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Machine learning (ML) has emerged as a promising tool to enhance suicidal prediction. However, as many large-sample
studies mixed psychiatric and non-psychiatric populations, a formal psychiatric diagnosis emerged as a strong predictor of
suicidal risk, overshadowing more subtle risk factors specific to distinct populations. To overcome this limitation, we
conducted a systematic review of ML studies evaluating suicidal behaviors exclusively in psychiatric clinical populations. A
systematic literature search was performed from inception through November 17, 2022 on PubMed, EMBASE, and Scopus
following the PRISMA guidelines. Original research using ML techniques to assess the risk of suicide or predict suicide
attempts in the psychiatric population were included. An assessment for bias risk was performed using the transparent
reporting of a multivariable prediction model for individual prognosis or diagnosis (TRIPOD) guidelines. About 1032 studies
were retrieved, and 81 satisfied the inclusion criteria and were included for qualitative synthesis. Clinical and demographic
features were the most frequently employed and random forest, support vector machine, and convolutional neural network
performed better in terms of accuracy than other algorithms when directly compared. Despite heterogeneity in procedures,
most studies reported an accuracy of 70% or greater based on features such as previous attempts, severity of the disorder, and
pharmacological treatments. Although the evidence reported is promising, ML algorithms for suicidal prediction still present
limitations, including the lack of neurobiological and imaging data and the lack of external validation samples. Overcoming
these issues may lead to the development of models to adopt in clinical practice. Further research is warranted to boost a field
that holds the potential to critically impact suicide mortality.
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“Is there no way out of the mind?”

-Sylvia Plath

“The person in whom lts invisible agony reaches a certain
unendurable level will kill herself the same way a trapped
person will eventually jump from the window of a burning
high-rise. Make no mistake about people who leap from
burning windows. Their terror of falling from a great height is
still just as great as it would be for you or me standing
speculatively at the same window just checking out the view;
i.e., the fear of falling remains a constant. The variable here is
the other terror, the fire’s flames: when the flames get close
enough, falling to death becomes the slightly less terrible of
two terrors.

It's not desiring the fall; it's terror of the flames.”

- David Foster Wallace

INTRODUCTION
The prediction of suicide has been a challenge for decades, and to
date, a method for anticipating individual suicides or stratifying
patients according to suicide risk is still lacking [1]. Suicide is a
worldwide phenomenon and ranks as the second most frequent
cause of premature mortality in individuals between 15 and
29 years (preceded only by traffic accidents), and as the third in
the age group 15-44 years [2].

Alarmingly, recent studies suggest that the detection of risk
factors and the implementation of interventions are inadequate
[3]. The majority of individuals who have attempted suicide are

'Social and Affective Neuroscience Group, MoMiLab, IMT School for Advanced Studies Lucca, Lucca, Italy. 2Department of Neurosciences and Mental Health, Fondazione IRCCS
Ca’ Granda, Ospedale Maggiore Policlinico, Milan, Italy. Department of Pathophysiology and Transplantation, University of Milan, Milan, Italy. “MoMiLab, IMT School for
Advanced Studies Lucca, Lucca, Italy. *These authors contributed equally: Alessandro Pigoni, Giuseppe Delvecchio. ®email: paolo.brambillal@unimi.it

Received: 5 June 2023 Revised: 22 February 2024 Accepted: 22 February 2024

Published online: 09 March 2024

SPRINGER NATURE


http://crossmark.crossref.org/dialog/?doi=10.1038/s41398-024-02852-9&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1038/s41398-024-02852-9&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1038/s41398-024-02852-9&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1038/s41398-024-02852-9&domain=pdf
http://orcid.org/0000-0002-9122-5656
http://orcid.org/0000-0002-9122-5656
http://orcid.org/0000-0002-9122-5656
http://orcid.org/0000-0002-9122-5656
http://orcid.org/0000-0002-9122-5656
http://orcid.org/0000-0002-6768-5556
http://orcid.org/0000-0002-6768-5556
http://orcid.org/0000-0002-6768-5556
http://orcid.org/0000-0002-6768-5556
http://orcid.org/0000-0002-6768-5556
http://orcid.org/0000-0002-4021-8456
http://orcid.org/0000-0002-4021-8456
http://orcid.org/0000-0002-4021-8456
http://orcid.org/0000-0002-4021-8456
http://orcid.org/0000-0002-4021-8456
https://doi.org/10.1038/s41398-024-02852-9
mailto:paolo.brambilla1@unimi.it
www.nature.com/tp

A. Pigoni et al.

reported to consult with physicians prior to the attempt,
suggesting that a possibility to intervene might be possible in
these help-seeking subjects. The difficulty in predicting suicidal
behaviors relies on the lack of clear psychiatric biomarkers and the
poor predictive power of individual risk factors [4]. Suicidal
behaviors, as many other psychiatric phenomena, are likely the
result of the complex relationship between several environmental
and trait variables interacting to modify the actual risk rate [4, 5].
Well-recognized risk factors for suicide encompass mental
disorders, previous suicide attempts, early trauma, negative life
events, and vulnerable periods, with important differences among
sexes in terms of ideation and lethality [6, 7]. However, traditional
suicide risk factors have only limited clinical predictive value and
show a relatively poor clinical utility in predicting suicide
occurrence [8, 9], even in high-risk population, such as depressed
patients [10].

That is, to date, a method for anticipating suicides or stratifying
patients according to risk for suicidal behaviors remains elusive,
and no biomarkers have been yet established [9, 11].

Over the last decades, machine learning (ML) techniques
emerged as a potential new tool to improve the management
of complex problems in psychiatry [12]. This form of multimodal
learning has shown to improve prognostic/predictive performance
in various fields of medicine, e.g., cardiology and neurology
[13, 14]. As a matter of fact, ML can be used to process high-
dimensional sets of variables and determine the optimal model for
classification. Importantly, such techniques allow predictions at
the individual level, therefore representing a promising tool to
accurately characterize the complex nature of suicidal behavior.

In the last few years, several algorithms and procedures have
been used to predict suicidal behaviors in different populations
[11, 15-17]. Given that suicide is considered a transdiagnostic
feature, a number of studies have been conducted in the general
population, sometimes with very large and heterogeneous
samples [6, 18]. One of the most solid findings emerging from
studies focusing on the general population is that a formal
psychiatric diagnosis is a strong predictor of suicidal risk in
different samples across countries [1, 6, 18, 19]. This is not
surprising, as up to 90% of all suicides occur in psychiatric
populations [1, 20-22], with mood disorders being considered the
leading cause of suicidality among mental disorders [23, 24].

Therefore, the inclusion of both healthy individuals and
psychiatric patients into large sample ML studies may prevent
the identification of more subtle risk factors specific to distinct
psychiatric disorders by merely taking into account a previous
psychiatric diagnosis as the driving factor for the analysis. Instead,
by targeting vulnerable populations only, ML could uncover
predictors of suicidal behaviors specific to distinct disorders and
help in better stratifying patients according to the actual risk. This
would translate into useful information that can be more easily
applied in clinical and forensic settings [25].

In this context, in this work, we provide a systematic review of the
results from ML studies in psychiatric clinical populations and
discuss crucial issues in ML literature, including employed algo-
rithms, features, and samples, with the aim of providing meaningful
considerations to future research in the field of suicide prevention.

MATERIAL AND METHOD

The current systematic review followed the preferred reporting
items for systematic reviews and meta-analyses (PRISMA) guide-
lines [26].

Search strategy

A systematic literature search was performed for articles published
from inception through November 17, 2022 on PubMed, EMBASE,
and Scopus, using the following search terms adapted for each
database:
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(suicid* AND (machine learning OR support vector machine OR
deep learning OR neural network OR random forest OR xboost OR
gradient boosting OR regression tree OR elastic net) AND
(psychiatr* OR schizophren* OR depress* OR obsessive OR bipolar
OR mania OR manic OR anxiety OR borderline OR personality)

Database searches were supplemented by hand-search, which
encompassed an extensive search through the reference list of
included papers, previous reviews, and the “Similar Articles”
sections in PubMed (reported in Fig. 1 as “Other sources”).

Two authors (A.P. and G.D.) independently performed the
literature search. Documents were assessed according to the
following inclusion criteria: (1) journal article available in English,
(2) original investigation, (3) employment of ML methodology, (4)
evaluation of a suicide risk outcome or self-harm; (5) evaluation of
a psychiatric population. Also, we included studies if (a) the
sample was composed of individuals with a confirmed psychiatric
diagnosis, irrespective of the specific diagnosis and disease
severity, and (b) used multiple psychiatric diagnoses or a
transdiagnostic framework. The absence of a control group of
healthy individuals was not considered an exclusion criterion. To
be included, studies must have used ML as a primary or secondary
analysis method to predict suicide attempt, suicide risk, or to
stratify patients according to risk. No restriction of age was
applied. If controversies emerged in the screening processes, they
were resolved by discussion between the two authors (A.P. and
G.D.) with a third party (P.B.).

