk suicidal Korean teens.

To examine variables linked to
suicide risk and predictive
ability.

To predict self-harm and suicide
act risk in adolescents.

United States of

America: army

soldiers, young
adults, adults

United States of
America: adolescents

Korea: adolescents

Spain: students

Australia:
adolescents

LR, RF, GB,
Naive Bayes

ML: LR, DT,

KNN, Naive

Bayes, XGB,
LGBM

ML: LR, RF,
SVM, ANN,
XGB

DL: ANN

ML: RF

AUC scores between 0.75 and 0.77.

Accuracy of LGBM model: 0.91.

Accuracy: XGB (0.79); SVM (0.787); LR
(0.779); RF (0.778); ANN (0.775).

Emotional attention contributed most to
ANN prediction, followed by problem
solving and perfectionism.

The most important factors across models
included depressed feelings, SDQ scores,
self-perceptions, and school/parent
factors. AUROC for self-harm prediction
was 0.7397 and SA prediction was 0.7220.

AUC: Area Under the Curve; MLP: Multilayer Perceptron; ANN: Artificial Neural Network; DT: Decision Tree; AUROC: Area Under the Receiver Operator Curve; ML:
Machine Learning; XGB: Extreme Gradient Boosting; BERT: Bidirectional Encoder Representations from Transformers; GB: Gradient Boosting; LGBM: Light Gradient Boost
Model; LR: Logistic Regression; NLP: Natural Language Processing; NN: Neural Network; RF: Random Forest; SA: Suicide Attempt; SVM: Support Vector Machine.

Table A. 8: Summary of studies (n=25) involving suicide prediction using digital and technology data.

Author, year

Dataset type

Aim of the Study

Study Population

Methods

Findings/Results (%)
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Onie et al.
[109], 2023

Xu et al.
[112], 2021

Liu et al.
[111], 2020

Ophir et al.
[107], 2020
Shen et al.

[5], 2020

Yao et al.
[116], 2020

Lekkas et al.
[104], 2021

Ragheb et al.
[117], 2021

Ramirez-
Cifuentes et
al. [120], 2021

Schoene et
al. [115], 2023

CCTV videos

Online

Conversations

Social media

Social media

Social media

Social media

Social media

Social media

Social media

Social media

To examine acceptability and
feasibility of automated crisis
detection.

To detect SI in online counseling
systems.

To summarize the research on SI
causes using psychological and
sociological analysis.

To predict SI from tone of posts
and chats on social media.
To predict SI in medical
students.

To extract suicidal posts among
opioid Reddit users.

To predict acute SI on
Instagram.

To detect at-risk users with
depression, eating disorder, self-
harm, suicidal thoughts.

To analyze text distinguishing
Reddit posts on depression,
eating disorders, SI, alcohol
from controls.

To predict SI from depression

notes.

Australia

China, Hong Kong,
young adults, adults

Chinese

Adults

China: students,

adolescents

Drug addicts

Germany:
adolescents

Miscellaneous

Miscellaneous

Miscellaneous
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DL: computer

vision models

NLP: Graph-
encoders
NLP: CRF,
Char-BiLSTM-
CRF, BERT

DL: DNN

ML: RF

ML: LR, RF,
SVM, RNN,
CNN
ML: XGB, DT,
KNN, NN

DL: BERT,
XLNet

ML: RF, LR

NLP: LSTM

The algorithm correctly identified crisis
clips 80% of the time and rejected non-
crisis clips 90% of the time.

Baseline LSTM.

The experiment showed word features
worked best. Fl-score: 0.79.

AUC: 0.697-0.746.

AUC: 0.9255; Accuracy: 0.901.

Fl-score: LR (0.940); RF (0.927); SVM
(0.943); RNN (0.952); CNN (0.961).

Accuracy: 0.702.

F1-score: 0.79.

Accuracy: 0.9723.

