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SUMMARY

From FY24-25, the VA-STARRS Residency
program provides opportunity to conduct
research with the Army STARRS research team
for 20h per week. Research focuses broadly on
suicide prevention among active duty and
recently discharged military personnel.



SUMMARY OF VA-STARRS
RESIDENCY

. Orientation to the STARRS Datasets

. Collaboration with researchers at Harvary

& USUHS

. Leading research projects using STARRS

data
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STARRS DATASETS

* Self-report datasets

* New Soldier Survey (N=50,765)

e All Army Survey (N=39,666)

* Pre-Post Deployment Survey (N=9,415)

e Longitudinal Follow-up Surveys (1-4) (N=14,508)
* Publicly available through ICPSR

e Historical Administrative Datasets

 All administrative data collected from the US
Army from 2004-present

* Only available to STARRS researchers
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INITIAL PROJECT

Situational Stress in At Risk Transitioning Veterans
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Abstract

Background. Risk of suicide-reated behaviors is elevated among military personnel transi-
tioning to civilian life. An earlier report showed that high-risk U.S. Army soldiers could be
identified shortly before this transition with a machine learning model that included predic-
tors from administrative systems, self-report surveys, and geospatial data. Based on this result,
a Veterans Affairs and Army initiative was launched to evaluate a suicide-prevention interven-
tion for high-risk transitioning soldiers. To make targeting practical, though, a streamlined
model and risk calculator were needed that used only a short series of self-report survey
questions.
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Table 3. Predictor importance in the final lasso mode

|28

Multivariab e Univariable
RR (95% CI) RR (95% CI)
I. Self-injurious thoughts and behaviors
Lifetime active suicidal ideation 1.58 (0.97-2.57) 2.85 (1.94-4.19)
Lifetime passive suicidal ideation 1.43 (0.94-2.19) 2.81 (1.99-3.97)
Lifetime suicide attem pt 1.24 (1.06-1.45) 1.60 (1.31-1.96)
Suicidal ideation {active or passive) 2 years before leaving active service 1.21 (0.98-1.49) 1.59 (1.32-1.93)
Lifetime suicide plan 1.02 (0.75-1.39) 2,22 (1.62-3.03)
IIl. Externalizing disorders
Frequency of substance use-related interpersonal problems [worst lifetime) 1.34 (1.12-1.61) 1.45 (1.19-1.77)
Frequency of school truancy in chidhood 1.26 (0.98-1.61) 1.95 (1.43-2.66)
Frequency of running away from home in childhood 1.25 (1.03-1.52) 1.56 (1.2%-1.89)
Antisocial persenality traits: Physically assault others 1.11 (0.93-1.33) 1.32 (1.09-1.60)
Childhood conduct: How often bullied or threatened kids 1.11 (0.85-1.38) 1.48 (1.22-1.79)
lll. Stressor exposure
Victim of any criminal offense 4 years before leaving active senvice 1.36 (1.15-1.61) 1.60 (1.37-1.87)
Any lifetime life-threatening accident or other risky/near death experence® 0.55 (0.39-0.78) 0.66 (0.45-0.95)
I¥. Socio-demographic and Army career predictors
1+ dependent age 6-13 years old 1.63 (1.33-1.99) 1.45 (1.24-1.70)
Discharged Honorably or Under Honorable Conditions 1.45 (1.15-1.86) 1.38 (1.05-1.80)
Identify as gay, leshian, or bisexual 1.0 (1.02-1.42) 1.35 (1.15-1.61)
34+ years old at the time of leaving active sarvice 0.64 (0.42-0.97) 0.57 (0.20-0.83)
2+ Global War on Terror deployments 0.54 (0.36-0.83) 0.56 (0.34-0.95)

Abbreviations: RR, relative-risk; Cl, confidence interval

“The coefficients and Ci were estimated in multivarizble and univarizble Poisson regression modeks with 2 stable regularization method used to estimate gandard emors. Howewer, as a prior
lasso model was used to select the predictors included in the models, the confidence intenals should be used only heuristically, as they are not exact when predictor selection is done using
lasso. It is noteworthy that some predictors would not be considered statistically significant wsing conventional criteria but were selected by lasso because they best represent joint effects of
all survey predictors. Each predictor was standardized to hawe a mean of 0 and variance of 1 priorto estimation, resulting in the RR estimates describing the pro portional differences in risk of
the outcome associated with 1 so. changes in each predictor.

“See online Supplementary Table 51 fora description of the predictor vanables. All variables were defined as of the time period prior to the respondent leaving or being released from active
SETVICE.

“Other than physical or sexual assault, illness or injury, or a natural disaster.

Those in the top 10% of
predicted risk made 45% of all
post-discharge suicide
attempts

Those in the top 30% of
predicted risk made 93% of all
post-discharge suicide
attempts

Based on self-report data
administered during NSS,
AAS, and PPDS and follow-up
self-report data administered
through LS1 and LS2

Total sample size = 8,335

Suicide attempt sample = 110



AMONG THOSE IDENTIFIED AS AT-RISK,
WHO IS MOST LIKELY TO EXPERIENCE
SITUATIONAL STRESS DURING THE
TRANSITION BACK TO CIVILIAN LIFE?

Even among individuals at high chronic risk for suicide, acute stressors are
typically responsible for triggering suicide-related behaviors.
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1 Replicate lasso model using data from LS1-4

2 Clarify Veterans in top decile of predicted risk

3 Run new lasso model predicting three classes of
situational stress — economic, relational,
victimization — among those Veterans in top

decile

4 Disseminate results through peer-reviewed
publication

ANALYSIS PLAN



RESULTS

Year 1 Suicide
Attempts

* Pretty good ability to predict
suicide attempts occurring
within the first 12 months
post-discharge

* AUC =0.85, SE=0.02

Year 2 Suicide
Attempts

* Not as great, but still pretty
decent!