Exclusion criteria were the following: (1) non-original investiga-
tions (reviews, expert opinions, meta-analyses); (2) article not in
English; (3) employment of a methodology other than ML (logistic
regression was excluded, except when it was compared to other
ML approaches); (4) evaluation of outcomes other than suicide; (5)
exclusive evaluation of non-psychiatric populations (e.g. general
population, neurologic patients, high-risk populations, emergency
department patients). Given that suicidal behaviors are reported
across all ages, age-related variables were not considered an
exclusion criterion.

We also excluded studies in which the sample was composed
by “suicide attempters” without further differentiation in terms of
the presence or absence of psychiatric diagnoses. A PRISMA
flowchart (Fig. 1) (Page et al, 2021) was created to graphically
depict the inclusion/exclusion of studies.

Data extracted
A preliminary data extraction form was designed by A.P.; it was
then pilot-tested on five randomly selected studies and fine-tuned
accordingly. The search was rerun on a weekly basis, and data
from the newly included studies were added to the database
accordingly.

For each article, the following variables were extracted:

General information (author, year of publication).

® Sample characteristics (demographics,
clinical data).

® Type of ML algorithm(s) employed.

® Number and characteristics of features employed for predic-
tion.

® ML performance metrics (AUC, Accuracy, Sensitivity, Specifi-
city).

® Number of psychiatric diagnoses assessed.

Type of psychiatric disorders assessed.

® Findings regarding the prediction of suicide or the classifica-

tion of risk.

numerosity,

Descriptive analyses

Given the different types of features and algorithms employed,
the data were not homogeneous enough to be included in a
quantitative meta-analysis. Descriptive analyses were employed to
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PRISMA 2020 flow diagram for new systematic reviews which included searches of databases, registers and other sources
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Fig. 1
et al., 2021).

analyze study findings by key design characteristics such as the
employed features, sample size, and ML algorithms.

Quality assessment

An assessment for bias risk was performed using the Transparent
Reporting of a Multivariable Prediction Model for Individual Prognosis
or Diagnosis (TRIPOD) guidelines [27] (see Supplementary Materials
for more details; see Supplementary Table 3 for risk bias results).

RESULTS
Based on the search strings and after the removal of duplicates,
745 unique studies were retrieved and screened for eligibility from
direct database search and 109 from other sources (Fig. 1).
During this screening phase, 82 studies were rejected because they
failed to fully meet the inclusion criteria. Subsequently, we reviewed
the full texts of the remaining 663 studies plus 109 from other
sources. Six hundred studies were further excluded since they did not
meet the inclusion criteria (see Fig. 1 for a complete description).
As a result, the remaining 81 studies were included in the
qualitative synthesis of the review, whose information are
summarized in Table 1.

Description of outcome employed

Regarding the predicted outcome, 41 (51%) studies used ML to
predict lifetime suicide attempts (e.g., retrospective assessed past
attempts), while only 16 (19.7%) longitudinally assessed the risk of
suicide using future risk/attempts as an outcome. Specifically, five
studies [28-32] predicted the attempts/death at 1 month after the
actual evaluation, the study by Chen and colleagues [33] predicted
suicide attempts at both one and 3 months from the assessment,
while three studies [34-36] predicted suicide risk at three months,
and Nock and colleagues [37] predicted suicide between 1 and
6 months. Three studies [38-40] predicted suicide attempts at
12 months, and one study [41] stratified suicide risk at 12 months

Translational Psychiatry (2024)14:140
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after the actual assessment. Finally, three studies [42-44]
predicted future hospitalization for suicide or future suicide
attempts without defining a precise temporal window.

Moreover, 14 studies predicted suicide ideation alone [45-55] or
in combination with suicide attempts [56-60]. Finally, other
studies predicted self-harm [61-64], suicide risk [38, 55, 65-70],
the number of suicide attempts [71], and the presence of a familiar
history of suicide [72].

Description of ML algorithms used

Regarding the number and type of ML approaches employed in
the studies, 46 (57%) of the retrieved papers used a single ML
algorithm, while 35 (43%) employed more than one. Among those
employing more than one ML method, the average number of ML
algorithms used was 3.8, with a range from 2 to 7. The most used
algorithms were random forest (RF) and support vector machine
(SVM), which were employed 29 times each, followed by neural
networks-based approaches and decision tree-based approaches,
employed 22 and 18 times, respectively. Other ML approaches
were used more scarcely: elastic net eight times, Bayesian-based
approaches six times, and clustering methods only four times.

Among studies adopting only one ML algorithm, neural
networks were used 12 times, SVM 11, RF 5, tree-based
approaches 4 times, and elastic nets three times.

In the studies that compared more than one algorithm, ML
methods always performed better than LR. Moreover, RF
[32, 57, 73] and SVM [74, 75] resulted among the best-
performing algorithms, often with comparable results [65, 76],
when compared to other methods. Finally, when present, CNN
outperformed other ML methods [49, 50, 62, 77], including SVM
and RF (please see Supplementary Table 4 for further details).

Description of the sample sizes and most assessed diagnoses

Sample sizes varied substantially across studies, ranging from 37
[42] to 10,120,030 [61] individuals, with an average of 230,074.5
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features in order to predict suicide, and a single study [46]
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explored the predictive value of the human metabolome,
employing 123 plasma metabolites, to predict suicide. Lastly,
three studies [36, 51, 83] used blood biochemistry in association
with clinical and sociodemographic data.

Description of AUC and accuracy ranges

A total of 62 studies (76.5%) reported at least the accuracy or the
area under the curve (AUC) of their prediction, while the
remaining studies reported different metrics (e.g., positive
predictive value, sensitivity F1 score [84]), also because of the
methods employed (e.g., clustering and neural networks
[41, 68]).

Interestingly, 87% of studies (i.e., 54 out of 62) focusing on
either prediction accuracy or AUC reported values above 70% or
0.70, respectively. Specifically, eleven studies reported an accuracy
between 70 and 80%, 14 between 80 and 90%, and six studies
above 90%. Regarding AUC, 14 studies showed AUC between 0.70
and 0.80, 16 between 0.80 and 0.90, and eleven studies reported
AUC above 0.90. The AUC of selected studies is reported in Fig. 2
as a function of sample sizes and number of features. Nonetheless,
besides a few notable exceptions [38, 42, 43], no studies tested
their prediction on independent validation samples. However, it is
noticed that in highly unbalanced samples, the lack of an
independent validation sample greatly reduces the overall
generalizability. Therefore, these findings are likely to suffer from
overfitting and should be regarded with caution [85].

Most relevant features

Studies employing clinical and sociodemographic variables
confirmed previous suicide risk factors. Previous suicide attempts,
suicidal behaviors, or self-harm acts were among the strongest
and most replicated predictors [28, 32, 33, 37-39, 61, 63,
71, 73,75, 86-90]. Similarly, the type and severity of the psychiatric
diagnosis seem to be associated with an increased risk of suicide.
In detail, diagnosis and severity of MDD [4, 33, 56, 86, 88, 89, 91],
psychotic features alone or accompanied by mood disorder
[4, 63, 91], borderline personality disorder [33, 86, 89] and previous
psychiatric hospitalizations [91, 92], ranked among the most
relevant features. Moreover, also comorbidity with alcohol or
substance use or abuse emerged as relevant features, irrespec-
tively of the initial diagnosis [28, 57, 71-73, 90-93]. Interestingly, a
significant effect on suicide prediction was reported for the use
and dosage of psychiatric pharmacotherapy, specifically antipsy-
chotics [33, 63, 64] and antidepressants, especially tricyclics
[33, 64, 73]. Moreover, variable importance analysis in a sample
of 390,000 US veterans showed that 51.1% of model performance
was driven by psychopathological risk factors, 26.2% by social
determinants of health, 14.8% by prior history of suicidal
behaviors, and 6.6% by physical disorders [87].

In line with this result, other ML studies highlighted the
importance of socio-occupational status and well-being
[56, 63, 65, 87, 93]. Similarly, non-psychiatric health issues have
been reported among the features able to predict suicide
[38, 56, 94]; moreover, one study reported the use of commonly
prescribed opioids (e.g., Fentanyl) as a relevant feature in the
prediction [57].

