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Abstract

Objective: To predict suicidal ideation one year after moderate to severe traumatic brain injury
(TBI).

Design: Cross-sectional design with data collected through the prospective, longitudinal TBI
Model Systems (TBIMS) network at hospitalization and one year after injury. Participants
who completed the Patient Health Questionnaire-9 (PHQ-9) suicide item at year one follow-up
(N=4,328) were included.

Results: A gradient boosting machine (GBM) algorithm demonstrated the best performance in
predicting suicidal ideation one year after TBI. Predictors were PHQ-9 items (except suicidality),
Generalized Anxiety Disorder-7 (GAD-7) items, and a measure of heavy drinking. Results of

the 10-fold cross-validation GBM analysis indicated excellent classification performance with
an AUC of 0.882. Sensitivity was 0.85, and specificity was 0.77. Accuracy was 0.78 (95% CI:
0.77 — 0.79). Feature importance analyses revealed that depressed mood and guilt were the most
important predictors of suicidal ideation, followed by anhedonia, concentration difficulties, and
psychomotor disturbance.

Conclusions: Overall, depression symptoms were most predictive of suicidal ideation. Despite
the limited clinical impact of the present findings, machine learning has potential to improve
prediction of suicidal behavior, leveraging electronic health record data, to identify individuals at
greatest risk, thereby facilitating intervention and optimization of long-term outcomes following
TBI.

Keywords
traumatic brain injury; suicidal ideation; depression; anxiety; alcohol use; machine learning

Risk of suicidal ideation (SI) and behavior is 3-5 times higher for persons with traumatic
brain injury (TBI) than the general US population.1=3 Rates of SI after TBI range from
7-33%%6, and one quarter of individuals may experience Sl in the first year.* Modifiable
risk factors of Sl after TBI include depression, anxiety, and alcohol use,’8 all of which
are observed at higher rates among people with a history of TBI than in the general
population.® Greater than 50% of individuals experience depression in the first year after
TBI,10 with high comorbid occurrence of post-TBI anxiety (31-61%) among people with
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TBI and depression.11 Alcohol use is both a risk factor for sustaining a TBI and a health
behavior that can complicate chronic recovery.12:13

In addition to comorbid psychological disorders, pre-injury history of depression and suicide
attempts are potential risk factors for suicidal thoughts and behaviors (STB) after TBI.” Yet,
despite the high prevalence and persistence of STB after TBI,> there is limited understanding
of the complex factors that contribute to the onset and maintenance of post-TBI STB and
ultimately put individuals at risk for death by suicide. \Very little research has examined
factors that predict STB after TBI, and many of these studies are hindered by small

sample sizes, absence of standard measurement tools, and variable assessment time frames.’
Furthermore, traditional approaches to identifying risk factors for STB among the general
population have historically focused on isolated measures at one moment in time, resulting
in the identification of variables that are weak and inaccurate predictors of STB, thus
predicting suicide risk with near-chance accuracy.14

To address the limitations of traditional approaches to the identification of suicide risk,
researchers studying suicidal behavior in the general population have called for a shift

in focus from a prioririsk factors to machine-learning based algorithms.14 With large
datasets, machine learning approaches offer several advantages, including the use of
techniques that can promote clinical significance and generalizability through modeling
complex associations among variables, as well as computational strategies that automatically
learn methods for optimizing prediction algorithms rather than being dependent on
researchers’ a priori hypotheses.1415 Machine learning approaches can be advantageous

in predicting outcomes that are heterogeneous and of rare occurrence (i.e., suicidal thoughts
and behaviors), which are often associated with class imbalances. Specifically, sampling
procedures, including downsampling, can be implemented in conjunction with traditional
machine learning procedures to predict imbalanced outcomes. Using a combination of
surveys, administrative data, and electronic health records, machine learning has shown
promise in identifying short- and long-term risk for suicidal behaviors (in non-TBI
populations) with greater accuracy than traditional approaches, up to several years before
they occur and across a variety of settings, including the US Army,16:17 \eterans Health
Administration,18 independent health care systems, 151920 and population-wide studies.21:22
One machine learning study found that history of TBI was one of several pre-deployment
risk factors for suicide attempts during and after Army deployment.23 A recent meta-
analysis suggests that when compared to theoretically-driven models, machine learning
models provide superior prediction of suicidal ideation and behavior.24

