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Abstract

Background. Risk of suicide-related 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.

Methods. We revised the original model in a sample of n = 8335 observations from the Study
to Assess Risk and Resilience in Servicemembers-Longitudinal Study (STARRS-LS) who par-
ticipated in one of three Army STARRS 2011-2014 baseline surveys while in service and in
one or more subsequent panel surveys (LS1: 2016-2018, LS2: 2018-2019) after leaving service.
We trained ensemble machine learning models with constrained numbers of item-level survey
predictors in a 70% training sample. The outcome was self-reported post-transition suicide
attempts (SA). The models were validated in the 30% test sample.

Results. Twelve-month post-transition SA prevalence was 1.0% (s.e.=0.1). The best con-
strained model, with only 17 predictors, had a test sample ROC-AUC of 0.85 (s.e.=0.03).
The 10-30% of respondents with the highest predicted risk included 44.9-92.5% of 12-
month SAs.

Conclusions. An accurate SA risk calculator based on a short self-report survey can target
transitioning soldiers shortly before leaving service for intervention to prevent post-
transition SA.

Introduction

The suicide rate among transitioning U.S. service members (TSMs) in the year following mili-
tary separation is 2.5 times the rate among age-sex matched personnel who remain in service
(Shen, Cunha, & Williams, 2016). A 2018 Presidential Executive Order tried to address this
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problem by calling for increased programming and care coordin-
ation between the Departments of Defense (DoD) and Veterans
Affairs (VA) to support TSMs (Executive Office of the
President, 2018; U.S. Secretary of DoD, U.S. Secretary of VA, &
U.S. Secretary of Homeland Security, 2018; 116th Congress
[2019-2020], 2020). The U.S. Army responded by expanding its
Soldiers for Life (SFL) program to focus on transitional assistance
needs of TSMs. The VA responded by establishing the Solid Start
program, which makes three contacts with each TSM in the 12
months after leaving active service to provide guidance on acces-
sing VA benefits (U.S. VA, 2020). However, SFL and Solid Start
are both universal programs that do not target special efforts or
services to TSMs estimated to be at high risk of suicide-related
behaviors.

In an earlier report (Stanley et al., 2022), we described a
machine learning model based on information available at the
time the soldier left active service. The model was developed to
predict suicide attempts (SAs) after leaving service and help target
high-risk TSMs for preventive interventions. The analysis was
based on data from the Study to Assess Risk and Resilience in
Servicemembers-Longitudinal Study (STARRS-LS), an ongoing
cohort study of Army soldiers surveyed both during and after
leaving active service. We found that a model could be developed
that predicted SAs with good accuracy using a combination of
predictors taken from surveys administered while still in service,
information from military records, and geocoded data about the
areas soldiers planned to move to after leaving service. Top pre-
dictors were in the domains of lifetime self-injurious thoughts
and behaviors, traumatic events, and socio-demographics, with
fewer predictors in the domains of Army career and mental and
physical disorders.

Based on the good performance of this prediction model, a VA
and Army initiative was established to implement a suicide-
prevention intervention for high-risk TSMs in conjunction with
SFL. The STARRS model was to be used for targeting. However,
to make this practical, a simplified version of the model was
needed that used only a short series of self-report survey ques-
tions, as these questions would need to be included in a brief
needs assessment survey of TSMs implemented at enrollment to
SFL. The original STARRS model used much more extensive sur-
vey questions along with administrative variables that are not
available for real-time use in SFL risk targeting. The original
model also included small area geocode data not available for
use in SFL risk targeting because the SFL survey is administered
6-12 months before leaving active service, at which time a sub-
stantial proportion of TSMs are unsure about their post-transition
residential plans. A critical question consequently arose early in
intervention planning whether it would be possible to develop a
useful high-risk targeting model based only on responses to a
short series of self-report survey questions. The current report
presents the results of a reanalysis of the STARRS data to answer
that question.