Regarding demographic variables, sex, and age differences also
emerged. Sex resulted in a significant predictor in five studies,
showing either increased risk for males [39, 63, 92] or more
complex relationships between biological sex and risk factors
[29, 73]. Moreover, age ranked among the most predictive features
in five studies [38, 39, 63, 71, 73, 94], with Lopez-Castroman and
colleagues [71] also suggesting that the risk increases until
middle-aged, but then tends to decrease in the elderly. Lastly, only
two studies [72, 93] reported family history of suicide among the
most relevant features assessed, whereas criminal or violent
behavior were listed as predictive in two other investigations
[28, 39].
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Regarding the studies that assessed the predictive power of
brain imaging data, the thickness and volume of the orbitofrontal,
the anterior and posterior cingulate, and the temporal areas were
selected by the algorithm as best predictors of suicide attempts in
a group of young individuals and MDD patients [53], while in late-
life depression sample, frontal areas and precuneus emerges as
the strongest predictors [58]. Moreover, measures of functional
connectivity [69] of frontolimbic [79, 81] and fronto-temporal
circuits, as well as of the default mode network (DMN) [54, 68, 81],
the amygdala, the parahippocampus and the putamen [54, 81],
attained classification accuracies above 70%.

Regarding clinical predictors in MDD populations, llgen and
colleagues [92] reported that co-occurring substance use, male
sex, and previous psychiatric hospitalizations increased the risk of
suicide. Similarly, in a more recent publication [89], hospitalization,
previous suicide attempts, and co-diagnosis with a personality
disorder resulted in the most relevant features to predict suicide,
yielding an accuracy above 80%. Moreover, thyroxine plasma level
and the severity of depression (measured via the Hamilton scale
for depression - HAMD) were able to predict suicide with an
accuracy of 70% [51].

In studies that involved a broader spectrum of diagnoses of
mood disorders (including MDD, BD and also anxiety disorders),
previous history of suicide or suicidal thoughts [56, 63], presence
of psychotic features [63, 91], and socio-occupational functioning
[56, 63, 65] ranked among the most important features in the
prediction (all scoring above 70% accuracy). Lastly, Passos and
colleagues [91] showed a significant contribution of substance use
or dependence and of the number of previous hospitalizations to
suicide risk, whereas lorfino and colleagues [63] found that
treatment with antipsychotics, sex, and age were relevant features
in the prediction. A brief summary of the most important features
is reported in Supplementary Table 5.

DISCUSSION

The objective of our review was to summarize the results of ML
studies in predicting suicidal behaviors in psychiatric clinical
populations. Although the earliest publication in our review dates
back to 1998, more than half of the reports were published
between 2019 and 2022, ultimately suggesting that ML
approaches in psychiatry, and especially in suicide prediction,
are becoming more and more frequent nowadays. It is, therefore,
important to constantly update the literature evaluation in order
to keep pace with an exponentially increasing field. This translates
into the opportunity to critically guide the nascent field and
address key gaps in the existing literature. Compared to previous
literature [95], our review focused only on psychiatric samples, in
order to reduce the bias given by the diagnoses in general
population. When focusing on broader samples, studies tend to
find the presence of a psychiatric diagnosis as one of the most
predictive features. Since it is well-known that the psychiatric
population are at higher risk for suicidal behaviors, using general
population often does not add knowledge in suicide prevention,
while on the other side might mask more subtle risk factors.
Moreover, compared to previous reviews in the field [95], we gave
a more in-depth analysis of predictive features and also employed
two different scoring ranking especially designed for ML studies
(see Supplementary materials), in order to give the most precise
overview of the literature. Critically, all these aspects might serve
as a starting point for future studies.

Regarding our results, most studies classified lifetime suicide
attempts, and fewer assessed suicidal attempts in a follow-up time
window [28-32, 38, 39, 96]. Moreover, some studies classified their
sample for death by suicide [44], suicidal ideation
[45, 46, 48-51, 56, 57], or risk stratification [38, 41, 65-69].
Differences in the outcomes and in the definition of risk pose a
problem for the interpretation of the results, as risk factors for

SPRINGER NATURE

17



A. Pigoni et al.

18

Sample size VS Features with Accuracies

@
0.9
104
3
2 ® 3
2 ® <
< 1034
2 .. 0.8 E
5 1]
‘ [#] ®
102 ]
° @
® ° [ ]
°® 0.7
10
L}
10 10¢ 10

num. of subjects

Fig. 2 Graphical representation of the AUCs as a function of the
number of features and the sample size. When the authors
performed more than one analyses using the same features and
sample, the highest prediction value was used for the present
graph. Features number and sample size are reported in a
logarithmic scale. The color bar indicates the prediction rate. Good
predictions are reached even with a limited number of subjects and
features. However, this graph does not hold any meta-analytic value,
given the differences between the studies.

suicide are reported to be different from those for self-harm and
suicidal ideation [1, 97]. In addition, studies also varied in terms of
sample selection. Indeed, while most of the publications assessed
suicide as a transdiagnostic outcome [38, 40, 63, 66, 67, 81, 98],
only a few authors focused on patients with a specific diagnosis,
mostly mood disorders [46, 51, 53, 58, 68, 75, 89, 92]. These
differences limit the translation of the findings into clinical
practice. Prediction models will likely improve prediction accuracy
and inform clinical decisions if tailored not just for specific
diagnostic groups but also on a dimensional approach to
psychiatric disorders [16], as every diagnosis has a different and
specific type of assessment and disease trajectory. This means that
different patients’ groups might have different predictive features,
with probable overlaps between diagnoses. Therefore, a focus on
specific diagnostic groups should not divert attention from a
comprehensive evaluation of the patient, given that both physical
and psychiatric (especially substance abuse disorder) comorbid-
ities proved among the most important predictive features.
Furthermore, another main issue regarding the reviewed
studies is the imbalance between the prediction groups, given
the low prevalence of the event of interest, with some studies
including a larger control group, even tenfold bigger, than the
suicidal group [41, 57, 77]. Although an imbalance is intrinsic to
this kind of studies, given the prevalence of suicide in psychiatric
disorders, some methods can be deployed to reduce the risk of
false positive. Fan and colleagues [57] opted for an oversampling
in the training phase, a procedure that creates new samples by
connecting inliers and outliers from the original dataset. This
technique allows the creation of dummy subjects to balance the
sample, to foster the reliability of the ML analysis. Other analytical
procedures to overcome the issue of imbalanced samples imply
weighting of the hyperplane for uneven group sizes, selecting a
specific “weight” based on the difference between the groups.
Notably, in most of the cases, the variables employed as
predictors were clinical and sociodemographic [48, 57, 87]. Several
of the strongest predictors in ML studies are well-known risk
factors for suicide, such as previous suicide attempts, previous
hospitalizations, and severity of depression [28, 38, 51, 89, 91,
94, 96, 99]. Moreover, the presence of psychosis and a higher
amount of pharmacological treatments, especially antipsychotics,
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resulted to be highly predictive features in many investigations
[4, 63, 64, 91, 100, 101]. Interestingly, also presence of psychiatric
comorbidities was one of the most valuable predictive features, in
particular substance or alcohol use disorders [57, 61, 71, 72, 92].
These results emphasize the importance of a comprehensive
evaluation of psychiatric patients and of the burden that
comorbidities represent, also given their frequent occurrence
[102]. This is particularly important for the comorbid use of alcohol
and drug abuse, since they can reduce compliance to treatments
[103] and increase impulsive behaviors [104], which in turn may
act as risk factors for suicide. Besides the well-known suicide risk
factors (i.e., history of suicide attempts, hospitalizations, etc.), more
subtle risk factors emerged from the reviewed studies. More in
detail, comorbidities resulted in important features in different
studies, suggesting that not only psychiatric comorbidities but
also physical health is important. Similarly, the use of specific
drugs (i.e., antipsychotics), illness severity, and psychosis seemed
to be highly predictive of suicide attempts. Finally, some studies
suggested that also laboratory tests, such as thyroid hormones,
might play a role in predicting suicidal behaviors, even at a
subclinical level [51, 83].

Although most of the significant features identified by ML are
well-known risk factors for suicide [6, 7], ML demonstrate a greater
predictive ability when compared with classical univariate
statistics (i.e., logistic regression) and clinician assessment of risk
factors [8, 9]. In particular, ML attained higher accuracies as
compared to logistic regression [46, 49, 57, 61, 63, 67, 69, 87, 105].
These results suggest that advanced methods may inform the
clinical decision-making processes in a more precise manner, likely
overcoming the poor predictive value provided by classical
statistics and expert assessment of the same risk factors [8, 91.
Interestingly, when present, CNN seemed to perform better than
other ML algorithms, including SYM and RF. This might indicate
the possibility of using deep learning to better stratify suicide risk,
at the cost of a slight loss of interpretability.