Given the complex, chronic cognitive, emotional, and behavioral sequelae of TBI, and the
limitations of traditional statistical approaches in the prediction of suicide, machine learning
offers the potential to optimize predication algorithms that are learned from existing,
complex data, which may be critical in examining suicide risk after TBI. However, to

our knowledge, there have been no published studies examining risk for STB after TBI

with machine-learning methods. Utilizing the National Institute on Disability, Independent
Living, and Rehabilitation Research (NIDILRR) TBI Model Systems (TBIMS) National
Database, the aim of the present study was to employ machine learning to predict suicidal
ideation one year after moderate-to-severe TBI. Specifically, several different machine
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learning algorithms were evaluated and compared to determine which procedure evidenced
the best classification performance in predicting the presence of suicidal ideation.

Participants were enrolled in the NIDILRR-funded TBIMS multi-site prospective study.
Participants were enrolled during inpatient rehabilitation after sustaining a TBI caused by
an external mechanical force and meeting one or more of the following severity criteria:

(a) Glasgow Coma Scale (GCS) score <13 on emergency department admission, (b) loss

of consciousness >30 minutes, (¢) posttraumatic amnesia >24 hours, or (d) trauma-related
intracranial abnormality on neuroimaging. Additional eligibility criteria were: age 16 years
or older, medical care received in a TBIMS-affiliated trauma center within 72 hours of injury
with direct transfer to a TBIMS-affiliated inpatient TBI rehabilitation program, and written,
informed consent from the patient or legal proxy. The current study utilized follow-up data
from the period in which the Patient Health Questionnaire-9 (PHQ-9) was administered.
Specifically, participants in the study (7= 4,328) completed the PHQ-9 at the one-year
follow-up assessment October 2007 through September 2013 and October 2017 through
October 2019.

This study conforms to all STROBE guidelines and reports the required information
accordingly (see Supplementary Checklist). The study was approved and overseen by
institutional review boards at all TBIMS centers. Demographic data and psychosocial
history were gathered from medical records or participant/family interview. Follow-up data
were collected via telephone or in-person interview. Interviews were conducted as close
to the anniversary of injury as feasible, within a + 8-week window. In the TBIMS study,
self-report measures such as the PHQ-9 and GAD-7 are only administered to individuals
who are determined by the local study team to have capacity to participate in research.
For individuals with diminished capacity or who were consented by a legally authorized
representative, information is collected by proxy and does not include the self-reported
measures of emotional status. All predictor and outcome variables were measured at one-
year follow-up.

Predictor Variables—Patient Health Questionnaire 9 (PHQ-9)° is a 9-item self-report
measure of the frequency of depressive symptoms (i.e., anhedonia, depressed mood,

sleep problems, fatigue, appetite problems, guilt, concentration difficulties, psychomotor
retardation or agitation, and suicidal ideation) over the past two weeks. Participants also rate
the amount of difficulty and interference caused by depressive symptoms. Item responses
range from 0 (not at all) to 3 (nearly every day), and total scores range from 0 to 27. Except
for item 9 (suicidal ideation), all other items of the PHQ-9, including the difficulty and
interference item, were retained as predictors. Strong evidence supports the validity of the
PHQ-9 as a depression screener among individuals with TBI.26:27
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Generalized Anxiety Disorder Assessment (GAD-7)8 is a 7-item self-report measure of the
frequency of generalized anxiety symptoms (anxiety/nervousness, worry, inability to control
worry, trouble relaxing, restlessness, irritability, being afraid), as well as an item rating
difficulty and interference caused by anxiety. All items, including the interference item,
were included as predictors. The GAD-7 has demonstrated adequate psychometric properties
among individuals with TBI.2

Heavy drinking days was assessed. Participants were asked to indicate the number of times
they consumed five or more drinks on one occasion (regardless of gender) in the past month.