Materials and methods
Sample

Baseline surveys

As detailed in Stanley et al. (2022), Army STARRS included three
separate baseline surveys, all using group in-person self-
administration (Fig. 1): (1) the 2011-2012 New Soldier Study
(n=50765 new soldiers surveyed during the first few days of
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service before beginning Basic Combat Training); (2) the 2011-
2013 All Army Study (n =39 666 soldiers surveyed in representa-
tive duty units throughout the world); and (3) the 2012-2014
Pre-Post Deployment study (n=9415 soldiers surveyed shortly
before deployment to Afghanistan). Field procedures are
described extensively elsewhere (Heeringa et al, 2013; Kessler
et al.,, 2013a, 2013b; Ursano et al.,, 2014). The Human Subjects
Committees of the University of Michigan, the Uniformed
Services University of the Health Sciences, and the Army
Medical Research and Materiel Command approved all recruit-
ment, consent, and field procedures. The n =72 387 respondents
in these surveys who gave written informed consent to link their
deidentified survey data with Army administrative data were the
focus of subsequent study. We applied calibration weights to
these cases to adjust for differences in survey responses between
respondents who did v. did not agree to administrative linkage
and differences from the population and the sample on a wide
range of administrative variables. A probability subsample of
these weighted survey respondents was then selected to participate
in the STARRS Longitudinal Surveys (LS), a series of mixed-mode
mail-phone surveys carried out in successive waves beginning in
2016-2017 (LS1; n=14508). We attempted to resurvey all LS1
respondents in 2018-2019 (LS2; n =12 156).

The focus of the current report is on the LS1 and LS2 respon-
dents who were in the Regular Army at baseline, in service more
than 6 months before leaving active service, and out of active ser-
vice for at least 12 months at the time of one or both of their LS
surveys. This is a smaller sample than in Stanley et al. (2022),
where we did not require being in service more than 6 months
before leaving. This new requirement was imposed because SFL
is offered only to soldiers who are in service more than six
months before leaving active service. We included both soldiers
who separated completely from the Army and those who transi-
tioned to the Reserve or National Guard. Data were pooled over
the LS1 and LS2 surveys. The n =11 LS2 respondents who had
already left active service as of LS1 and reported a SA in the
12 months before their LS1 survey were excluded from the LS2
analysis to avoid double-counting multiple SAs for any single
TSM. This means that, by construction, none of the n =70 TSMs
who reported a SA in the 12 months before LS1 were included
with the #=3110 respondents in the analysis who were in both
LS1 and LS2. The full analysis sample included n = 8335 observa-
tions, composed of n=3935 at LS1 (n=3405 separated from
active service and n =530 no longer activated) and n=4400 at
LS2 (n=3785 separated and n =615 no longer activated). More
detailed information about recruitment is presented in online
Supplementary Figs S1 and S2.

Measures

Self-reported suicide attempts

SA was assessed with questions adopted from the Columbia-
Suicide Severity Rating Scale (Posner et al, 2011) that asked:
Did you ever make a suicide attempt (i.e. purposefully hurt yourself
with at least some intention to die) at any time since your last sur-
vey? Respondents who said yes were asked about number/recency
(age) of such SAs. When reported recency age was within one year
of age at interview, we asked if the most recent SA was in the past
12 months v. more than 12 months ago. We focus here on SAs
that occurred within 12 months of the survey. SAs recorded in
electronic health records (EHRs) were not included because we
had no access to EHRs for LS respondents no longer in active
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Fig. 1. Broad overview of the STARRS Surveys used in this study.

service. Previous studies found that self-reports capture about
two-thirds of the SAs detected either by self-reports or medical
records (Chu et al., 2020; Lee et al., 2018).

Predictors

Our earlier report (Stanley et al., 2022) detailed the nine categor-
ies of predictors considered in our initial analysis, which were
based on previous research (Franklin et al., 2017; Holliday et al.,
2020; Klonsky, May, & Saffer, 2016; Nock et al., 2013): socio-
demographics, Army career variables, mental disorders, self-
injurious thoughts and behaviors, physical health problems,
chronic stressors, adverse childhood experiences, other lifetime
traumatic events, and personality characteristics. These measures
were obtained from baseline Army STARRS surveys, Army/DoD
administrative data systems, and geospatial databases in public
records about Census Block Groups and Counties where respon-
dents resided. In developing this model, we assumed that any
future use of the model would be based on new surveys adminis-
tered to all TSMs shortly before leaving active service in addition
to Army administrative data systems and information provided by
TSM:s about the civilian addresses to which they planned to move
after leaving active service. These assumptions turned out to be
incorrect with respect to SFL, though, as we do not have access
to Army administrative systems at the time of the SFL survey.
And many TSMs report during the survey that they are not yet
sure where they will relocate after leaving active duty.