Lastly, only a few studies employed biological features, such as
genes, SNPs, epigenetic loci [42, 43, 98, 106], and neuroimaging
measures [47, 49, 53, 68, 69, 79, 81] to predict suicide. Surprisingly,
just a single study [53] combined brain imaging with clinical data
to predict suicidal behaviors. As one of the major strengths of ML
is the possibility to combine data obtained through different
modalities (e.g., genetics, brain imaging, clinical features) to
increase prediction accuracy, this approach should be exploited in
future suicide research, since it is already occurring in other field
of medicine [14].

Limitations and future challenges

A number of limitations should be highlighted. Methods varied
widely across studies in terms of ML approach, sample selection,
features employed, and preprocessing pipeline. Moreover, distinct
investigations focused on a variety of different outcomes, from
lifetime attempts to death by suicide, from cross-sectional to
longitudinal evaluations. Such differences call for increased
uniformity in the assessment of suicidal behaviors and in the
design of ML protocols to enhance predictions of risk that may
translate into clinical practice.

For instance, the decision to use either a specific and unique ML
framework or different algorithms should be motivated: the
testing of several approaches at once seems confusing and rather
exploratory, especially in the absence of an external validation
dataset. Regarding the different algorithms, it is noteworthy to
mention that, from our results, it emerged that deep learning
methods (such as CNN) performed better than other ML
algorithms in direct comparisons. Although important from a
research point of view, deep learning algorithms tend to be less
interpretable (more “black boxes”), and this aspect might prove
crucial in the further development of Al techniques in medicine
and psychiatry. This is true, especially in the field of mental health
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and suicide prediction, where Al tools should assist clinicians and
not introduce further complexity. For an Al to become useful in
clinical practice, it should prove to be trustworthy, therefore not
only valid and reliable, but also easily understandable [107]. In the
last years, the concept of explainable Al (“XAl") emerged, as a
possibility to close the gap between the algorithms and the
clinicians, creating a human-understandable correspondence
between inputs and outputs of the black-box model either
through intrinsic transparency of the model or through post-hoc
techniques. Given that clinical applications are high-stakes, we
require understandability from the prediction tools, or either Al
tools will grow in distrust [107].

Moreover, features should be accurately selected, and their
number should not be excessive (e.g., curse of dimensionality),
as in some of the studies [44, 61]. Collecting such a huge
amount of data could be feasible only in university centers, thus
reducing the translational value of the results. This compre-
hensive review should also help in the choice of the right type
and number of features. For example, pharmacological treat-
ments, especially antipsychotics, were among the most
important features in those studies who included them in the
models. However, the pharmacological status of patients is
often not reported (see Table 1), and in most cases type and
dosage of different drugs are not included in the models. Based
on the results of our review, it might be beneficial to include
data related to pharmacological therapy in the models, since it
could potentially enhance the predictive power and clinical
applicability of these models. Moreover, the inclusion of
pharmacological information might also help in defining
protective features, not just risk factors, as suggested by
studies showing that some stabilizers and antidepressants
might actually reduce the risk of suicide [64]. Also, both
psychiatric and physical comorbidities seem to have a
predictive role in the presented models; especially, substance
abuse as a comorbid disorder resulted to be highly predictive.
This aspect suggests a comprehensive evaluation of the patient
in order to define the clinical risk.

In addition, most of the studies addressed the prediction of
suicide using a cross-sectional approach, disregarding the
temporal aspects. Yet, time may represent a crucial feature for
predictive models of suicide [17]. In this regard, defining in
advance one or more prediction windows after the assessment
is fundamental, as the prediction of short-term suicide risk may
rely on different features as compared with long-term risk.
Similarly, the temporal characteristics of a feature with respect
to the assessment point might impact differentially the
accuracy of prediction. For instance, suicide attempts in the
year prior to the assessment, but not those that occurred
several years before, may be a stronger predictor for new short-
time suicidal behaviors.

Finally, despite the high heterogeneity, most of the studies
(>80%) obtained a good accuracy, namely 70% or higher.
However, many studies did not report additional key metrics
(e.g., PPV, F1-score) that are paramount to interpret the actual
usefulness of prediction models. Moreover, only few studies tested
their prediction on external validation samples; therefore, caution
is needed when interpreting these findings, since it is possible that
they suffer from overfitting.

Finally, it is evident the importance of further studies also
examining the role of neurocognitive variables, dimensions of
social support, loneliness, extent and type of medical comorbidity
and associated disability, the type of pharmacological interven-
tions used in the context of specific diagnoses as well as the
presence of psychotherapies and their combination with medica-
tions on suicidal risk. Similarly, a call for a more consistent use of
ML is of paramount importance. CNN, RF, and SVM proved to
perform better against other algorithms, but these results should
be further tested in the future.
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CONCLUSIONS

The results that emerged from the reviewed studies lead to the
conclusion that ML approaches attain greater accuracies in
predicting suicidal behaviors across a variety of psychiatric
disorders as compared to classical analysis methods. From the
reviewed ML studies, well-known risk factors for suicide emerged
as relevant predictors, along with new subtle aspects, such as
physical and psychiatric comorbidities, presence of psychotic
symptoms, and subclinical lab tests, that should be further
analyzed and confirmed in future studies. However, additional
work is needed to improve the predictive strength of ML
algorithms, resolve the systemic lack of external validation, and
finally make them become of use in clinical psychiatry. To do so,
ML should integrate genetics, neurobiological, brain imaging,
psychometric and clinical data to achieve better predictions. Then,
algorithms should be presented in an intuitive way for both
psychiatrists and patients to foster their adoption and easiness of
use in the clinical setting. Although some attempts have been
made, to date, ML approaches are not routinely part of clinical
practice in psychiatry. We believe ML development should aim to
gain the trust of clinicians, by proving to be valid, reliable, and
understandable, to be realistically included in decision processes.
Our review proved they can be valid in the context of suicide risk
stratification; future studies should demonstrate that ML tools are
reliable and, even more importantly, easy to understand by
clinicians.  Multifactorial ~ disorders  require  multifaceted
approaches, and ML could really help in this aspect; however, Al
tools should not introduce further complexity in the decision
processes, and therefore explainable Al will be a crucial point in
further clinical development of predictive tools.

DATA AVAILABILITY

All data will be made available upon request.

REFERENCES

1. Fazel S, Runeson B. Suicide. N. Engl J Med. 2020;382:266-74.

2. Bachmann S. Epidemiology of suicide and the psychiatric perspective. Int J
Environ Res Public Health. 2018. https://doi.org/10.3390/1JERPH15071425.

3. Sanderson M, Bulloch AG, Wang JL, Williams KG, Williamson T, Patten SB. Pre-
dicting death by suicide following an emergency department visit for para-
suicide with administrative health care system data and machine learning.
EClinicalMedicine. 2020. https://doi.org/10.1016/j.eclinm.2020.100281.

4. Walsh CG, Ribeiro JD, Franklin JC. Predicting risk of suicide attempts over time
through machine learning. Clin Psychol Sci. 2017;5:457-69.

5. Bauer BW, Law KC, Rogers ML, Capron DW, Bryan CJ. Editorial overview: analytic
and methodological innovations for suicide-focused research. Suicide Life
Threat Behav. 2021;51:5-7.

6. Gradus JL, Rosellini AJ, Horvath-Puhd E, Street AE, Galatzer-Levy |, Jiang T, et al.
Prediction of sex-specific suicide risk using machine learning and single-Payer
Health Care Registry Data from Denmark. JAMA Psychiatry. 2020;77:25-34.

7. Voros V, Tenyi T, Nagy A, Fekete S, Osvath P. Crisis concept re-loaded?-The
recently described suicide-specific syndromes may help to better understand
suicidal behavior and assess imminent suicide risk more effectively. Front Psy-
chiatry. 2021. https://doi.org/10.3389/FPSYT.2021.598923.

8. Galynker |, Yaseen ZS, Cohen A, Benhamou O, Hawes M, Briggs J. Prediction of
suicidal behavior in high risk psychiatric patients using an assessment of acute
suicidal state: the suicide crisis inventory. Depress Anxiety. 2017;34:147-58.

9. Franklin JC, Ribeiro JD, Fox KR, Bentley KH, Kleiman EM, Huang X, et al. Risk
factors for suicidal thoughts and behaviors: A meta-analysis of 50 years of
research. Psychol Bull. 2017;143:187-232.