Demographic and injury-related variables were collected through interview and chart review,
including participant age at injury, sex, race, marital status, employment at time of injury,
and Glasgow Coma Scale (GCS) score in emergency department.

Outcome Variable—The primary outcome of interest was the presence of suicidal
ideation (0 = absent and 1 = present). The dichotomous suicidal ideation outcome was
determined using item 9 of the PHQ-9, which measures the frequency of “thoughts that
you would be better off dead or of hurting yourself” over the past two weeks. A PHQ-9
item 9 score of 0 indicated no suicidal ideation, whereas a score of 1 or greater indicated
suicidal ideation was present. The reason this definition of suicidal ideation was employed
was twofold: 1) to be sensitive enough to encompass any degree of suicidal ideation, and 2)
to optimize the number of people in each group as fewer patients endorsed PHQ-9 item 9
scores above 1. The original breakdown of PHQ-9 item 9 responses was as follows: 3,905
people (90.2%) endorsed a 0, 271 people (6.3%) endorsed a 1, 80 people (1.9%) endorsed a
2, and 72 people (1.7%) endorsed a 3.

Data Analyses

To predict suicidal ideation one year after TBI, machine learning algorithms were evaluated
using all the primary predictor variables (i.e., 18 total predictors, including all PHQ-9 items
except suicidality, the PHQ-9 interference item, all GAD-7 items, the GAD-7 interference
item, and the heaving drinking variable). A number of machine learning approaches were
implemented to predict suicidal ideation, including support vector machine (SVM), random
forest (RF), gradient boosting machine (GBM), and logistic regression. Although a full
description of each algorithm is beyond the purview of this paper, each approach is derived
from a different supervised learning family.39 SVM is a non-linear approach that uses
hyperplanes to best classify the outcome within the predictor feature space.3% RF is an
ensemble approach that uses collections of decision trees to predict an outcome.39 GBM

is an ensemble technique that optimizes prediction by training weak trees successively
with each tree learning and improving on the previous one.20 Binary logistic regression

is a traditional generalized linear model procedure using the logit link function. The best
performing model was used as the primary model. After the final model was selected, a
secondary analysis was conducted that included the 18 primary predictor variables listed
above, as well as demographic variables (i.e., age, race, sex, marital status, and employment
status) and injury severity (GCS) to determine whether they have any predictive utility.
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Machine learning models were examined using ten-fold cross-validation, which partitions
the sample into ten subsets, of which nine were used in the training process and predictions
were made in the remaining subset. This process was repeated for each of the remaining
subsets, and results were averaged to produce a single estimate. Furthermore, feature
importance analyses were conducted to determine the ranked order of predictors in terms of
predictive power. Feature importance analyses calculated the individual area under the curve
value for each individual predictor.

When categorical outcome variables exhibit class imbalances (i.e., one value is far less
frequent than others), difficulties can sometimes arise in machine learning performance
insofar as the algorithms may yield poor predictive performance for the minority value

of the variable. One way to address such class imbalances is a procedure referred to as
downsampling, which involves randomly removing observations from the majority class to
prevent its signal from dominating the learning algorithm. This procedure was adopted for
the current study, as suicidal ideation was endorsed by 9.78% of the sample.

To appraise classification performance, receiver operator characteristics (ROC) and area
under the curve (AUC) metrics were calculated. AUC values greater than 0.5 denote
successful classification (i.e., maximize the true positive rate and minimize the false positive
rate). The following AUC framework was adopted as an interpretive guideline: AUC =

0.50 reflects no discrimination, 0.70 < AUC < 0.80 reflects acceptable discrimination,

and AUC > 0.80 reflects excellent discrimination.3 It is important to note that feature
importance does not indicate directionality in prediction. Also, standard ROC metrics,
sensitivity (i.e., proportion of positives correctly identified) and specificity (i.e., proportion
of negatives correctly identified), were evaluated. These metrics range between 0 and 1 such
that larger values indicate better performance. Accuracy, which is the percentage of total
items classified correctly, was estimated as well. Analyses were performed in the R Caret
package.32

Participant Characteristics

A total of 4,328 participants with TBI completed item 9 of the PHQ-9 at the year one
follow-up assessment. Sociodemographic, injury-related, and mental health characteristics
of the sample are summarized in Table 1.