Fl-score: Distinguish suicide posts
(0.8266); Suicide classification (0.961)



Zhang et al.
[15], 2021

Baghdadi et
al. [121], 2022

Du et al.
[105], 2022

Mbarek et al.
[106], 2022

Metzler et al.
[117], 2022

Naseem et al.
[108], 2022
Renjith et al.
[124], 2022
Schoene et
al. [122], 2023

Adarsh et al.
[125], 2023

Buddhitha et
al. [123], 2023
Burkhardt et
al. [114], 2023

Social media

Social media

Social media

Social media

Social media

Social media

Social media

Social media

Social media

Social media

Social media

To detect SI online.

To detect SI online.

To classify texts of various
psychological states.

To detect profiles with SI to

prevent suicide.

Classify social media data by
characteristics linked to suicide
effects in research

Explain social media suicide risk
identification
To detect individuals with
suicidal thoughts
To classify expressions of
suicidality online
To distinguish between
depression symptoms and
suicidal ideas

To detect SI online.

To detect SI online.

Miscellaneous

Arabic

Miscellaneous

Miscellaneous

Miscellaneous

Miscellaneous

Miscellaneous

Miscellaneous

young adults, adults

America: young
adults, adults
America: young
adults, adults
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DL:
Transformers,
LSTM

NLP: BERT

ML: SVM, ANN

ML: RF, Bayes
Net, SVM, DT,
AdaBoost

DL: BERT,
XLNet

DL:
Transformer
DL: LSTM,
Attention CNN
DL: LSTM,
BERT, CNN

ML: KNN, SVM

ML: CNN

NLP: BERT

F1-score: 0.949.

Best-weighted sum metric.

Accuracy: SI: (0.882 with DL); texts of
anxiety (0.863 on DL); texts of depression
(0.835 on SVM).

F1-score: Bayes Net (0.748); SVM (0.829);
RF (0.854); AdaBoost (0.748); DT (0.785).

F1-score was 0.55 for the suicidal
ideation/acts category. Accuracy of 88%
for classifying suicide and non-suicide
related tweets.

F1-score: 0.79.

Accuracy: 0.903; F1- score: 0.926.

With text and NLP features CNN F1-
score: 0.91.

Accuracy: 98.05%.

F1-score: 0.889.

F1-score: 0.797.



Ghosh et al.
[110], 2023

Rabani et al.
[119], 2023
Talaat et al.

[118], 2023

Lietal. [189],
2024

Social media

Social media

Social media

Social media

To detect SI online on Bangla
social media texts.
To develop multi-class model

identifying social media suicide

risk levels.
To propose enhanced system
recognizing personality and

emotion.

To estimate depression's impact

on suicide risk.

Bangladesh DL: CNN
. ML: SVM, RF,
Miscellaneous
XGB
. ML: LR, RF,
Miscellaneous
SVM, DT, kNN
Depressed patients ML: DT

Accuracy: 0.943.

Highest accuracy: XGB 0.9633.

Accuracy: personality detection on RF:
0.9999; emotion recognition on DT: 0.8806.

Depressed individuals had 18% higher
suicide risk than non-depressed.

AUC: Area Under the Curve; ANN: Artificial Neural Network; CCTV: closed-circuit television; XGB: Extreme Gradient Boosting; CNN: Convolutional Neural Network;
DL: Deep Learning; DNN: Deep Neural Network BERT: Bidirectional Encoder Representations from Transformers;; DT: Decision Tree; KARA: Knowledge-Aware Risk
Assessment; LR: Logistic Regression; LSTM: Long-Short Term Memory; ML: Machine Learning; RF: Random Forest; NLP: Natural Language Processing; CRF: Conditional

Random Field; RNN: Recurrent Neural Network; SA: Suicide Attempt; SI: Suicide Ideation; SVM: Support Vector Machine.

Table A. 9: Summary of studies (n=10) involving suicide prediction using administrative and public data.