10. Beck AT, Steer RA, Kovacs M, Garrison B. Hopelessness and eventual suicide: a
10-year prospective study of patients hospitalized with suicidal ideation. Am J
Psychiatry. 1985;142:559-63.

11. McHugh CM, Large MM. Can machine-learning methods really help predict
suicide? Curr Opin Psychiatry. 2020;33:369-74.

12. Porcelli S, Marsano A, Caletti E, Sala M, Abbiati V, Bellani M, et al. Temperament
and character inventory in bipolar disorder versus healthy controls and mod-
ulatory effects of 3 key functional gene variants. Neuropsychobiology.
2017;76:209-21.

SPRINGER NATURE

19


https://doi.org/10.3390/IJERPH15071425
https://doi.org/10.1016/j.eclinm.2020.100281
https://doi.org/10.3389/FPSYT.2021.598923

A. Pigoni et al.

20

13.

18.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

Grassi M, Perna G, Caldirola D, Schruers K, Duara R, Loewenstein DA. A clinically-
translatable machine learning algorithm for the prediction of Alzheimer’s dis-
ease conversion in individuals with mild and premild cognitive impairment. J
Alzheimer’s Dis. 2018;61:1555-73.

. Russak AJ, Chaudhry F, De Freitas JK, Baron G, Chaudhry FF, Bienstock S, et al.

Machine learning in cardiology-ensuring clinical impact lives up to the hype. J
Cardiovasc Pharm Ther. 2020;25:379-90.

. Corke M, Mullin K, Angel-Scott H, Xia S, Large M. Meta-analysis of the strength of

exploratory suicide prediction models; from clinicians to computers. BJPsych
Open. 2021. https://doi.org/10.1192/BJ0.2020.162.

. Fazel S, O'Reilly L. Machine learning for suicide research-can it improve risk

factor identification? JAMA Psychiatry. 2020;77:13-14.

. Boudreaux ED, Rundensteiner E, Liu F, Wang B, Larkin C, Agu E, et al. Applying

machine learning approaches to suicide prediction using healthcare data:
overview and future directions. Front Psychiatry. 2021. https://doi.org/10.3389/
FPSYT.2021.707916.

Jacobson NC, Yom-Tov E, Lekkas D, Heinz M, Liu L, Barr PJ. Impact of online
mental health screening tools on help-seeking, care receipt, and suicidal idea-
tion and suicidal intent: evidence from internet search behavior in a large U.S.
cohort. J Psychiatr Res. 2022;145:276-83.

. Holmstrand C, Bogren M, Mattisson C, Bradvik L. Long-term suicide risk in no,

one or more mental disorders: the Lundby Study 1947-1997. Acta Psychiatr
Scand. 2015;132:459-69.

Modai I, Kuperman J, Goldberg |, Goldish M, Mendel S. Suicide risk factors and
suicide vulnerability in various major psychiatric disorders. Med Inform Internet
Med. 2009;29:65-74.

Modai |, Kuperman J, Goldberg |, Goldish M, Mendel S. Fuzzy logic detection of
medically serious suicide attempt records in major psychiatric disorders. J Nerv
Ment Dis. 2004;192:708-10.

O’Rourke MC, Siddiqui W. Suicide screening and prevention. StatPearls. 2019.
http://www.ncbi.nlm.nih.gov/pubmed/30285348.

Mcintyre RS, Berk M, Brietzke E, Goldstein Bl, Lopez-Jaramillo C, Kessing LV, et al.
Bipolar disorders. Lancet. 2020;396:1841-56.

Wiebenga JXM, Dickhoff J, Mérelle SYM, Eikelenboom M, Heering HD, Gilissen R,
et al. Prevalence, course, and determinants of suicide ideation and attempts in
patients with a depressive and/or anxiety disorder: a review of NESDA findings. J
Affect Disord. 2021;283:267-77.

Mitchell SM, Cero |, Littlefield AK, Brown SL. Using categorical data analyses in
suicide research: considering clinical utility and practicality. Suicide Life Threat
Behav. 2021;51:76-87.

Page MJ, Mckenzie JE, Bossuyt PM, Boutron |, Hoffmann TC, Mulrow CD, et al.
The PRISMA 2020 statement: an updated guideline for reporting systematic
reviews. BMJ. 2021. https://doi.org/10.1136/bmj.n71.

Collins GS, Reitsma JB, Altman DG, Moons KGM. Transparent reporting of a
multivariable prediction model for individual prognosis or diagnosis (TRIPOD):
the TRIPOD statement. BMJ. 2015. https://doi.org/10.1136/bmj.g7594.

Tiet QQ, ligen MA, Byrnes HF, Moos RH. Suicide attempts among substance use
disorder patients: an initial step toward a decision tree for suicide management.
Alcohol Clin Exp Res. 2006;30:998-1005.

Jiang T, Rosellini AJ, Horvath-Puho E, Shiner B, Street AE, Lash TL, et al. Using
machine learning to predict suicide in the 30 days after discharge from psy-
chiatric hospital in Denmark. Br J Psychiatry. 2021;219:440-7.

Parghi N, Chennapragada L, Barzilay S, Newkirk S, Ahmedani B, Lok B, et al.
Assessing the predictive ability of the Suicide Crisis Inventory for near-term
suicidal behavior using machine learning approaches. Int J Methods Psychiatr
Res. 2021. https://doi.org/10.1002/MPR.1863.

McMullen L, Parghi N, Rogers ML, Yao H, Bloch-Elkouby S, Galynker I. The role of
suicide ideation in assessing near-term suicide risk: a machine learning
approach. Psychiatry Res. 2021. https://doi.org/10.1016/
J.PSYCHRES.2021.114118.

Zelkowitz RL, Jiang T, Horvéath-Puho E, Street AE, Lash TL, Serensen HT, et al.
Predictors of nonfatal suicide attempts within 30 days of discharge from psy-
chiatric hospitalization: sex-specific models developed using population-based
registries. J Affect Disord. 2022;306:260-8.

Chen Q, Zhang-James Y, Barnett EJ, Lichtenstein P, Jokinen J, D'Onofrio BM,
et al. Predicting suicide attempt or suicide death following a visit to psychiatric
specialty care: a machine learning study using Swedish national registry data.
PLoS Med. 2020. https://doi.org/10.1371/JOURNAL.PMED.1003416.

Tran T, Luo W, Phung D, Harvey R, Berk M, Kennedy RL, et al. Risk stratification
using data from electronic medical records better predicts suicide risks than
clinician assessments. BMC Psychiatry. 2014. https://doi.org/10.1186/1471-244X-
14-76.

Coley RY, Walker RL, Cruz M, Simon GE, Shortreed SM. Clinical risk prediction
models and informative cluster size: Assessing the performance of a suicide risk
prediction algorithm. Biom J. 2021;63:1375-88.

SPRINGER NATURE

36.

37.

39.

40.

41.

42.

43.

4,

45,

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

Miranda O, Fan P, Qi X, Yu Z, Ying J, Wang H, et al. DeepBiomarker: identifying
important lab tests from electronic medical records for the prediction of suicide-
related events among PTSD patients. J Pers Med. 2022;12:524.

Nock MK, Millner AJ, Ross EL, Kennedy CJ, Al-Suwaidi M, Barak-Corren Y, et al.
Prediction of suicide attempts using clinician assessment, patient self-report,
and electronic health records. JAMA Netw Open. 2022. https://doi.org/10.1001/
JAMANETWORKOPEN.2021.44373.

. Edgcomb JB, Thiruvalluru R, Pathak J, Brooks JO. Machine learning to differ-

entiate risk of suicide attempt and self-harm after general medical hospitali-
zation of women with mental illness. Med Care. 2021;59:558-564.

Kessler RC, Warner CH, Ivany C, Petukhova MV, Rose S, Bromet EJ, et al. Pre-
dicting suicides after psychiatric hospitalization in US army soldiers: the Army
study to assess risk and resilience in servicemembers (Army STARRS). JAMA
Psychiatry. 2015;72:49-57.

Jordan JT, McNiel DE. Characteristics of a suicide attempt predict who makes
another attempt after hospital discharge: a decision-tree investigation. Psy-
chiatry Res. 2018;268:317-22.

Xu Z, Zhang Q, Yip PSF. Predicting post-discharge self-harm incidents using
disease comorbidity networks: a retrospective machine learning study. J Affect
Disord. 2020;277:402-9.

Niculescu AB, Levey DF, Phalen PL, Le-Niculescu H, Dainton HD, Jain N, et al.
Understanding and predicting suicidality using a combined genomic and clin-
ical risk assessment approach. Mol Psychiatry. 2015;20:1266-85.