Based on these considerations, we revised the predictor set in
two ways for purposes of developing a new model for use in the
SFL intervention. First, we focused only on the Army STARRS
survey measures, some of which were scales and others individual
items, considered in developing the initial model (n =137 mea-
sures) along with a subset of 83 administrative variables that we
felt could be assessed quickly and accurately with self-report
equivalents. We estimated a preliminary machine learning
model using those 220 variables. Second, as many of the predic-
tors in the initial model involved long multi-item scales, we dis-
aggregated these scales to the item-level to facilitate creation of
a short question series. We then replicated the machine learning
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analysis with the more extensive set of disaggregated items from
all scales that entered the initial model in addition to all single-
item predictors. Prior research has shown that it is sometimes
possible in this way to recover most of the predictive power of
an initial model that used scales as predictors while substantially
reducing the number of questions needed in the survey used as
input to the model (e.g. Nock et al., 2022).

Analysis methods

Analysis was carried out November-December 2022. As reviewed
elsewhere (Kessler et al., 2019), most machine learning studies
that predict suicide-related behaviors either use a single algorithm
or try several different algorithms and choose the one with the
best prediction accuracy. We instead used the Super Learner
(SL) stacked generalization method, which allows pooling across
multiple algorithms with a weight generated via cross-validation
guaranteed to perform at least as well in expectation as the best
component algorithm (Polley, LeDell, Kennedy, Lendle, & van
der Laan, 2018). We used a diverse set of algorithms in the
ensemble to capture nonlinearities and interactions and reduce
misspecification (online Supplementary Table S2) (Kennedy,
2017). As discussed in more detail in the Methodology
Appendix, this use of a diverse ensemble also addressed the
issue of fairness that has been raised in many recent machine
learning studies (Chen et al., 2022). The model was trained in a
random 70% training sample and validated in the remaining
30% test sample.

Given the need for a short questionnaire, we evaluated the
implications of restricting the number of predictors to only the
top 10, 20, 30, 40, and 50 most important. Predictor importance
was defined for this purpose using the model-agnostic kernel
Shapley Additive exPlanations (SHAP) method, which estimates
the marginal contribution to overall model accuracy of each vari-
able in a predictor set (Lundberg & Lee, 2017). In addition, we
estimated a simple lasso penalized regression model as a bench-
mark (Tibshirani, 1996). The best model was defined as the one
with the highest area under the ROC curve (ROC-AUC) in the



test sample. Once that model was selected, we divided the test
sample into deciles of predicted risk and calculated both condi-
tional and cumulative sensitivity (SN; the proportion of self-
reported SAs within and across deciles of predicted risk) and posi-
tive predictive value (PPV; prevalence of self-reported SAs within
and across deciles of predicted risk).

Data management and calculation of prevalence and
ROC-AUCs were carried out in SAS version 9.4 (SAS Institute,
2013). The SL models and SHAP values were estimated in R ver-
sion 3.6.3 (R Core Team, 2021). The R packages used for each
algorithm are listed in online Supplementary Table S2.

Results
Sample composition

As noted above, the LS surveys were administered to individuals
who participated in any of the three baseline Army STARRS
surveys. These surveys were combined with mean unit weights of
1.0 within each survey for the purpose of the analysis. Dummy
variables for which initial sample the respondent came from
were included in the predictor set to determine if model perform-
ance varied depending on initial sample. Comparisons of
weighted sample distributions with population distributions
found generally good consistency (online Supplementary Tables
S3 and S4). Median respondent age at time of leaving active ser-
vice was 26 (Table 1). Most LS respondents were male (84.9%),
Non-Hispanic White (67.4%), and heterosexual (93.8%). Most
had a high school education (69.7%) and were either married
(59.0%) or never married (35.6%) at the time of leaving active ser-
vice. Most had not deployed to a combat theater (39.5%) or had
only one such deployment (35.2%), were of junior enlisted rank
(60.3%), and were separated (87.8%; i.e. terminated their relation-
ship with the Army) rather than released from active service
(12.2%; i.e. continued in service as a member of the Reserve or
National Guard but no longer activated).