Author, year Dataset type Aim of the Study Study Population Methods Findings/Results (%)

, Develop accurate, interpretable ) The model identified patients diagnosed
Kim et al. . . . . ML: Attention . L. .
[10], 2019 Govt data model identifying patients at United States NN with self-harm or suicide on next visit

’ high SA risk. with AUC of 0.89
) Substance use, psych meds, prior
. . . Danish: gender- o . .
Examine sex-specific Danish poisoning diagnoses and stress disorders
Gradus et al. ) ) o based, Adolescents, . ]
Govt data registry profiles for suicide act ML: RF predicted SA risk for both sexes. The top
[127], 2021 ) Young Adults, . .
risk Adult 5% of predicted risk accounted for 44.7%
o of male and 43.2% of female SA
Horvath et To identify suicidal behavior in United States:
Govt data . ) . ML: GB AUC: 0.875; F1-score: 0.846
al. [131], 2021 a prison population prisoners
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Denmark: gender-

Jiang et al. Predict suicide among .
Govt data . wise, Depressed ML: DT, RF AUC RF (0.75 women, 0.70 men)
[126], 2021 depressed persons using ML ]
patients, Adults
Lin et al. Predict future multiple suicide Taiwan: Psychiatric ML: DT, SVM,
Govt data . o . ) Accuracy: 0.983
[129], 2022 acts in psychiatric patients. patients ANN
Findings showed comparable Black and
Predict suicide in undetermined ) NLP, ML: White suicide rates, indicating excess
Rahman et . o United States: Race- ) o .
Govt data cases using known homicide LIWGC, LR, RF, Black misclassification. This could be
al. [132], 2022 . focus .. ) .
and suicide data. NN mitigated using race-specific data. AUC:
0.987
L ML: RF, XGB, Balanced Accuracy — AUC: RF (0.786 -
Kwon et al. Develop ML model predicting Korea: Adolescents,
Govt data LGBM, 0.85); AdaBoost (0.788 - 0.86); LGBM
[130], 2023 adolescent SA COVID
AdaBoost (0.784 - 0.86); XGB (0.78 - 0.87)
) Quickly predict suicidal ) DL: LR, RF,
Shin et al. Korea: Children, Best performance: CNN. Accuracy: 0.8833;
Govt data thoughts and suggest XGB, MLP,
[134], 2023 . T Adolescents AUC: 0.9370
countering social risks. CNN
Wang et al. Identify individual social risks ~ United States, Puerto AUC: classifying circumstances (0.966);
Govt data . . NLP: BERT T .
[133], 2023 from death narratives. Rico: Adults classifying crises (0.942)
In a study of nearly 2 million with
handgun records, close to 40% of the top
) 5% highest risk transactions led to
Laqueur et Handgun Test if handgun records plus ML . ) ] o L
California: Adults ML: RF purchaser firearm suicide within 1 year.

al. [128], 2022

purchase records

forecast firearm suicide risk

Over two-thirds of transactions over 0.95
RF score ended in purchaser firearm
suicide within 1 year (24 of 35).

AUC: Area Under the Curve; ANN: Artificial Neural Network; MLP: Multilayer Perceptron; DT: Decision Tree; GB: Gradient Boosting; XGB: Extreme Gradient Boosting;
LGBM: Light Gradient Boosting Model; LIWC: Linguistic Inquiry Word Count; LR: Logistic Regression; ML: Machine Learning; NLP: Natural language Processing; NN:

Neural Network; RF: Random Forest; SA: Suicide Attempt; SDoH: Social Determinants of Health; SVM: Support Vector Machine; BERT: Bidirectional Encoder Representations