Machine Learning Prediction of Suicidal Ideation

Results revealed that the 10-fold cross-validation GBM model evidenced the best
performance overall (i.e., having the highest AUC). The GBM model had excellent
classification performance with an AUC of 0.882. Sensitivity was 0.85, specificity was

0.77, and accuracy was 0.78 (95% CI: 0.77 — 0.79). The RF model exhibited the second-best
classification performance, with an AUC of 0.881. Sensitivity was 0.84, specificity was
0.77, and accuracy was 0.78 (95% CI: 0.77 — 0.79). SVM analysis indicated excellent
classification performance with an AUC of 0.87. Sensitivity was 0.82, specificity was

0.78, and accuracy was 0.78 (95% CI: 0.77 — 0.79). Finally, the logistic regression model
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exhibited an AUC of 0.87, as well as a sensitivity of 0.77, a specificity of 0.81, and
accuracy of 0.80 (95% CI: 0.79 — 0.81). Results of the feature importance analysis produced
individual AUC values for each predictor and revealed that depressed mood and guilt were
the most important predictors of suicidal ideation, with AUC values above .80, indicating
excellent discrimination (Table 2). Anhedonia, concentration difficulties, and psychomotor
disturbance were the next most important predictors of suicidal ideation, with AUC values
above .70, indicating acceptable discrimination (Table 2). Overall, depressive symptoms
were most predictive of suicidal ideation one-year post injury, followed by generalized
anxiety symptoms and heavy drinking.

When demographic variables and TBI severity were included in the final GBM model,
performance was not improved, with an AUC of 0.77. Sensitivity was 0.68, specificity was
0.71, and accuracy was 0.70 (95% CI: 0.66 — 0.74). Furthermore, the feature importance
results indicated the demographic variables were the least associated with suicidal ideation,
exhibiting AUC values indicating classification performance not much different from chance
(Table 3).

Discussion

The purpose of this study was to utilize machine learning to predict suicidal ideation

in individuals with TBI one year after injury. The machine learning model found that

at one year after TBI, depressed mood and guilt were the best predictors of suicidal
ideation, followed by anhedonia, concentration difficulties, and psychomotor disturbance.
The selected gradient boosting machine (GBM) algorithm achieved successful classification
of suicidal ideation with a high AUC of 0.882, as well as good sensitivity and specificity.
Paired with feature importance analyses, the model determined a ranked order of predictor
power, illuminating depressed mood as the most important predictor of suicidal ideation
within the model. Downsampling procedures, like those performed in this study, address
potential issues of class imbalance in categorical outcome variables that occur infrequently
but are critically important to understand, such as suicidal ideation.

Although there are limited and mixed findings on predictors of suicidal ideation following
TBI, depression, anxiety, and substance use are clearly associated with suicidality

after TBI.6:13.33.34 The current results highlight that depressed mood was the most
important predictor of SI one-year post-TBI, which is consistent with previous research
reporting comorbid depression as the most significant risk factor for STB after TBI.*7
Similarly, DSM-1V diagnosis of depression or anxiety more than one-year post-TBI was
significantly related to Sl in a community-dwelling sample.® The current analysis of PHQ-8
features revealed the predictive power of specific depressive symptomology compared to
dichotomized reports of depression in prior research. The majority of individuals with
depression do not experience suicidal ideation one year after TBI,® so although a diagnosis
of depression is a strong predictor of suicidal ideation, it is very sensitive without being
specific. By identifying the depressive symptoms that are most associated with suicidal
ideation (i.e., depressed mood, guilt, and anhedonia), clinicians can better identify high-risk
individuals and target intervention.
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The current findings highlight the importance of assessment and intervention for depressive
symptoms in the rehabilitation setting and the potential for using machine learning
algorithms to identify high-risk individuals. Of note, the most important features in the
algorithm that predicted Sl did not directly ask about suicidal thoughts, which may