SA prevalence

Overall, #n = 110 respondents reported a SA in the past 12 months,
representing a prevalence (s.e.) of 1.0% (0.1), with higher preva-
lence in LS1 [1.3% (0.2)] than LS2 [0.7% (0.2)], and comparable
prevalence among respondents still in the Reserve or National
Guard [1.1% (0.4)] v. those separated from active service [1.0%
(0.1)]. Based on the one-in-ten rule of thumb, we would expect
that this sample size would support the development of a predic-
tion model with roughly 11 predictors (i.e. 110/10), which would
be adequate for our goal of developing a risk calculator based on a
brief set of survey questions. However, simulations show that it is
often possible to detect stable associations of a larger number of
predictors depending on the data structure (van Smeden et al.,
2016). This led us to cast a wider net in evaluating the incremental
benefits of adding predicting in our analysis.

Model results

Model estimation

As noted above, we began by estimating a SL model using all 220
predictors that included scale-level baseline survey predictors and
administrative measures that we felt we could easily convert into
survey measures. 6 survey scales, 11 survey items, and 7 adminis-
trative variables had nonzero SHAP values in that initial model.
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The scales were then disaggregated into items. We also expanded
the set of traumatic events (both those experienced during deploy-
ments and others) from those that entered the initial model to all
those in the baseline surveys, resulting in a total of 64 variables (57
survey variables plus the 7 administrative variables) used in an
item-level model (online Supplementary Table S6).

Overall model fit

As detailed in the Methodology Appendix, nine algorithms
had nonzero SL importance weights in the item-level SL model:
a penalized logistic regression, four different random forest
specifications, three different extreme gradient boosting specifica-
tions, and one support vector machine specification (online
Supplementary Table S5). The ROC-AUC (s.e.) of that model in
the test sample was 0.81 (0.03) (Fig. 2). This is higher than the
test sample ROC-AUC of the initial SL model using all 220 scale-
level predictors, indicating that the initial model over-fitted the data.

We then examined the implications of limiting the model to
include only the 10, 20, 30, 40, or 50 most important of the 64
predictors as a way of reducing the question series to a manage-
able number for use in the SFL survey. The highest SL test sample
ROC-AUC (s.e.), 0.86 (0.03), was found when we limited the
item-level predictor set to only 20 predictors (Fig. 2). However,
a very similar ROC-AUC, 0.85 (0.03), was obtained when the
lasso model was estimated from the 64 predictors. Only 17 predic-
tors were selected by this lasso model. Based on the much easier
scoring in lasso than SL, along with the equally strong perform-
ance of the lasso model in the part of the risk distribution import-
ant for defining high SA risk (Fig. 2), we selected the lasso model
over SL for implementation.

Inspection of the lasso predicted risk deciles in the test sample
showed that 44.9% of all SAs after leaving active service occurred
among the 10% of TSMs estimated to be at highest risk, 67.8% of
SAs among the 20% of TSMs estimated to be at highest risk, and
92.5% of SAs among the 30% of TSMs estimated to be at highest
risk (Table 2). SA prevalence was 4.3% in the top risk decile, 3.3
and 3.0%, respectively, pooled across the top two and three risk
deciles, and 0.1% in the remainder of the sample.

Predictor importance

Five of the 17 lasso predictors, including 4 of the 10 with highest
RRs, assessed self-injurious thoughts and behaviors, all associated
with increased SA risk: lifetime passive and active ideation, plans,
and attempts; and ideation (either passive or active) in the 2 years
prior to leaving active service (Table 3). Another 5 were indicators
of externalizing disorders, again all of which were associated with
increased SA risk, including 3 indicators of childhood conduct
problems (school truancy, running away from home, bullying),
one of interpersonal problems linked to substance use, and
another of physically assaulting others. Four of the remaining 7
predictors were associated with increased SA risk: having 1+
child ages 6-13; having an honorable discharge or being dis-
charged under honorable conditions; identifying as gay, lesbian,
or bisexual; and being the victim of any crime in the 4 years
before leaving active service. The other 3 predictors were asso-
ciated with decreased SA risk: being 34+ years of age at time of
ending active service; having 2+ Global War on Terror deploy-
ments; and having any life-threatening accident or other experi-
ence that put the respondent at risk of death or serious injury
other than physical or sexual assault, illness or injury, or a natural
disaster. It is noteworthy that the confidence intervals for many of
these predictors included the point estimates. This means that
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Table 1. Socio-demographic characteristics of the analytic sample (n=8335)