from Transformers.
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Table A. 10: Summary of studies (n=28) involving suicide prediction using multimodal data.
Author, year Dataset type Aim of the Study Study Population Methods Findings/Results (%)
To investigate biomarker, social, )
Biomarkers, fvestis . ' ‘1 The AUC for detecting SIin LLD and its
Lozupone et ] ] psychological, and metabolic
questionnaires, ) ) i Italy: old age people ML: LR subtypes (LOD and EOD) were 0.8058,
al. [137], 2022 . relationships to Sl in older .
hospital data ) 0.6362, 0.6693 respectively.
subjects.
Highlights opportunities for innovation
Allen et al. Body To predict SI using body sensors through smartphone, wearable, and smart
Adolescents ML: SVM
[1], 2019 sensors/wearables and wearables. home technology to enable early
identification and intervention for suicide.
. Medications and therapies impacted risk,
) To predict adverse events for ) DL: . ) o
Miranda et ) ] ) United States: PTSD, while veteran status, segregation, limited
EHRs patients with comorbid PTSD or . Transformer, . .
al. [152], 2024 . alcohol addicts parks/English, younger age, and income
alcohol addiction. DNN ] )
increased risk. AUC: 0.94.
Yarborough To evaluate if opioids improve Opioid variables do not improve suicide
H& o M u 11 OpIOLds Iprov United States: drug . p o P
et al. [148], EHRs suicide risk models from Mental ddict ML: Regression risk prediction beyond mental health
addicts
2022 Health Research Network. predictors for diagnosed patients.
To understand key neural
Shao et al. " ) Y ) .u ) Neural features predict SI better than
EHRs, MRI mechanisms for suicidal Taiwan: old people ML: SVM o ) .
[12], 2022 . clinical data or questionaries alone.
thoughts and actions.
. To evaluate ML model and C- Combined models had better AUROC
Wilimitis et EHRs, . o . . .
. . SSRS abilities to individually United States: adults ML: LR, RF (above 0.86) than EHR or questionnaire-
al., 2022 [155] Questionnaires o .
and jointly predict SA, SI. based models.
To study neural factors behind .
. . . .. o rer Australia: mood .. . .
Malhi et al. fMRI, clinical emotional cognitive flexibility in ) , Cognitive—emotional deficits may cause
) ; ] . disorder patients, ML: ANOVA
[190], 2019 interview MDD patients and their dult
adults
association with SI.

suicidal activity.
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Hao et al.
[154], 2023

Joo et al.
[136], 2022

Kim et al.
[156], 2021

Pavicic et al.

[147], 2020

Edgcomb et
al. [144], 2023

Xu et al.
[135], 2022

Haines-

Delmont et
al. [139], 2020

Qin et al.

[138], 2024

) , To predict SI using multimodal
fMRI, interviews dat
ata.

Genetic data, self- To assess if polygenic scores and

reported stress associate with youth
suicide risk.
To evaluate MMPI-2's utility in
suicide risk assessment using
MMPI-2 and risk evaluation

results.

questionnaire
Government data,

Interview

Government data,  To predict SA using data from

Survey the Million Veteran Program.
To assess ICD codes and chief
Hospital data complaints vs clinician review to

detect self-injury in children.
To use clinical and genetic
factors to predict MDD to BD

conversion.

Hospital data,
genetic data

Interviews, bod
Y To study suicide risk prediction.

sensors/wearables
To study the association of
structural covariance network
and STB in individuals with
MDD.

MRI, genetic data

China: MDD,

adolescents, young

adults, adults

United States of
America: children

United States of
America: students,

young adults

United States of
America: veterans,
young adults, adults,

old people

United States of
America: children

China: MDD, bipolar
disorder, adults

United Kingdom

China: MDD, adults,
young adults
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ML: KNN, LR,

RF, SVM

ML: LR, RF

ML: RF, KNN

ML: RF

ML: LR, RF

ML: LR

ML: KNN

ML: SVM

Multimodality classifiers (63-92%
accuracy) significantly outperformed

brain-only (56-85%) or behavior-only (64-

73%) models.

Accuracy: STB - 0.67; SI - 0.66.

Accuracy SI, SA: KNN (0.916, 0.947); RF
(0.929, 0.95).

Married men living with spouses have
lower suicide attempt rates.

Applying ML to health records may
strengthen detecting self-injury in
children v/s codes alone.

SA and hospitalizations associated with

MDD to BD conversion.

Accuracy: 0.68.

Balanced accuracy: 0.625; AUC: 0.676.



Vogt et al.
[146], 2023

Yang et al.
[145], 2023

Barzilay et al.
[149], 2023

Rozek et al.
[151], 2020

Ramirez-
Cifuentes et
al. [142], 2020

Cao et al.
[13], 2022

Chatterjee et
al. [141], 2022
Cai et al.
[153], 2023
Lietal. [157],
2023

Ghanadian et
al. [158], 2024

Public data, self-

reports

Questionnaire,
biochemical
sample, hospital
data

Self-reports, body

sensors/

wearables

Self-reports,
clinical data

Social media

Social media

Social media

Social media

Social media

Social media

To predict US veterans' suicidal
ideation.

To accurately detect suicide
attempt risk in MDD patients.