be appealing for several reasons. For example, STB are not routinely assessed in the
rehabilitation setting, which may partly be impacted by deficiencies in institutional policies
or systemic challenges around availability of adequately trained clinicians to assess, monitor,
and intervene, when appropriate. The current findings highlight the potential for using
machine-learning algorithms to monitor risk for STB with measures (e.g., PHQ-8 or brief
depression screeners) that are more commonly used in healthcare systems than suicide-
specific measures and may be easier to implement on a broad scale via patient portals
integrated within electronic health records. Although a machine learning algorithm to predict
STB cannot replace a suicide risk assessment conducted by a trained clinician, algorithms
can help facilitate referrals to providers when a direct assessment is not part of routine care
or when variables in the model are aggregated across multiple encounters through a digital
health application.

To improve understanding, assessment, and prevention of suicide after TBI, machine
learning has the potential to address the dynamic and temporal nature of risk with the use of
technological advances, including real-time data from connected devices, social-behavioral
interactions from social media and internet, and longitudinal clinical trends from electronic
health records.3® Mental health symptom profiles have been successfully tracked in a
community-dwelling population with TBI using a mobile phone health app platform and
demonstrated rich temporal variability that could be useful with machine learning models in
defining temporal symptom patterns most associated with STB.36:37

Limitations

To our knowledge, this is the first published study to utilize machine learning to predict
suicidality among individuals with a history of moderate-to-severe TBI. Nevertheless, the
current approach is limited in that feature importance analysis does not provide information
about the directionality of the effect of predictors of suicidal ideation. Although feature
importance analyses provide an overall ranking of the predictors that accomplish the

best classification, it cannot be concluded that an increase or decrease in a specific
predictor (e.g., depressed mood, guilt) increases or decreases an individual’s risk of suicidal
ideation. The current study utilized a large, well-defined cohort; however, the sample was
limited to individuals who received specialized, acute inpatient rehabilitation for moderate-
to-severe TBI. Individuals who receive inpatient rehabilitation represent 7% of all persons
hospitalized with moderate-to-severe TBI, are less likely to be a member of a racial/ethnic
minority group, and are more likely to have health insurance compared to individuals who
are hospitalized and do not receive inpatient rehabilitation.38 Further, the TBIMS National
Database does not account for potential deficits in self-awareness in the self-report data,
which may have resulted in inaccurate or under-reported symptoms, though an inverse
relationship between impaired self-awareness and self-report of depressive symptoms39-41
may minimize this limitation in the current study. Although it would be profitable to
examine the predictive relevance of additional variables, the TBIMS National Database
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contains a limited number of variables that are theoretically likely to contribute to risk

for suicidal ideation. For several variables that are theoretically associated with suicidal
ideation, there was a high degree of missing data, which undermines the ability of a machine
learning model to converge on a solution. Importantly, the predictors representing depression
symptoms originated from the same scale (i.e., PHQ-9) as the main outcome variable.
Although items from the same scale might exhibit stronger associations with one another
due to method artifact, it would not be theoretically justifiable to omit the depression

items from the model due to the overwhelming conceptual justification of depression as a
predictor of suicidal ideation. Social supports, social determinants of health, employment
status, physical mobility, comorbidity burden, common post-TBI impulsivity coupled with
impaired problem-solving, and premorbid psychiatric history may have a “root-causal” role
to play when delineating depression, ideation, and attempt relationships. Thus, the clinical
impact of this study is limited by a relatively small set of predictor variables. Future research
would benefit from considering a larger set of predictor variables, thereby facilitating the
development of more rigorous suicide screening procedures using machine learning.