Levey DF, Niculescu EM, Le-Niculescu H, Dainton HL, Phalen PL, Ladd TB, et al.
Towards understanding and predicting suicidality in women: biomarkers and
clinical risk assessment. Mol Psychiatry. 2016;21:768-85.

Kessler RC, Stein MB, Petukhova MV, Bliese P, Bossarte RM, Bromet EJ, et al. Pre-
dicting suicides after outpatient mental health visits in the Army study to assess risk
and resilience in servicemembers (Army STARRS). Mol Psychiatry. 2017;22:544-51.
Cook BL, Progovac AM, Chen P, Mullin B, Hou S, Baca-Garcia E. Novel use of
natural language processing (NLP) to predict suicidal ideation and psychiatric
symptoms in a text-based mental health intervention in Madrid. Comput Math
Methods Med. 2016. https://doi.org/10.1155/2016/8708434.

Setoyama D, Kato TA, Hashimoto R, Kunugi H, Hattori K, Hayakawa K, et al.
Plasma metabolites predict severity of depression and suicidal ideation in
psychiatric patients-a multicenter pilot analysis. PLoS ONE. 2016. https://doi.org/
10.1371/journal.pone.0165267.

Chen J, Zhang X, Qu Y, Peng Y, Song Y, Zhuo C, et al. Exploring neurometabolic
alterations in bipolar disorder with suicidal ideation based on proton magnetic
resonance spectroscopy and machine learning technology. Front Neurosci.
2022. https://doi.org/10.3389/FNINS.2022.944585.

Peis I, Olmos PM, Vera-Varela C, Barrigon ML, Courtet P, Baca-Garcia E, et al.
Deep sequential models for suicidal ideation from multiple source data. IEEE J
Biomed Heal Inform. 2019;23:2286-93.

Weng J-C, Lin T-Y, Tsai Y-H, Cheok MT, Chang Y-PE, Chen VC-H. An autoencoder
and machine learning model to predict suicidal ideation with brain structural
imaging. J Clin Med. 2020;9:658.

Cusick M, Adekkanattu P, Campion TR, Sholle ET, Myers A, Banerjee S, et al.
Using weak supervision and deep learning to classify clinical notes for identi-
fication of current suicidal ideation. J Psychiatr Res. 2021;136:95-102.

Ge F, Jiang J, Wang Y, Yuan C, Zhang W. Identifying suicidal ideation among
chinese patients with major depressive disorder: evidence from a real-world
hospital-based study in China. Neuropsychiatr Dis Treat. 2020;16:665-72.
Tubio-Fungueiriio M, Cernadas E, Gongalves OF, Segalas C, Bertolin S, Mar-
Barrutia L, et al. Viability study of machine learning-based prediction of COVID-
19 pandemic impact in obsessive-compulsive disorder patients. Front Neu-
roinform. 2022. https://doi.org/10.3389/FNINF.2022.807584.

Hong S, Liu YS, Cao B, Cao J, Ai M, Chen J, et al. Identification of suicidality in
adolescent major depressive disorder patients using sMRI: a machine learning
approach. J Affect Disord. 2021,280:72-76.

Yang J, Palaniyappan L, Xi C, Cheng Y, Fan Z, Chen C, et al. Aberrant integrity of
the cortico-limbic-striatal circuit in major depressive disorder with suicidal
ideation. J Psychiatr Res. 2022;148:277-85.

Chen S, Zhang X, Lin S, Zhang Y, Xu Z, Li Y, et al. Suicide risk stratification among
major depressed patients based on a machine learning approach and whole-
brain functional connectivity. J Affect Disord. 2022;322:173-9.

Morales S, Barros J, Echavarri O, Garcia F, Osses A, Moya C, et al. Acute mental
discomfort associated with suicide behavior in a clinical sample of patients with
affective disorders: ascertaining critical variables using artificial intelligence
tools. Front Psychiatry. 2017. https://doi.org/10.3389/fpsyt.2017.00007.

Fan P, Guo X, Qi X, Matharu M, Patel R, Sakolsky D, et al. Prediction of suicide-
related events by analyzing electronic medical records from PTSD patients with
bipolar disorder. Brain Sci. 2020;10:1-30.

Shao R, Gao M, Lin C, Huang CM, Liu HL, Toh CH, et al. Multimodal neural
evidence on the corticostriatal underpinning of suicidality in late-life depression.

Translational Psychiatry (2024)14:140


https://doi.org/10.1192/BJO.2020.162
https://doi.org/10.3389/FPSYT.2021.707916
https://doi.org/10.3389/FPSYT.2021.707916
http://www.ncbi.nlm.nih.gov/pubmed/30285348
https://doi.org/10.1136/bmj.n71
https://doi.org/10.1136/bmj.g7594
https://doi.org/10.1002/MPR.1863
https://doi.org/10.1016/J.PSYCHRES.2021.114118
https://doi.org/10.1016/J.PSYCHRES.2021.114118
https://doi.org/10.1371/JOURNAL.PMED.1003416
https://doi.org/10.1186/1471-244X-14-76
https://doi.org/10.1186/1471-244X-14-76
https://doi.org/10.1001/JAMANETWORKOPEN.2021.44373
https://doi.org/10.1001/JAMANETWORKOPEN.2021.44373
https://doi.org/10.1155/2016/8708434
https://doi.org/10.1371/journal.pone.0165267
https://doi.org/10.1371/journal.pone.0165267
https://doi.org/10.3389/FNINS.2022.944585
https://doi.org/10.3389/FNINF.2022.807584
https://doi.org/10.3389/fpsyt.2017.00007

59.

60.

61.

62.

63.

64.

65.

66.

67.

68.

69.

70.

71.

72.

73.

74.

75.

76.

77.

78.

79.

Biol Psychiatry Cogn Neurosci Neuroimaging. 2021. https://doi.org/10.1016/
J.BPSC.2021.11.011.

Chen VC-H, Wong F-T, Tsai Y-H, Cheok MT, Chang Y-PE, McIntyre RS, et al.
Convolutional neural network-based deep learning model for predicting dif-
ferential suicidality in depressive patients using brain generalized g-sampling
imaging. J Clin Psychiatry. 2021. https://doi.org/10.4088/JCP.19M13225.

Xu M, Zhang X, Li Y, Chen S, Zhang Y, Zhou Z, et al. Identification of suicidality in
patients with major depressive disorder via dynamic functional network con-
nectivity signatures and machine learning. Transl Psychiatry. 2022. https://
doi.org/10.1038/541398-022-02147-X.

Kumar P, Nestsiarovich A, Nelson SJ, Kerner B, Perkins DJ, Lambert CG. Impu-
tation and characterization of uncoded self-harm in major mental illness using
machine learning. J Am Med Inform Assoc. 2020;27:136-46.

Obeid JS, Dahne J, Christensen S, Howard S, Crawford T, Frey LJ, et al. Identifying
and predicting intentional self-harm in electronic health record clinical notes: deep
learning approach. JMIR Med Informatics. 2020. https://doi.org/10.2196/17784.
lorfino F, Ho N, Carpenter JS, Cross SP, Davenport TA, Hermens DF, et al. Pre-
dicting self-harm within six months after initial presentation to youth mental
health services: a machine learning study. PLoS ONE. 2020. https://doi.org/
10.1371/journal.pone.0243467.

Nestsiarovich A, Kumar P, Lauve NR, Hurwitz NG, Mazurie AJ, Cannon DC, et al.
Drug-dependent risk of self-harm in patients with bipolar disorder: a com-
parative effectiveness study using machine learning imputed outcomes. JMIR
Ment Health. 2020. https://doi.org/10.2196/24522.

Barros J, Morales S, Echavarri O, Garcia A, Ortega J, Asahi T, et al. Suicide
detection in Chile: proposing a predictive model for suicide risk in a clinical
sample of patients with mood disorders. Rev Bras Psiquiatr. 2017;39:1-11.
Senior M, Burghart M, Yu R, Kormilitzin A, Liu Q, Vaci N, et al. Identifying pre-
dictors of suicide in severe mental illness: a feasibility study of a clinical pre-
diction rule (Oxford Mental Iliness and Suicide Tool or OxMIS). Front Psychiatry.
2020;11:268.

Haines-Delmont A, Chahal G, Bruen AJ, Wall A, Khan CT, Sadashiv R, et al. Testing
suicide risk prediction algorithms using phone measurements with patients in
acute mental health settings: feasibility study. JMIR mHealth uHealth. 2020.
https://doi.org/10.2196/15901.

