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Objective: A growing body of evidence has put forward clinical risk factors associated with patients with
mood disorders that attempt suicide. However, what is not known is how to integrate clinical variables
into a clinically useful tool in order to estimate the probability of an individual patient attempting suicide.
Method: A total of 144 patients with mood disorders were included. Clinical variables associated with
suicide attempts among patients with mood disorders and demographic variables were used to ‘train’ a
machine learning algorithm. The resulting algorithm was utilized in identifying novel or ‘unseen’ individual subjects as either suicide attempters or non-attempters. Three machine learning algorithms
were implemented and evaluated.
Results: All algorithms distinguished individual suicide attempters from non-attempters with prediction
accuracy ranging between 65% and 72% (po0.05). In particular, the relevance vector machine (RVM)
algorithm correctly predicted 103 out of 144 subjects translating into 72% accuracy (72.1% sensitivity and
71.3% speciﬁcity) and an area under the curve of 0.77 (po 0.0001). The most relevant predictor variables
in distinguishing attempters from non-attempters included previous hospitalizations for depression, a
history of psychosis, cocaine dependence and post-traumatic stress disorder (PTSD) comorbidity.
Conclusion: Risk for suicide attempt among patients with mood disorders can be estimated at an individual subject level by incorporating both demographic and clinical variables. Future studies should
examine the performance of this model in other populations and its subsequent utility in facilitating
selection of interventions to prevent suicide.
& 2015 Elsevier B.V. All rights reserved.

Keywords:
Suicide
Bipolar disorder
Depression
Machine learning
Big data
Personalized medicine

1. Introduction
When a patient with a depressive episode and no known previous history of suicide attempts ﬁrst presents for treatment, what
is the likelihood that this individual patient will attempt suicide?
This question is a major unmet challenge in mood disorder
treatment and also an important question for society at large, as
suicide is a tragic but highly preventable event (Mann et al., 2005).

☆
Location of work: Department of Psychiatry, The University of Texas Health
Science Center at Houston, Houston, TX, United States.
n
Correspondence to: 1941 East Rd Suite 3130, Houston, TX 77054, USA.
E-mail address: benson.irungu@uth.tmc.edu (B. Mwangi).
1
These are joint ﬁrst authors who contributed equally to this work.

http://dx.doi.org/10.1016/j.jad.2015.12.066
0165-0327/& 2015 Elsevier B.V. All rights reserved.