The current study examined predictors of suicidal ideation, not suicide attempts or deaths.
Most individuals who endorse suicidal ideation do not attempt suicide.*? Moreover, many
robust predictors of suicidal ideation do not meaningfully distinguish individuals with
suicidal ideation who do and do not attempt suicide,*3 limiting the ability to draw
conclusions from current analyses about risk for suicide attempts or deaths after TBI.
Furthermore, evidence to support the ability of the PHQ-9 item 9 to detect suicidal

ideation and behaviors is limited and mixed, warranting a more detailed discussion of the
limitations of PHQ-9 item 9. One study demonstrated that the PHQ-9 item 9 was a robust
predictor of suicide attempts and deaths, regardless of age, in a large and diverse sample

of nearly 300,000 outpatients.** However, findings from other studies have suggested that
PHQ-9 item 9 is an insufficient assessment tool for suicide ideation when compared to a
brief electronic version of the Columbia Suicide Severity Rating Scale (eC-SSRS)*° and
questions from a diagnostic interview among patients with coronary artery disease.*® The
PHQ-9 does not distinguish between active and passive ideation, intent, and plans, and

may over-estimate suicide risk compared to more comprehensive assessments of suicidal
thoughts and behaviors (e.g., Columbia Suicide Severity Rating Scale*’). In one large
Veterans Health Administration (VHA) study, over 70% of completed suicides occurred
among individuals who responded “not at all” on their most recent PHQ-9,48 which is
reflective of a consistent problem with diagnostic accuracy across suicide risk assessment
tools.*® Given these challenges, the clinical impact of the current findings is limited, and
suicide risk models are likely to be most useful when predicting suicide attempts and deaths,
despite the challenges inherent in the feasibility of studying suicidal behaviors with low
base rates. Furthermore, the limitations outlined above underscore the need for changing the
way suicide risk is assessed, and machine learning may provide a pathway to improving
diagnostic accuracy when predictive models include suicide attempts and deaths. Future
models examining suicide risk after TBI could include a combination of electronic health
record data and information passively obtained from connected devices (e.g., activity data,
call and text usage) collected within large healthcare systems or large-scale registries, as
has been explored in recent studies predicting suicide attempts!® and deaths!”:18 in different
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populations. Careful consideration can be given to when and how to use different predictive
models; that is, early models to predict later risk for suicidal behavior could inform
prevention efforts and may rely more on premorbid and injury-related factors, whereas
concurrent models to predict immediate risk may inform intervention and monitoring in
chronic settings and may rely more on concurrent mood symptoms and social factors.
Machine learning approaches could be successfully deployed to develop these different
predictive models. In addition, future research should examine the potential impacts of
suicidal ideation on long-term rehabilitation and functional outcomes after recovery from
TBI.

Conclusions

Utilizing the TBIMS, a machine learning model revealed that depressed mood and guilt
were the strongest predictors of suicidal ideation one year after moderate-to-severe TBI,
followed by anhedonia, concentration difficulties, and psychomotor disturbance. Limitations
to the present study, including the use of a one-item screening tool assessing suicidal
ideation and a limited set of predictors, minimize the clinical impact of present findings.
However, machine learning approaches can appropriately handle distributions of low base-
rate events, including suicidal thoughts and behaviors, and facilitate the identification

of the most important predictors of these outcomes. Future directions could include the
use of machine learning to develop and refine suicide behavior prediction calculators for
individuals with TBI, which can better facilitate identification of patients at risk of suicide,
assist clinical decision making and treatment planning, and optimize long-term outcomes
following TBI.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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What is Known

Rates of suicidal thoughts and behavior (STB) are significantly higher among individuals
with TBI than the general population. Historically, methods for detecting suicide risk
have been hindered by small sample sizes, absence of standard assessment tools and
time frames, and isolated measures at one moment in time, resulting in identification of
variables that are weak and inaccurate predictors of STB.