Dai Z, Shen X, Tian S, Yan R, Wang H, Wang X, et al. Gradually evaluating of
suicidal risk in depression by semi-supervised cluster analysis on resting-state
fMRI. Brain Imaging Behav. 2020. https://doi.org/10.1007/s11682-020-00410-7.
Bohaterewicz B, Sobczak AM, Podolak I, Wéjcik B, Metel D, Chrobak AA, et al.
Machine learning-based identification of suicidal risk in patients with schizo-
phrenia using multi-level resting-state fMRI features. Front Neurosci. 2021.
https://doi.org/10.3389/fnins.2020.605697.

Shin D, Kim K, Lee SB, Lee C, Bae YS, Cho W, et al. Detection of depression and
suicide risk based on text from clinical interviews using machine learning:
possibility of a new objective diagnostic marker. Front Psychiatry. 2022. https://
doi.org/10.3389/FPSYT.2022.801301.

Lopez-Castroman J, Perez-Rodriguez M, de lasM, Jaussent |, Alegria AA, Artes-
Rodriguez A, et al. Distinguishing the relevant features of frequent suicide
attempters. J Psychiatr Res. 2011;45:619-25.

Baca-Garcia E, Perez-Rodriguez MM, Saiz-Gonzalez D, Basurte-Villamor |, Saiz-
Ruiz J, Leiva-Murillo JM, et al. Variables associated with familial suicide attempts
in a sample of suicide attempters. Prog Neuropsychopharmacol Biol Psychiatry.
2007;31:1312-6.

Adams RS, Jiang T, Rosellini AJ, Horvath-Puho E, Street AE, Keyes KM, et al. Sex-
specific risk profiles for suicide among persons with substance use disorders in
Denmark. Addiction. 2021;116:2882-92.

Ji X, Zhao J, Fan L, Li H, Lin P, Zhang P, et al. Highlighting psychological pain
avoidance and decision-making bias as key predictors of suicide attempt in
major depressive disorder-a novel investigative approach using machine
learning. J Clin Psychol. 2022;78:671-91.

Nordin N, Zainol Z, Mohd Noor MH, Lai Fong C. A comparative study of machine
learning techniques for suicide attempts predictive model. Health Informatics J.
2021. https://doi.org/10.1177/1460458221989395.

Kim KW, Lim JS, Yang CM, Jang SH, Lee SY. Classification of adolescent psy-
chiatric patients at high risk of suicide using the personality assessment
inventory by machine learning. Psychiatry Investig. 2021;18:1137-43.

Wang X, Wang C, Yao J, Fan H, Wang Q, Ren Y, et al. Comparisons of deep
learning and machine learning while using text mining methods to identify
suicide attempts of patients with mood disorders. J Affect Disord.
2022;317:107-13.

Graham S, Depp C, Lee EE, Nebeker C, Tu X, Kim H-C, et al. Artificial intelligence
for mental health and mental illnesses: an overview. Curr Psychiatry Rep. 2019.
https://doi.org/10.1007/511920-019-1094-0.

Zhu R, Tian S, Wang H, Jiang H, Wang X, Shao J, et al. Discriminating suicide
attempters and predicting suicide risk using altered frontolimbic resting-state

Translational Psychiatry (2024)14:140

A. Pigoni et al.

80.

81.

82.

83.

84,

85.

86.

87.

88.

89.

90.

91.

92.

93.

94.

95.

96.

97.

98.

99.

100.

101.

102.

functional connectivity in patients with bipolar Il disorder. Front Psychiatry.
2020. https://doi.org/10.3389/fpsyt.2020.597770.

Zhong S, Chen P, Lai S, Chen G, Zhang Y, Lv S, et al. Aberrant dynamic functional
connectivity in corticostriatal circuitry in depressed bipolar Il disorder with
recent suicide attempt. J Affect Disord. 2022;319:538-48.

Gosnell SN, Fowler JC, Salas R. Classifying suicidal behavior with resting-state
functional connectivity and structural neuroimaging. Acta Psychiatr Scand.
2019;140:20-29.

Liu X, He C, Fan D, Zang F, Zhu Y, Zhang H, et al. Alterations of core structural
network connectome associated with suicidal ideation in major depressive disorder
patients. Transl Psychiatry. 2021. https://doi.org/10.1038/541398-021-01353-3.

Li XY, Tabarak S, Su XR, Qin Z, Chai Y, Zhang S, et al. Identifying clinical risk
factors correlate with suicide attempts in patients with first episode major
depressive disorder. J Affect Disord. 2021;295:264-70.

Fernandes AC, Dutta R, Velupillai S, Sanyal J, Stewart R, Chandran D. Identifying
suicide ideation and suicidal attempts in a psychiatric clinical research database
using natural language processing. Sci Rep. 2018. https://doi.org/10.1038/
s41598-018-25773-2.

Dwyer DB, Falkai P, Koutsouleris N. Machine learning approaches for clinical
psychology and psychiatry. Annu Rev Clin Psychol. 2018;14:91-118.

Mann JJ, Ellis SP, Waternaux CM, Liu X, Oquendo MA, Malone KM, et al. Clas-
sification trees distinguish suicide attempters in major psychiatric disorders: a
model of clinical decision making. J Clin Psychiatry. 2008;69:23-31.

Kessler RC, Bauer MS, Bishop TM, Demler OV, Dobscha SK, Gildea SM, et al. Using
administrative data to predict suicide after psychiatric hospitalization in the
veterans health administration system. Front Psychiatry. 2020. https://doi.org/
10.3389/fpsyt.2020.00390.

Agne NA, Tisott CG, Ballester P, Passos IC, Ferrdo YA. Predictors of suicide
attempt in patients with obsessive-compulsive disorder: An exploratory study
with machine learning analysis. Psychol Med. 2020. https://doi.org/10.1017/
$0033291720002329.

MacHado CDS, Ballester PL, Cao B, Mwangi B, Caldieraro MA, Kapczinski F, et al.
Prediction of suicide attempts in a prospective cohort study with a nationally
representative sample of the US population. Psychol Med. 2020. https://doi.org/
10.1017/50033291720004997.

Jiang T, Nagy D, Rosellini AJ, Horvath-Puhé E, Keyes KM, Lash TL, et al. Suicide
prediction among men and women with depression: a population-based study.
J Psychiatr Res. 2021;142:275-82.

Passos IC, Mwangi B, Cao B, Hamilton JE, Wu MJ, Zhang XY, et al. Identifying a
clinical signature of suicidality among patients with mood disorders: a pilot
study using a machine learning approach. J Affect Disord. 2016;193:109-16.
llgen MA, Downing K, Zivin K, Hoggatt KJ, Kim HM, Ganoczy D, et al. Exploratory
data mining analysis identifying subgroups of patients with depression who are
at high risk for suicide. J Clin Psychiatry. 2009;70:1495-1500.

Modai |, Valevski A, Solomish A, Kurs R, Hines IL, Ritsner M, et al. Neural network
detection of files of suicidal patients and suicidal profiles. Med Inf Internet Med.
1999;24:249-56.

Edgcomb JB, Shaddox T, Hellemann G, Brooks JO. Predicting suicidal behavior
and self-harm after general hospitalization of adults with serious mental illness.
J Psychiatr Res. 2020. https://doi.org/10.1016/j.jpsychires.2020.10.024.

Bernert RA, Hilberg AM, Melia R, Kim JP, Shah NH, Abnousi F. Artificial intelli-
gence and suicide prevention: a systematic review of machine learning inves-
tigations. Int J Environ Res Public Health. 2020;17:1-25.

Chen C, Wang GH, Wu SH, Zou JL, Zhou Y, Wang HL. Abnormal local activity and
functional dysconnectivity in patients with schizophrenia having auditory verbal
hallucinations. Curr Med Sci. 2020;40:979-84.

Turecki G, Brent DA, Gunnell D, O'Connor RC, Oquendo MA, Pirkis J, et al. Suicide
and suicide risk. Nat Rev Dis Prim. 2019. https://doi.org/10.1038/541572-019-0121-0.
Baca-Garcia E, Vaquero-Lorenzo C, Perez-Rodriguez MM, Gratacos M, Bayés M,
Santiago-Mozos R, et al. Nucleotide variation in central nervous system genes
among male suicide attempters. Am J Med Genet Part B Neuropsychiatr Genet.
2010;153:208-13.

Roglio VS, Borges EN, Rabelo-Da-Ponte FD, Ornell F, Scherer JN, Schuch JB, et al.
Prediction of attempted suicide in men and women with crack-cocaine use
disorder  in Brazil. PLoS  ONE.  2020. https:/doi.org/10.1371/
journal.pone.0232242.