Suicide accounted for 4.8% and 5.7% of total global deaths in female and male subjects aged 15–49 years respectively in 2010
(Lozano et al., 2012). In the same year, suicide was reported as the
sixth leading cause of life years lost in North-America (Lozano
et al., 2012). Furthermore, it has been reported that approximately
90% of individuals who die through suicide are diagnosed with a
mental disorder prior to their death (Arsenault-Lapierre et al.,
2004). However, there is little awareness in medical practice on
objective stratiﬁcation of suicide risk, which has led suicide to be
referred to as “the quiet epidemic” (Turecki, 2014). The current
situation is particularly worrisome in major depressive disorder
(MDD) and bipolar disorder (BD), given the high prevalence of
these disorders and the strong association between suicide and
depressive symptoms.
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Suicide is usually viewed as an extreme response to a catastrophic event, such as loss of a close relative (M A Oquendo et al.,
2014a, 2014b). However, many individuals, including patients with
mood disorders, go through these kinds of stressors and yet they
do not attempt suicide (Oquendo et al., 2014a, 2014b). Consequently, a growing body of knowledge has put forward several risk
factors associated with patients that attempt suicide (Brundin
et al., 2015; Mann and Currier, 2010; Oquendo et al., 2014a, 2014b;
Turecki, 2014). They are developmental and distal factors (as opposed to precipitating factors, such as loss of a close relative) associated to the suicidal behavior (Turecki, 2014; Turecki et al.,
2012). These efforts have largely reported average group-level
differences between suicide attempters and non-attempters.
However, what is not known is how to integrate these variables to
build a signature of suicide attempt and estimate the probability of
an individual patient with mood disorder attempting suicide while
faced with a stressful event.
In this study we set out to investigate whether a predictive
clinical signature derived from easily accessible clinical and demographic variables can objectively identify individual patients
likely to attempt suicide. Predictor variables were selected using a
priori knowledge. Notably, the majority of clinical variables selected were related to psychiatric comorbidities (Almeida et al.,
2012; Bhui et al., 2012; Blackmore et al., 2008; Blanco et al., 2012;
Bostwick and Pankratz, 2000; Bottlender et al., 2000; De Araújo
et al., 2015; Foley et al., 2006; Galfalvy et al., 2006; Goes et al.,
2012; Goldstein et al., 2012; Gonzalez-Pinto et al., 2006; Holma
et al., 2014; Isometsä et al., 2014; Johnson et al., 1991; Katz et al.,
2011; Lenze et al., 2000; Morina et al., 2013; Neves et al., 2009;
Oquendo et al., 2010; Schaffer et al., 2014a, 2014b; Simon et al.,
2004; Soloff et al., 2000; Stein, 2006; Torres et al., 2011; Webb
et al., 2014), given the recent ﬁndings that effects of mental disorders on the risk of suicide attempt were exerted almost exclusively through a general psychopathology factor representing
the shared effect across all mental disorders (Hoertel et al., 2015).
As a result, we implemented a set of algorithms that are able to
integrate the information from multiple variables to subsequently
identify an individual patient’s probability or risk of being a suicide attempter.
Machine learning in psychiatric research is an emerging ﬁeld
with a great potential for innovation and paradigm shift as these
algorithms facilitate integration of multiple measurements as well
as allows objective predictions of previously ‘unseen’ observations.
Typically, these algorithms are implemented in three key stages.
First, subjects’ data are separated into algorithm ‘training’ and
‘testing’ sets with the former being used to ‘train’ a machine
learning model. Second, the predictive accuracy of the ‘learnt’
model is evaluated using the ‘testing’ set that consists of observations previously ‘unseen’ by the model, and algorithm accuracy, sensitivity and speciﬁcity reported. In this study, we implemented three machine learning algorithms namely; least absolute shrinkage and selection operator (LASSO) (Tibshirani, 2011),
support vector machines (SVM) (Vapnik, 1998) and relevance
vector machine (RVM) (Tipping, 2001). The LASSO technique was
implemented using a generalized linear model (GLM) with a
LASSO regularization penalty. A detailed discussion of these algorithms in the context of psychiatric research is given elsewhere
(Mwangi et al., 2012).
In summary, the main objective of the current study was to
establish a clinically useful predictive signature able to accurately
determine individual patients’ likely to committ suicide. We used
easily accessible clinical variables to achieve our aim. Of note, this
is a proof-of-concept study due to a small sample size.

2. Methods
The Institutional Review Board of the University of Texas
Health Science Center at Houston approved the study. All subjects
signed informed consent before any study-related procedures with
ample time for questions. Participants included in the current
study were recruited from January 2006 to June 2010.
2.1. Participants
A total of 144 subjects were recruited from the community and
psychiatric clinics through ﬂyers, radio, and newspaper advertisements. Inclusion criteria were subjects with MDD or BD types I
or II (DSM-IV), and aged between 18 and 65. Exclusion criteria
were head trauma with residual effects, neurological disorder, and
uncontrolled major medical conditions.
2.2. Assessments
Subjects were evaluated using a socio-demographic history
form to assess age, gender, years of education, and occupational
status. Axis-I diagnoses and clinical characteristics were assessed
with the Structured Clinical Interview for DSM-IV axis-I Disorders
(SCID-I), which was administered by fully trained staff. The criterion for suicidality was one or more documented actual suicide
attempts assessed by the suicide history form from the Conte
Center for the Neuroscience of Mental Disorders (New York State
Psychiatric Institute, Columbia University). Current dimensional
mood and anxiety symptoms were assessed with the Hamilton
Depression Rating Scale (HDRS), the Young Mania Rating Scale
(YMRS), and Hamilton Anxiety Rating Scale (HARS). Data from all
instruments were collected regardless of treatment status.
2.3. Selection of predictor variables and machine learning
Selection of predictor variables to be utilized in ‘training’ an
algorithm is a challenge in machine learning. However, a recommended method of selecting relevant predictor variables is
the use of expert domain knowledge – largely from previously
published literature (Mwangi et al., 2013; Perlis, 2013). We performed a structured search on Pubmed to ﬁnd relevant studies
that report association of clinical and demographic variables included in this study with suicide attempts (Table 1). Of note, we
chose patients with mood disorders because (a) the developmental variables associated with suicide in both BD and MDD are
somewhat similar (see Table 1); and (b) our goal was to create a
tool that could be used with the large number of patients with
mood disorders treated in primary care settings (Table 1).
Three machine learning algorithms (LASSO, SVM, and RVM)
were implemented in MATLAB (The Mathworks, Inc., Natick,
Massachusetts, United States). Speciﬁcally, predictor variables (see
Table 1) were normalized by z-scoring and together with corresponding categorical labels (1 – suicide attempt, 0 – non-attempt)
input into the machine learning algorithm. Here, we brieﬂy describe these machine learning algorithms but detailed and technical discussions are given elsewhere (Tibshirani, 2011; Tipping,
2001; Vapnik, 1998). SVM and RVM are ‘kernel-learning’ algorithms which transform a set of input variables (feature vectors)
into a ‘kernel’ or similarity matrix through a ‘kernel function’ and
subsequently used in the algorithm ‘learning’ process. These algorithms can utilize multiple types of kernel functions (e.g. linear,
polynomial, Gaussian) but in the current study a linear function
was utilized in training both SVM and RVM algorithms as described elsewhere (Mwangi et al., 2012). In contrast, the LASSO
utilizes a typical linear regression formulation but introduces a
‘penalization’ procedure by assigning some predictor variables
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Table 1
Clinical and demographic variables selected to develop to ‘train’ the model.
Variable