* AUC=0.77, SE = 0.03

Those in the top 15% of predicted risk
made 65% of all post-discharge
suicide attempts

Total sample size = ~5200-5800/year

Suicide attempt sample = 217

Year 3 Suicide
Attempts

* Model is still holding!

* AUC=0.77, SE=0.04




1 Replicate lasso model using data from LS1-4

2 Clarify Veterans in top decile of predicted risk

Run new lasso model predicting three classes of

3
situational stress — economic, relational,

victimization — among those Veterans in top
decile

4 Disseminate results through peer-reviewed
publication

ANALYSIS PLAN



Economic

NOPE...

AUC = 0.55, SE = 0.02

RESULTS

Relational

* NOPE...

* AUC =0.57, SE = 0.02

PRESENTATION TITLE

Victimization

ANOTHER NOPE...

AUC = 0.60, SE = 0.02
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1 Replicate lasso model using data from LS1-4

2 Clarify Veterans in top decile of predicted risk

3 Run new lasso model predicting three classes of
situational stress — economic, relational,
victimization — among those Veterans in top

decile

4 Disseminate results through peer-reviewed
publication

ANALYSIS PLAN



THANK YOU

Emily Edwards

Emily.Edwards5@va.gov
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A MACHINE LEARNING MODEL TO
PREDICT FIREARM SUICIDE

Claire Houtsma, PhD
Southeast Louisiana Veterans Health Care System
South Central Mental lliness Research, Education and Clinical Center
Supervisor: Ronald C. Kessler, PhD McNeil Family Professor of

Health Care Policy, Department of Health Care Policy, Harvard
Medical School




DISCLOSURE:
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BACKGROUND OF THE
PROBLEM
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Suicide is a significant concern among military service members and Veterans, with most
deaths involving firearm-related injury

Risk of suicide nearly triples during the first year post-separation, and remains elevated
for up to six years post-separation

There are many barriers to identifying those at risk before it is too late (e.g., service
members and Veterans are unlikely to disclose suicidal thoughts)

Our ability to predict suicidal ideation and behavior has not improved in the last 50 years,

indicating a need for novel approaches to risk identification

Department of Defense, 2022; U.S. Department of Veterans Affairs,
2023; Ravindran et al., 2020; Horwitz et al., 2019; Franklin et al., 2017
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MACHINE
LEARNING
MODELS




THE BASICS

Machine learning is a subfield of artificial intelligence, with the goal of
using computers to perform complex tasks, similar to how humans solve
problems

This process starts with a subset of data on which to “train” the computer
program. From there, you let the model find patterns or make predictions

The remaining data is held out from this process to be used as the
“evaluation” data, which tests the accuracy of the model is when it is
shown new data

Brown, 2021



MACHINE LEARNING AND SUICIDE

Systematic review of 87 machine learning studies examining prediction of suicide
risk found:

Classification studies were the most common

Excellent accuracy and area under the curve (AUC) values - primary indicators of

a good model (AUCs ranged from 0.61 to 0.99)

Many pre-identified risk factors emerged as important within these models (e.qg.,
mood/substance use disorders, male gender) but newly identified risk factors

emerged as well (e.qg., neural substrates)

Methods varied widely, limited examples within military/Veteran samples

Bernert et al., 2020




MACHINE LEARNING AND SUICIDE

Kessler et al (in progress):

Supervised machine learning model using administrative data of Army soldiers from 2010-
2019

Predicting suicide by any method
Good accuracy and AUC

However:

The majority of Army suicides involve firearms

Given the high lethality rate of firearms, there is less opportunity to intervene on suicide
risk than with other suicide methods

| wondered if a model based on firearm suicide would improve upon the “suicide by any
method” model in this population, giving us a chance to intervene with firearm-specific
suicide prevention interventions for those at risk
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CURRENT STUDY

* Supervised machine learning model trained on the same Army
administrative data from 2010 to 2019
« Specifically, firearm suicide decedents and matched controls (20 controls: 1
case)
« FEvaluated the resulting model’s ability to predict firearm suicide

*  We also compared this model’s accuracy to the “any suicide method” model
developed by Kessler et al.



PRELIMINARY
RESULTS

\YfeYe [=Y AUC 95% Confidence Interval

e,i\gT)SU|C|de method” model (Kessler 0.710 0.699 0.721

Firearm suicide model (Houtsma etal) 0.710 0.699, 0.721



PRELIMINARY INTERPRETATIONGS

* No difference between the two models in terms of accuracy
« Could mean that using the "any suicide method” model is best
* Another possible interpretation:
Given:
1. The preponderance of firearm suicide among service members and Veterans
2. The lethality of firearms as a suicide methoad
3. Realistic limitations for rolling out interventions in this large population

It may be preferable to identify those who are at risk of firearm suicide specifically, so
that firearm-specific suicide prevention interventions can be used with these
IalelVileIVEIE




NEXT STEPS

« Currently running a "net-benefit analysis” to determine whether there is a statistical
advantage to using the firearm model over the “any suicide method” model when
trying to predict firearm suicide among Army soldiers

 |f the firearm model is advantageous, we could use this to identify soldiers at
elevated risk prior to discharge and connect them with relevant primary
prevention (e.g., lethal means counseling, firearm locking devices)

« Another possibility is to look at Shapley Additive Explanations (SHAP values) as a
metric of variable importance within the model - our team is still determining
whether this is an appropriate/important step to take




THANK YOU
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Claire Houtsma
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