To examine passive mobile data
and clinical/self-reported suicide
link over 6 months.

To predict SI in soldiers.

To assess Spanish social media

users' suicide risk.
To establish key individual SI
risk factors.

To provide early SI detection by

evaluating social media.
To detect depression.

To predict SI using social media
data.

Generation of synthetic data
about SL

United States:

veterans, adults

China: MDD, adults,
young adults

Israel: adolescents
United States of
America: military
personnel, young
adults, adults
Spain
China: depressed

patients, bipolar,
young adults

Miscellaneous

China

China

Miscellaneous
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ML: RF

ML: Regression

DL: LR, RF,
VAE

ML

ML: LR, RF,
SVM, MLP,
CNN

DL: CNN

ML: SVM, RF,
DT, LR

DL: CNN

DL: RF, KNN,
SVM, CNN
NLP: ChatGPT,
Flan-T5, and
Llama

Well-being factors predicted, though not
as well as psychopathology by self-report,
for veterans' SI prediction.

AUROC: 0.720.

Sensitivity: 0.308; Specificity: 0.992;
Accuracy: 0.873.

Accuracy: SVM (0.84).

Accuracy: 0.93.

AUC: LR (0.86); RF (0.83); SVM (0.87); DT
(0.77).

F1:0.92.

Accuracy: 0.8875 for CNN.

F-1 score: 0.82.



By combining multiple data streams, the
ML method estimated weekly suicide
ML: NN deaths with high correlation (0.811) and
annual suicide rates with low error
(0.55%) to actual counts and trends.

Choi et al. Social media, To estimate weekly US suicide United States of
[150], 2023 economic data. deaths in near real time. America

United States: young

Fulginiti et Social media, ) o
, , To predict SI and SA. people experiencing ML: DT Accuracy: SI (0.68); SA (0.71).
al. [143], 2022 interview

eomelessness

. . To use linguistic features in . Best performance: LR. Pearson correlation

Lyuetal Social media, ) . ) China: adolescents, ML: LR, SVM, o ]
. . English social media for coefficient: 0.33; R-squared: 0.10; split-half
[140], 2023 questionnaires young adults, adults RF, GB

depression detection. reliability was 0.75.

DNN: Deep Neural Network; BP: Bipolar Disorder; CNN: Convolutional Neural Network; DL: Deep Learning; DT: Decision Tree; GB: Gradient Boosting; LR: Logistic
Regression; MDD: Major Depressive Disorder; ML: Machine Learning; SVM: Support Vector Machine; MMPI-2: Minnesota Multiphasic Personality Inventory-2; NLP:

Natural Language Processing; PTSD: Post-Traumatic Stress Disorder; RF: Random Forest; SA: Suicide Attempt; SDoH: Social Determinants of Health; SI: Suicide
Ideation; STB: suicidal thoughts and behaviors; VAE: Variational Autoencoder; MLP: Multilayer Perceptron; ICD-10-CM: related International Classification of
Diseases, Tenth Revision, Clinical Modification; NN: Neural Network.

Table A. 11: List of studies utilizing different Al-based techniques.

AI Technique Model Number of Papers References
DL CNN 16 [13, 46, 76,77, 88, 89, 93, 110, 115, 116, 123, 124, 134, 142, 153, 157]
Attention-based models 5 [10, 15, 108, 124, 152, 186]
Transfer learning models 4 [93, 109, 113, 117]
DL/NLP BERT 12 [48, 51, 53, 95, 111, 113, 114, 115, 117, 121, 133]
LSTM 6 [2, 15, 39, 81, 111, 115, 124]
ML LR 37 [14, 22, 35, 37, 44, 50, 55, 57, 59, 60, 65, 67, 69, 73, 75, 78, 83, 91, 96, 98, 99, 101,