Type

Study

Results

Age

Continuous
variable

Gonzalez-Pinto et al.
(2006)
Galfalvy et al. (2006)
Perlis et al. (2007)
Schaffer et al. (2015)

Suicidal risk was higher in young patients with BD.

Schaffer et al. (2014)

Female gender was associated with suicide attempts among patients
with BD.
Female gender was associated with suicide risk among patients with
MDD.
Black African men have the highest rates of suicide compared to the
white group.

Gender

Categorical
variable:
0 – male;
1 – female.

Perlis et al. (2007)
Race

Years of education
Current employed

Mood diagnosis

Social phobia

Speciﬁc phobia

Panic disorder

Categorical
variable:
0 – Caucasian
1 – NonCaucasian
Continuous
variable
Categorical
variable:
0 – no; 1 – yes.
Categorical
variable:
0 – BD;
1 – MDD.
Categorical
variable:
0 – no; 1 – yes.

Categorical
variable:
0 – no; 1 – yes.
Categorical
variable:
0 – no; 1 – yes.

Generalized anxiety disorder

Categorical
variable:
0 – no; 1 – yes.

Obsessive compulsive disorder

Categorical
variable:
0 – no; 1 – yes.

Posttraumatic stress disorder

Categorical
variable:
0 – no; 1 – yes.

Alcohol/cocaine dependence

Categorical
variables:
0 – no; 1 – yes.

Number of depressive episodes and prior hospitalization by depressive episodes

Continuous
variable.

Psychotic symptoms

Categorical
variable:
0 – no; 1 – yes.

Bhui et al. (2012)

Younger age predicted suicide attempts among patients with BD.
Younger age was associated with suicide risk in patients with MDD.
Female gender was associated with suicide attempts among patients
with BD.

De Araújo et al.
(2015)
Blackmore et al.
(2008)

Elementary school as highest education level completed was associated
with suicide attempt.
Being unemployed was signiﬁcantly associated with a suicidal act.

Holma et al. (2014)

Patients with BD had higher cumulative incidence of suicide attempts
compared to those with MDD.

Bottlender et al.
(2000)
Simon et al. (2004)

Patients with BD had higher past suicide attempts compared to those
with MDD.
Comorbid social phobia was associated with greater likelihood of suicide
attempts in patients with BD.
Social anxiety disorder is associated with an increased risk for MDD and
a more malignant course, characterized by increased likelihood of suicide attempts
Subject with speciﬁc phobia was associated with increased suicide attempts among patients with BD.