Self-reported No self-reported
Total suicide attempt suicide attempt
% (s.E.) % (s.E.) % (s.E.) 2 df
1. Demographics
Age 16.6* 4
18-21 9.8 (0.9) 15.0 (5.5) 9.7 (0.9)
22-24 22.9 (1.3) 25.0 (5.2) 22.9 (1.3)
25-27 19.4 (1.0) 17.0 (6.2) 19.5 (1.0)
28-33 22.9 (0.9) 31.8 (5.0) 22.9 (0.9)
34+ 25.0 (1.0) 11.2 (3.2) 25.1 (1.0)
Gender 1.0 1
Female (v. Male) 15.1 (0.9) 19.4 (4.5) 15.0 (0.9)
Race 0.4 3
Non-Hispanic white 67.4 (1.3) 67.1 (5.8) 67.4 (1.3)
Non-Hispanic black 15.7 (0.9) 13.6 (3.6) 15.7 (0.9)
Hispanic 10.7 (0.7) 12.0 (4.2) 10.7 (0.7)
Other 6.1 (0.8) 7.3 (3.8) 6.1 (0.8)
Sexuality 5.7 1
Non-heterosexual (v. heterosexual) 6.2 (0.5) 19.5 (5.3) 6.0 (0.5)
Lifetime maximum education 26.8* 3
GED or equivalent 8.2 (0.6) 17.8 (5.6) 8.1 (0.6)
High school diploma 69.7 (0.9) 75.8 (5.7) 69.6 (0.9)
Some college 4.8 (0.5) 3.1(1.7) 4.8 (0.5)
College or more 17.3 (1.0) 3.3 (1.6) 17.5 (1.0)
Lifetime marital history 2.8 2
Currently 59.0 (1.5) 63.5 (6.1) 58.9 (1.6)
Previously 5.5 (0.5) 2.7 (1.8) 5.5 (0.5)
Never 35.6 (1.6) 33.8 (6.1) 35.6 (1.6)
Il. Army career characteristics
Lifetime combat deployment 9.7* 2
None 39.5 (1.4) 33.5 (5.7) 39.6 (1.4)
Exactly 1 35.2 (1.2) 53.3 (6.1) 35.0 (1.2)
2+ 25.3 (1.1) 13.2 (4.4) 25.4 (1.1)
Rank 36.1* 2
Junior enlisted 60.3 (1.2) 73.9 (6.3) 60.1 (1.2)
Senior enlisted 31.2 (1.0 25.5 (6.3) 31.2 (1.0)
Officer 8.6 (0.7) 0.7 (0.5) 8.6 (0.7)
Leaving the Army 0.2 1
Separated (v. released from active service) 87.8 (0.6) 86.0 (4.2) 87.9 (0.6)
Total years of Army service 5.9 4
1-2 15.1 (1.0) 145 (4.3) 15.1 (1.0)
3-4 32.8 (1.1) 373 (6.2) 32.7 (1.1)
5-6 12.9 (0.8) 9.0 (3.7) 12.9 (0.8)
7-8 12.1 (0.9) 21.5 (5.2) 12.0 (0.9)

(Continued)
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Table 1. (Continued.)

Self-reported No self-reported
Total suicide attempt suicide attempt
% (s.E.) % (s.E.) % (s.E.) 2 df
9+ 27.2 (1.1) 17.7 (4.7) 27.3 (1.1)
Years since separation/release from active service 1.2 4
1 22.0 (0.8) 24.1 (4.9) 22.0 (0.8)
2 21.8 (0.6) 24.5 (4.0) 21.8 (0.6)
3 22.7 (0.7) 20.0 (4.5) 22.7 (0.8)
4 17.9 (0.6) 18.9 (6.4) 17.9 (0.6)
5+ 15.6 (0.9) 12.6 (5.4) 15.6 (0.9)
(n) (8335) (110) (8225)

Abbreviations: s.t., standard error; GED, General Educational Development.
aWald ¥ for comparing the distribution of demographic variables between two: attempt and no attempt.
Note: Model estimates reflect weighted data.

these predictors would not be considered statistically significant  Discussion
using conventional criteria, but these CIs should be used only
heuristically, as they are not exact when predictor selection is
done using lasso. The lasso selected these predictors because
they best represent the joint associations of all survey predictors
with the outcome.