102, 116, 118, 120, 135, 136, 137, 140, 141, 142, 144, 154, 155, 165, 188]
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RF 53 [5, 11, 14, 16, 28, 35, 37, 43, 61, 65, 66, 68, 72, 75, 78, 80, 81, 82, 83, 84, 90, 94, 99,
100, 101, 102, 103, 106, 111, 116, 118, 119, 120, 126, 127, 128, 130, 132, 134, 136,
140, 141, 142, 144, 146, 147, 149, 154, 155, 156, 157]
SVM 35 [1,3,7,12, 14, 16, 33, 35, 37, 42, 43, 65, 68, 70, 85, 86, 87, 98, 99, 103, 105, 106,
116, 118, 119, 125, 129, 138, 140, 141, 142, 154, 157, 183, 188]
XGB 14 [35, 37,74, 76, 78, 90, 98, 99, 104, 119, 130, 134, 165, 188]
KNN 8 [103, 104, 118, 125, 139, 154, 156, 165]
DT 15 [31, 57, 65, 78, 90, 98, 104, 106, 118, 126, 129, 141, 143, 189]
Ada Boost 3 [16, 106, 130]
Naive Bayes 7 [64, 79, 102, 103, 104, 165, 187]
NLP Word embeddings 1 [29]
Rule-based models 2 [30, 52, 92]
LLMs 3 [27, 49, 158]
Graph-based models 2 [112, 182]
Table A. 12: List of related systematic review studies.
. . Representative
Title Reference Year of Publication Lo
Paper(s) in Figure 1
Natural Language Processing in Electronic Health Records in relation to [191] 2023 [17]
healthcare decision-making: A systematic review
Textual emotion detection in health: Advances and applications [192] 2023 [17]
Mental Health Analysis in Social Media Posts: A Survey [193] 2023 [17, 23]
Mining social networks to improve suicide prevention: A scoping review [194] 2020 [17, 23]
Deep learning techniques for suicide and depression detection from online [195] 2022 [17, 23]
social media: A scoping review
Legal, ethical, and wider implications of suicide risk detection systems in [196] 2021 [17, 23]

social media platforms
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Artificial intelligence and machine learning in mobile apps for mental health:
A scoping review
The Use of Closed-Circuit Television and Video in Suicide Prevention:
Narrative Review and Future Directions
Freely Available Training Videos for Suicide Prevention: Scoping Review
The use of advanced technology and statistical methods to predict and
prevent suicide
Artificial intelligence and suicide prevention: a systematic review
Emerging Artificial Intelligence-Empowered mHealth: Scoping Review
Artificial intelligence for suicide assessment using Audiovisual Cues: a review
Suicidal Ideation Detection: A Review of Machine Learning Methods and
Applications
Can machine-learning methods really help predict suicide?
Suicidal behaviour prediction models using machine learning techniques: A
systematic review
Intervention targets for reducing mortality between mid-adolescence and
mid-adulthood: a protocol for a machine-learning facilitated systematic
umbrella review
Machine learning for suicidology: A practical review of exploratory and
hypothesis-driven approaches
Machine learning for suicidal ideation identification: A systematic literature
review
The performance of machine learning models in predicting suicidal ideation,
attempts, and deaths: A meta-analysis and systematic review
Classification of suicidality by training supervised machine learning models
with brain MRI findings: A systematic review
The use of machine learning in the study of suicidal and non-suicidal self-
injurious thoughts and behaviors: A systematic review
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[197]

[198]

[199]
[200]

[201]
[202]
[203]
[204]

[205]
[206]

[207]

[208]

[19]

[209]

[210]

[211]

2022

2021

2023
2023

2022
2022
2023
2021

2020
2022

2023

2020

2022

2022

2023

2019

[22]

[23]

[23]
[23]

[22, 24]
[22, 24]
[22, 23, 24]
[25]

[25]
[25]

[25]

[22, 25]

[22, 25]

[22, 25]

[22, 25]

[22, 25]



Neural Correlates Associated With Suicide and Non suicidal Self-injury in
Youth
Practices for monitoring and responding to incoming data on self-injurious
thoughts and behaviors in intensive longitudinal studies: A systematic review
Impact of Big Data Analytics on People's Health: Overview of Systematic
Reviews and Recommendations for Future Studies
Exploration of EEG-Based Depression Biomarkers Identification Techniques
and Their Applications: A Systematic Review
Leveraging data science to enhance suicide prevention research: a literature

review

[212]

[213]

[214]

[215]

[216]

2021

2021

2021

2022

2022

[24]

[23]

[24]

[24]

[22, 24]
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