Stein (2006)

Goes et al. (2012)

Simon et al. (2004)

Comorbid panic disorder was associated with greater likelihood of suicide attempts in patients with BD.
Katz et al. (2011)
Comorbid panic disorder was associated with greater likelihood of suicide attempts in patients with MDD.
Simon et al., 2004
Comorbid generalized anxiety disorder was associated with greater
likelihood of suicide attempts in patients with BD.
Foley et al. (2006)
Comorbid generalized anxiety disorder was associated with greater
likelihood of suicide attempts in patients with MDD.
Lenze et al. (2000)
Comorbid generalized anxiety disorder was associated with greater
likelihood of suicide attempts in depressed elderly patients.
Simon et al., 2004
Current obsessive compulsive disorder was associated with greater
likelihood of suicide attempts in patients with BD.
Torres et al. (2011)
MDD was associated with suicide attempts in patients with obsessive
compulsive disorder.
Simon et al., 2004
Comorbid posttraumatic stress disorder was associated with greater
likelihood of suicide attempts in patients with BD.
Morina et al. (2013) Comorbid posttraumatic stress disorder was associated with greater
likelihood of suicide attempts in patients with MDD.
Oquendo et al.
Comorbid alcohol use disorders were associated with suicide risk
(2010)
among individuals with BD
Blanco et al. (2012)
Substance use disorder was associated with higher rates of suicide attempts in patients with MDD.
Webb et al. (2014)
Comorbid alcohol or drug use disorders predicted suicide attempts
among patients with BD.
Goldstein et al.
Severity and number of depressive symptoms was associated with sui(2012)
cide attempts among patients with BD
Isometsa et al. (2014) Patients with BD and prior hospitalization by depressive episode had
increased suicide risk.
Gonzalez-Pinto et al. Number of depressive episodes and hospitalization was associated with
(2006)
suicidal risk in patients with BD.
Johnson et al. (1991) Comorbid psychotic symptoms were associated with suicide attempts
among patients with MDD.
Bottlender et al.
Psychotic symptoms were associated with suicidality among patients
(2000)
with BD.

BD, bipolar disorder; MDD, major depressive disorder.

zero coefﬁcients or weighting factors – a process also referred to as
regularization. The penalization or regularization process reportedly improves the linear regression algorithm prediction

accuracy and generalization ability but entails identifying an optimal regularization parameter (Tibshirani, 2011). In the current
study, the regularization parameter was identiﬁed through a 10-
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Fig. 1. Flow diagram showing algorithm training and testing process. *The class imbalance problem was addressed through a resampling step, which entailed undersampling the majority class (suicide non-attempters) followed by algorithm training. This process was repeated 1000 iterations and algorithm predicted probabilities
averaged over the resampling iterations. Class imbalance is a recurrent challenge in machine learning as recently highlighted by Libbrecht et al., (2015). A leave-one-out
cross-validation approach was used to separate algorithm training and testing data.

fold cross-validation process using training data only.
2.4. Class imbalance problem
Class imbalance is a common problem in machine learning
where observations (subjects) in one class (e.g. suicide non-attempters) exceed observations in the other class (e.g. suicide attempters). A typical machine learning algorithm trained using an
imbalanced data set assigns new observations to the majority class
(e.g. suicide non-attempters) (Dubey et al., 2014). In this study, the
class imbalance problem was circumvented by ‘under-sampling’
the majority class (suicide non-attempters) followed by training an
algorithm with a balanced sample – a process which was repeated
until all observations in the majority class were selected at least
once and predictions aggregated as shown in Fig. 1.
2.5. Model testing and validation
A unique characteristic of machine learning algorithms is the
ability to utilize a cross-validation approach to separate data into
model ‘training’ and ‘testing’ sets. In this study, a leave-one-out
cross-validation (LOOCV) approach was used. LOOCV involves
training a machine learning algorithm with all subjects except one
while the ‘left out’ subject is used for algorithm testing. This
iterative process is repeated until all subjects are left out for algorithm testing at least once as shown in Fig. 1 and described
elsewhere (Johnston et al., 2014). Cross-validation is used in machine learning to establish the generalization ability of an algorithm to new or previously ‘unseen’ subjects. The validity of the
algorithms in predicting individual suicide attempters from nonattempters was evaluated using prediction accuracy, sensitivity,
speciﬁcity, positive predictive value (PPV) and negative predictive
value (NPV). In this study, sensitivity and speciﬁcity represented
correctly predicted suicide attempters (true positives) and correctly predicted non-attempters (true negatives) respectively. A
‘classical’ prediction accuracy was calculated as the sum of true
positives, true negatives and divided by the total sample. In contrast, to account for the class imbalance problem, a ‘balanced’ accuracy was calculated as the average of predicted sensitivity (true
positives) and speciﬁcity (true negatives) as reported elsewhere
(Feis et al., 2013). In addition, PPV was calculated as the proportion
of subjects predicted as suicide attempters that were actual positives (attempters) and NPV as the proportion of subjects predicted
as non-attempters but were actual non-attempters (true negatives). Receiver operating characteristic curves and the corresponding area under curve were computed and reported. Lastly,
chi-square statistical test between actual and machine learning

predicted labels were calculated and the results reported. The
outcome of a chi-square test was considered signiﬁcant at
po 0.05.