Husain MO, Chaudhry IB, Khan Z, Khoso AB, Kiran T, Bassett P, et al. Depression
and suicidal ideation in schizophrenia spectrum disorder: a cross-sectional study
from a lower middle-income country. Int J Psychiatry Clin Pract. 2021;25:245-51.
de Cates AN, Catone G, Marwaha S, Bebbington P, Humpston CS, Broome MR.
Self-harm, suicidal ideation, and the positive symptoms of psychosis: cross-
sectional and prospective data from a national household survey. Schizophr Res.
2021;233:80-88.

Cullen C, Kappelmann N, Umer M, Abdolizadeh A, Husain MO, Bonato S, et al.
Efficacy and acceptability of pharmacotherapy for comorbid anxiety symptoms

SPRINGER NATURE

21


https://doi.org/10.1016/J.BPSC.2021.11.011
https://doi.org/10.1016/J.BPSC.2021.11.011
https://doi.org/10.4088/JCP.19M13225
https://doi.org/10.1038/S41398-022-02147-X
https://doi.org/10.1038/S41398-022-02147-X
https://doi.org/10.2196/17784
https://doi.org/10.1371/journal.pone.0243467
https://doi.org/10.1371/journal.pone.0243467
https://doi.org/10.2196/24522
https://doi.org/10.2196/15901
https://doi.org/10.1007/s11682-020-00410-7
https://doi.org/10.3389/fnins.2020.605697
https://doi.org/10.3389/FPSYT.2022.801301
https://doi.org/10.3389/FPSYT.2022.801301
https://doi.org/10.1177/1460458221989395
https://doi.org/10.1007/S11920-019-1094-0
https://doi.org/10.3389/fpsyt.2020.597770
https://doi.org/10.1038/S41398-021-01353-3
https://doi.org/10.1038/s41598-018-25773-2
https://doi.org/10.1038/s41598-018-25773-2
https://doi.org/10.3389/fpsyt.2020.00390
https://doi.org/10.3389/fpsyt.2020.00390
https://doi.org/10.1017/S0033291720002329
https://doi.org/10.1017/S0033291720002329
https://doi.org/10.1017/S0033291720004997
https://doi.org/10.1017/S0033291720004997
https://doi.org/10.1016/j.jpsychires.2020.10.024
https://doi.org/10.1038/S41572-019-0121-0
https://doi.org/10.1371/journal.pone.0232242
https://doi.org/10.1371/journal.pone.0232242

A. Pigoni et al.

22

103.

104.

105.

106.

107.

108.

109.

110.

111,

112.

113.

114.

115.

116.

in bipolar disorder: a systematic review and meta-analysis. Bipolar Disord.
2021;23:754-66.

Anugwom GO, Oladunjoye AO, Basiru TO, Osa E, Otuada D, Olateju V, et al. Does
cocaine use increase medication noncompliance in bipolar disorders? A United
States nationwide inpatient cross-sectional study. Cureus. 2021;13:e16696.
Moriarity DP, Bart CP, Stumper A, Jones P, Alloy LB. Mood symptoms and
impairment due to substance use: a network perspective on comorbidity. J
Affect Disord. 2021;278:423-32.

Tasmim S, Dada O, Wang KZ, Bani-Fatemi A, Strauss J, Adanty C, et al. Early-life
stressful events and suicide attempt in schizophrenia: Machine learning models.
Schizophr Res. 2020;218:329-31.

Bhak Y, Jeong HO, Cho YS, Jeon S, Cho J, Gim JA, et al. Depression and suicide
risk prediction models using blood-derived multi-omics data. Transl Psychiatry.
2019;9:262.

Joyce DW, Kormilitzin A, Smith KA, Cipriani A. Explainable artificial intelligence
for mental health through transparency and interpretability for under-
standability. npj Digit Med. 2023;6:1-7.

Zheng S, Zeng W, Xin Q, Ye Y, Xue X, Li E, et al. Can cognition help predict
suicide risk in patients with major depressive disorder? A machine learning
study. BMC Psychiatry. 2022;22(1):580.

Carson NJ, Mullin B, Sanchez MJ, Lu F, Yang K, Menezes M, Cook BL. Identifi-
cation of suicidal behavior among psychiatrically hospitalized adolescents using
natural language processing and machine learning of electronic health records.
PLoS One. 2019;14(2):e0211116.

Oh J, Yun K, Hwang JH, Chae JH. Classification of Suicide Attempts through a
Machine Learning Algorithm Based on Multiple Systemic Psychiatric Scales.
Front Psychiatry. 2017;8:192.

Hettige NC, Nguyen TB, Yuan C, Rajakulendran T, Baddour J, Bhagwat N, et al.
Classification of suicide attempters in schizophrenia using sociocultural and
clinical features: A machine learning approach. Gen Hosp Psychiatry.
2017;47:20-28.

Pestian JP, Sorter M, Connolly B, Bretonnel Cohen K, McCullumsmith C, et al.
STM Research Group. A Machine Learning Approach to Identifying the Thought
Markers of Suicidal Subjects: A Prospective Multicenter Trial. Suicide Life Threat
Behav. 2017;47(1):112-21.

Poulin C, Shiner B, Thompson P, Vepstas L, Young-Xu Y, Goertzel B, et al. Pre-
dicting the risk of suicide by analyzing the text of clinical notes. PLoS One.
2014;9(1):e85733.

Delgado-Gomez D, Blasco-Fontecilla H, Alegria AA, Legido-Gil T, Artes-Rodriguez
A, Baca-Garcia E. Improving the accuracy of suicide attempter classification. Artif
Intell Med. 2011;52(3):165-8.

Modai |, Kurs R, Ritsner M, Oklander S, Silver H, Segal A, et al. Neural network
identification of high-risk suicide patients. Med Inform Internet Med.
2002;27(1):39-47.

Modai |, Greenstain S, Weizman A, Mendel S. Backpropagation and adaptive
resonance theory in predicting suicidal risk. Med Inform (Lond). 1998;23:325-30.

ACKNOWLEDGEMENTS

No acknowledgments.

SPRINGER NATURE

AUTHOR CONTRIBUTIONS

AP, PP, LC, and PB conceptualized the study. AP and GD performed the research
and wrote the manuscript. NT performed the analysis and critically revised the
manuscript. DM, PB, LC, and PP critically revised the manuscript. All authors
approved the manuscript.

FUNDING

This study was partially supported by the Italian Ministry of Health (GR-2019-
12369479 to AP and Ricerca Corrente 2024 to PB, and and Hub Life Science-
Diagnostica Avanzata, HLS-DA, PNC-E3-2022-23683266- CUP: C43C22001630001 /
MI-0117 to PB), the ltalian Ministry of Education and Research (Dipartimenti di
Eccellenza Program 2023-2027 - Dept. of Pathophysiology and Transplantation,
University of Milan to PB), Fondazione Cariplo (Award Number 2019-3415), and
ERANET NEURON JTC2018 “Mental Disorders” (UNMET project - Neuron-051 to PB).

COMPETING INTERESTS

The authors declare no competing interests.

ADDITIONAL INFORMATION

Supplementary information The online version contains supplementary material
available at https://doi.org/10.1038/541398-024-02852-9.

Correspondence and requests for materials should be addressed to Paolo Brambilla.

Reprints and permission information is available at http://www.nature.com/
reprints

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims
in published maps and institutional affiliations.

Open Access This article is licensed under a Creative Commons

BY Attribution 4.0 International License, which permits use, sharing,
adaptation, distribution and reproduction in any medium or format, as long as you give
appropriate credit to the original author(s) and the source, provide a link to the Creative
Commons licence, and indicate if changes were made. The images or other third party
material in this article are included in the article’s Creative Commons licence, unless
indicated otherwise in a credit line to the material. If material is not included in the
article’s Creative Commons licence and your intended use is not permitted by statutory
regulation or exceeds the permitted use, you will need to obtain permission directly
from the copyright holder. To view a copy of this licence, visit http:/
creativecommons.org/licenses/by/4.0/.

© The Author(s) 2024

Translational Psychiatry (2024)14:140


https://doi.org/10.1038/s41398-024-02852-9
http://www.nature.com/reprints
http://www.nature.com/reprints
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/

	Machine learning and the prediction of suicide in psychiatric populations: a systematic�review
	Introduction
	Material and�method
	Search strategy
	Data extracted
	Descriptive analyses
	Quality assessment

	Results
	Description of outcome employed
	Description of ML algorithms�used
	Description of the sample sizes and most assessed diagnoses
	Description of the number and types of features
	Description of AUC and accuracy�ranges
	Most relevant features

	Discussion
	Limitations and future challenges

	Conclusions
	References
	Acknowledgements
	Author contributions
	Funding
	Competing interests
	ADDITIONAL INFORMATION