What is New

This is the first published study to utilize machine learning to examine risk factors for
suicidal thoughts after TBI. Feature importance results highlight depressive symptoms
that are most associated with suicidal ideation after TBI.
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Sample Characteristics

Table 1.

Variable

Total Sample (n=4,328)

M (SD) or n

Suicidal Ideation

Yes (n=423) No (n= 3,905)

M (SD) or n

Age at Injury
Glasgow Coma Scale Score at ED
Sex
Male
Female
Race/Ethnicity (%)
White
Black
Asian/Pacific Islander
Native American
Hispanic Origin
Other
Marital Status
Single (Never Married)
Married
Divorced
Separated
Widowed
Other
Years of Education
Suicidal Ideation, past two weeks (% yes)
PHQ-9 Total Score (with Item 9)
GAD-7 Total Score
Heavy Drinking Days (past month)

42,61 (19.12)
11.49 (3.96)

3,144 (72.7%)

3,048 (70.5%)
670 (15.5%)
113 (2.6%)
25 (0.6%)
416 (9.6%)
53 (1.2%)

1909 (44.1%)
1445 (33.4%)
575 (13.3%)
171 (4.0%)
223 (5.2%)

5 (0.1%)
13.19 (2.74)
423 (9.8%)
5.47 (5.82)
4.12 (5.24)
1.34 (4.07)

38.76 (15.89)  43.03 (19.39)
109 (4.02)  11.55(3.95)

299 2,845
124 1,057
274 2,774
84 586
11 102

4 21

44 372

6 47
199 1710
107 1338
75 500
28 143
14 209

0 5

12.61(2.84)  13.25(2.72)
423 (9.8%) 3,905 (90.2%)
14.03(6.23) 455 (4.97)
10.36 (6.23)  3.47 (4.68)
215 (545)  1.25(3.86)
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Note. Presence of suicidal ideation includes all individuals who endorsed a score of 1 or greater on the PHQ-9 item 9. Heavy drinking days are the

number of times a participant consumed 5 or more alcoholic beverages on an occasion in the past month.
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Feature Importance for Suicidal Ideation

Predictor FI Value
PHQ: Depressed Mood 0.84
PHQ: Guilt 0.82
PHQ: Anhedonia 0.73
PHQ: Concentration 0.71
PHQ: Psychomotor Disturbance  0.71
PHQ: Fatigue 0.69
PHQ: Sleep Disturbance 0.69
PHQ: Appetite Disturbance 0.68
GAD: Irritability 0.63
GAD: Uncontrollable Worry 0.62
GAD: Worry 0.62
GAD: Inability to Relax 0.62
GAD: Anxiety/Nervousness 0.61
GAD: Afraid 0.60
GAD: Restlessness 0.59
GAD: Anxiety Interference 0.58
PHQ: Depression Interference 0.54
Heavy Drinking 0.51

Note: Values denote the area under curve value of ROC performance for each predictor in predicting outcome. Fl = feature importance.
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Feature Importance for Suicidal Ideation with Demographic Variables

Predictor FI Value
PHQ: Depressed Mood 0.84
PHQ: Guilt 0.82
PHQ: Anhedonia 0.73
PHQ: Concentration 0.71
PHQ: Psychomotor Disturbance  0.71
PHQ: Fatigue 0.69
PHQ: Sleep Disturbance 0.69
PHQ: Appetite Disturbance 0.68
GAD: Irritability 0.63
GAD: Uncontrollable Worry 0.62
GAD: Worry 0.62
GAD: Inability to Relax 0.62
GAD: Anxiety/Nervousness 0.61
GAD: Afraid 0.60
GAD: Restlessness 0.59
Employment 0.59
GAD: Anxiety Interference 0.58
Age 0.55
PHQ: Depression Interference 0.54
Race 0.53
Sex 0.51
GCS 0.51
Heavy Drinking 0.51
Marital Status 0.50

Note: Values denote the area under curve value of ROC performance for each predictor in predicting outcome. Fl= feature importance.
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