3. Results
A total of 144 subjects with BD or MDD were included in the
study. Table 2 summarizes subjects’ clinical and demographic
characteristics. All algorithms (RVM, SVM and LASSO) distinguished individual suicide attempters from non-attempters
with prediction accuracy ranging (64.7–72%) and all models were
signiﬁcant (chi-square p o0.05) as detailed in Table 3. In
Table 2
Demographic and clinical characteristics.

Age (years)
Years of education
Gender
Male
Female
Currently employed
Race
Caucasian
African American
Hispanic or Latino
Number of
hospitalization
Mood disorder diagnosis
BD
MDD
Comorbid anxiety
disorders
GAD
OCD
Social Phobia
Panic Disorder
PTSD
Speciﬁc Phobia
Comorbid substance use
disorder
Cocaine
Alcohol
Lifetime psychotic
symptoms

Attempters
(n¼ 43)

Non-attempters
(n¼ 101)

p-Value

35.26 7 11.14
13.22 7 3.56

37.53 7 12.96
14.55 7 3.098

0.317
0.026

14 (32.5%)
29 (67.5%)
13 (30.2%)

39 (38.6%)
62 (61.4%)
50 (49.5%)

0.616

22 (51.2%)
7 (16.2%)
14 (32.6%)
1.58 7 1.8

72 (71.3%)
6 (5.9%)
23 (22.8%)
0.29 7 0.82

40 (93%)
3 (7%)

74 (73.2%)
27 (26.7%)

6 (13.9%)
4 (9.3%)
7 (16.3%)
13 (30.2%)
13 (30.2%)
5 (11.6%)

14 (13.9%)
11 (10.9%)
14 (13.9%)
18 (17.8%)
16 (15.8%)
6 (5.9%)

1.000
1.000
0.905
0.150
0.081
0.404

10 (23.3%)
23 (53.5%)
18 (41.9%)

9 (8.9%)
31 (30.7%)
19 (18.8%)

0.039
0.016
0.007

0.051
0.037

o 0.001
0.014

Independent t-test was performed to numeric variables, while chi-square test with
Yates correction was performed to categorical variables. BD, bipolar disorder; GAD,
generalized anxiety disorder; MDD, major depressive disorder; OCD, obsessivecompulsive disorder; PTSD, posttraumatic stress disorder.
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Table 3
Algorithm performance in identifying individual suicide attempters from non-attempters among patients with mood disorders. The balanced accuracy (sensitivityþ speciﬁcity/2) was used to identify the best performing algorithm due to the
class imbalance problem.
Algorithm

RVM

SVM

LASSO

Area under curve
Balanced accuracy (%) (Speciﬁcity þsensitivity/2)
Classical accuracy (%)
Speciﬁcity (%)
Sensitivity (%)
PPV (%)
NPV (%)

0.77
72
71.5
71.3
72.1
51.7
85.7

0.65
64.7
67.4
71.3
58.1
46.3
80.0

0.73
68
72.9
80.2
55.8
54.6
81.0

LASSO, least absolute selection shrinkage and selection operator; NPV, negative
predictive value; PPV, positive predictive value; RVM, relevance vector machine;
SVM, support vector machines.

particular, the RVM algorithm correctly identiﬁed 103 out of 144 as
either attempters or non-attempters. This translated into 72% accuracy (72.1% sensitivity and 71.3% speciﬁcity) and signiﬁcant at χ2
p o0.0001. The RVM receiver operating characteristic (ROC) curve
and the ‘confusion matrix’, which were used in calculating the
sensitivity, speciﬁcity and area under ROC curve values, are shown
in Fig. 2. To calculate ‘concentration of risk’ – RVM predicted
subjects’ probabilities were divided into 20 groups of equal sizes
(ventiles) and number of subjects correctly predicted within the
top two ventiles calculated. In both top two ventiles, 5 out of
7 subjects were correctly predicted – translating into 71.4 % accuracy in both ventiles. Individual subjects’ predicted probabilities
are shown in Table S1 of Supplementary materials.
The most relevant predictor variables in distinguishing suicide
attempters from non-attempters that were assigned positive
coefﬁcients or weighting factors by RVM – indicating an increase
in suicide attempters included; 1) a high number of previous
hospitalizations for depression, 2) a history of psychosis, 3) cocaine dependence, and 4) PTSD. In contrast, patients’ age and
mood diagnosis (0 – bipolar disorder or 1 – unipolar depression)
were assigned negative weighting factors indicating a reduction of
these variables was relevant in identifying suicide attempters.
Fig. 3 shows predictor variables with corresponding weighting
factors.
An additional RVM algorithm was evaluated by removing previous number of hospitalizations in the analysis and the algorithm
was able to identify individual subjects with accuracy¼ 68.9%,
sensitivity ¼74%, speciﬁcity ¼63%, p o0.05 and area under ROC
curve¼0.71. This is an indication that past hospitalization variable
was not the only contributor to the algorithm performance.
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4. Discussion
Although risk factors for suicide are widely known, synthesizing easily accessible clinical information to optimize suicide risk
identiﬁcation in subjects with mood disorders has been an elusive
goal up to now. This is the ﬁrst study to evaluate the feasibility of
using a clinical tool developed with advanced machine learning
algorithms to identifying an individual’s risk of being a suicide
attempter among patients with mood disorders. All algorithms
achieved greater than chance ( 450%) accuracy in distinguishing
attempters from non-attempters. Most notably, the RVM algorithm
achieved the best prediction accuracy 72% and an area under receiver operating characteristic curve of 0.77. Notably, the prediction accuracy, sensitivity and speciﬁcity of the machine learning
algorithm in identifying previously ‘unseen’ suicide attempters
was determined through a robust cross-validation approach. The
main outcome of the machine learning algorithm was a probability
score able to quantify the risk of a subject being a suicide
attempter.
Most relevant predictor variables distinguishing suicide attempters from non-attempters by RVM included number of prior
hospitalizations for depression, lifetime psychotic symptoms, and
comorbidity with cocaine dependence or PTSD. Previous average
group level studies showed that these variables are associated
with suicide attempts in patients with BD. In this sense, a prospective study with 72 bipolar I disorder patients showed that
suicidal risk was higher with more hospitalization (Gonzalez-Pinto
et al., 2006), while two studies showed that psychotic symptoms
were associated with suicidality in patients with MDD and BD
(Bottlender et al., 2000; Johnson et al., 1991). In addition, a crosssectional study with 500 patients with BD reported that patients
with BD and comorbid PTSD presented more suicide attempts
compared against patients with BD and without PTSD (Simon
et al., 2004). Finally, a review suggested that there is cross-sensitization between cocaine use and number of mood episodes in
patients with bipolar disorder leading to faster illness progression,
which may potentially increase the number of suicide attempts
(Post and Kalivas, 2013).
In contrast with other branches of medicine (e.g. cardiology,
oncology) – the lack of risk stratiﬁcation approaches in psychiatric
clinical practice is notable (Kapczinski and Passos, 2015). Noteworthy risk stratiﬁcation applications include, prediction of cardiac arrest risk, cancer screening, and prediction of mortality risk
in intensive care units (Anothaisintawee et al., 2012; Lee et al.,
1999). Indeed, in personalized medicine, risk stratiﬁcation plays an
important role in treatment planning from the time of diagnosis.

Fig. 2. ‘Confusion matrix’ and receiver operating characteristic (ROC) curve. ‘Confusion matrix’ and receiver operating characteristic (ROC) curve were used in computing the
algorithm accuracy, sensitivity, speciﬁcity and area under the ROC curve. The RVM algorithm performed best as compared to SVM and LASSO.
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Fig. 3. Clinical signature. Bar graph showing weighting factors assigned to each clinical variable by RVM based on their relevance in distinguishing suicide attempters from
non-attempters. Clinical variables which increase the probability of an individual patient being a suicide attempter were assigned positive weighting factors whilst those that
decrease the probability of a patient being a suicide attempt were assigned negative weighting factors. Variables related to anxiety and substance use disorder are lifetime
comorbidities. PD, panic disorder; PTSD, posttraumatic stress disorder. Predictor variables weighting factors should be interpreted with caution as they are selected to
collective maximize prediction accuracy as opposed to representing individual coefﬁcient accuracy.

For instance, in acute care of myocardial infarction efforts to develop treatment algorithms on the basis of clinical presentation
are increasingly integrated in clinical practice (5).
One important question is how this suicide risk stratiﬁcation
tool can be applied in a clinical practice to optimize individual
patient treatment? For example, it is possible that individual patients with a high risk of attempting suicide as identiﬁed by the
algorithm would beneﬁt from preventive strategies or antisuicidal
drugs. For instance, a randomized clinical trial of suicidal patients
reported that a selective serotonin-reuptake inhibitor led to a
greater acute improvement in suicidal ideation compared to a
noradrenergic-dopaminergic drug. Notably, this therapeutic advantage was greater in patients with the most severe suicidal
ideation (Grunebaum et al., 2012). Furthermore, evidence from
meta-analysis reported that lithium reduces suicide attempts (Cipriani et al., 2013). In addition, clozapine recently emerged as one
option for treatment-resistant patients with BD and also showed a
protective effect against suicidal behavior compared with olanzapine (Meltzer et al., 2003). These studies further highlight the
need to develop novel suicide stratiﬁcation algorithms as presented in this study and allow individualized treatments and care
for patients predicted with a high risk of attempting suicide.
The current study has some potential limitations. The study
sample is small and from the Texas region which may not fully
represent the entire United States population. This may explain
the reason why comorbid generalized anxiety disorder (GAD) and
obsessive-compulsive disorder (OCD) ﬁndings were not fully in
agreement with previous studies. However, multivariate machine
learning techniques may have found unexpected interactions
among predictive variables and therefore unexpected results on
GAD and OCD. Therefore, future studies should conﬁrm or reject
these results. In this sense, the current study serves as a proof-ofconcept and future longitudinal studies should collect larger
samples from multiple centers to replicate current ﬁndings. In line
with our hypothesis, our ﬁndings are related to patients with
mood disorder and may not be generalized to patient with other
mental disorders. However, future studies may utilize a similar
approach to accommodate other mental disorders. Of note, borderline personality disorder that is also shown to be associated

with suicide attempts in patients with mood disorders (Schaffer
et al., 2014a) was not included in the algorithm due to missing
data in our database. Notwithstanding these limitations, this study
is the ﬁrst to describe and implement a risk stratiﬁcation tool
using machine learning algorithms to identify an individual’s
probability of attempting suicide among patients with mood disorders. This algorithm could be used in a primary care setting by
general practitioners to identify the risk of a mood disorder patient attempting suicide. Future work will focus on validating the
algorithm using a larger sample as well as developing a web-based
suicide risk calculator. Importantly, the strengths of our study include the application and testing of a multivariate machine
learning algorithm in suicide stratiﬁcation leading to a high area
under the ROC curve of 0.77. Notably, a recent study reported that
most breast cancer prediction algorithms, including the widelystudied ‘Gail score’ report area under ROC curves below .70 (Anothaisintawee et al., 2012). Indeed, machine learning is a fascinating ﬁeld that may change the traditional doctor-patient relationship in psychiatry. We hypothesize that highly accurate
predictive models will support important clinical decisions such as
selection of treatment options, preventive strategies, and prognosis orientations. For instance, several studies recently utilized
machine learning techniques to predict treatment response using
functional brain scans and neurocognitive data (Hahn et al., 2015;
Johnston et al., 2015; Van Waarde et al., 2015). Moreover, a recent
study reported a prediction model able to estimate the risk of
renal failure in patients with BD treated with lithium (Castro et al.,
2015). Therefore, future studies should develop web-based calculators and medical devices based on validated models to allow
translation of these predictive models into clinical practice.
In summary, we report a highly accurate algorithm able to
identify suicide attempts in patients with mood disorders using
clinical and demographic data. These results suggest that it is
possible to utilize clinical measures in identifying individual patients at greater risk of attempting suicide. Lastly, we hypothesize
that the combination of genetics, blood markers, neuroimaging,
and the clinical signature together with a machine learning algorithm could generate an even more accurate multi-modal
signature.
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