Most of the support provided by DoD and VA for TSMs is uni-
versal; that is, the same services are offered to all TSMs. Efforts
to target enhanced transitional assistance resources to the TSMs
with greatest need has been limited by lack of information
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Fig. 2. Receiver Operating Characteristic curves of alternative models in the test sample (n=2509).
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Table 2. Reported 12-month suicide attempt by deciles of predicted risk based on the lasso model in the test sample (n=2509)°

Sensitivity (SN)

Positive Predictive Value (PPV)

Within-decile Cumulative Within-decile Cumulative
Risk Decile SN (s.E.) SN (s.E.) PPV (s.t.) PPV (s.E.)
1 44.9 (12.0) 44.9 (12.0) 43 (1.4) 43 (1.4)
2 23.0 (9.3) 67.8 (15.2) 2.2 (1.0) 3.3 (0.9)
3 24.7 (12.8) 92.5 (19.9) 2.4 (1.6) 3.0 (0.8)
4 4.4 (3.6) 96.9 (20.2) 0.4 (0.4) 2.4 (0.6)
5 0.1 (0.1) 97.0 (20.2) 0.0 (0.0) 1.9 (0.5)
6 0.0 (0.0) 97.0 (20.2) 0.0 (0.0) 1.6 (0.4)
7 2.8 (2.8) 99.8 (20.4) 0.3 (0.3) 1.4 (0.3)
8 0.0 (0.0) 99.8 (20.4) 0.0 (0.0) 1.2 (0.3)
9 0.2 (0.2) 100.0 (20.4) 0.0 (0.0) 1.1 (0.3)
10 0.0 (0.0) 100.0 (20.4) 0.0 (0.0) 1.0 (0.2)

Abbreviations: s.t., standard error.

*The n=2509 respondents in the test sample represent roughly 30% of the n=8335 in the total sample, including n =34 of the n =110 total-sample respondents who reported attempting
suicide in the 12 months before their STARRS-LS survey. The remaining 70% of the total sample were in the training sample.

about predictors of differential need (Bullman, Hoffmire,
Schneiderman, & Bossarte, 2015; Ravindran, Morley, Stephens,
Stanley, & Reger, 2020; Reger et al., 2015; Shen et al., 2016). We
found that a parsimonious model can be developed using self-
report survey data obtained before TSMs leave active service to
predict self-reported SAs after leaving service. About 45% of the
reported SAs occurred to the 10% of TSMs in the top risk decile,
more than two-thirds to the 20% of TSMs in the top two risk dec-
iles, and more than 90% to the 30% of TSMs in the top three risk
deciles. These results are likely conservative, as the baseline survey
data were collected up to six years before the TSM left active ser-
vice and the analyses in developing our initial model found that
prediction accuracy was inversely proportional to time between
the baseline survey and time of leaving service (Stanley et al.,
2022). This means the model would be expected to perform better
when based on the SFL survey, which is administered 6-12
months before TSMs leave active service.

It is noteworthy that none of the dummy variables for initial
Army STARRS survey membership entered our final model, indi-
cating that model results are stable across the three baseline sam-
ples that we combined in developing the model. It should also be
noted that the predictors identified as important by our model
should not be interpreted as causal, but rather as the best marker
items representing the joint associations of all the individually sig-
nificant survey predictors in the full predictor set with SA
(Hubbard, Kennedy, & van der Laan, 2018; Kraemer et al,
1997). Furthermore, as the lasso model is designed to optimize
model accuracy rather than the accuracy of coefficients involving
individual predictors, additional caution is needed not to interpret
relative coefficient sizes or even signs as indicative of the relative
importance of individual predictors themselves. These coefficients
should instead be interpreted as indicating the importance of the
selected predictors as markers of the joint associations between
the many variables in the predictor set and the outcome
(Hastie, Tibshirani, & Wainwright, 2016).

Within the context of these cautions, two dominant patterns
were found in the analysis of predictor importance. First,
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consistent with much prior research (Franklin et al., 2017), 5 of
the 17 predictors in the final lasso model assessed self-injurious
thoughts and behaviors. These were all positively associated
with SA. Second, again consistent with prior research (Moselli,
Casini, Frattini, & Williams, 2023), another five predictors were
indicators of externalizing disorders in childhood or adulthood.
These were all positively associated with SAs. Two other predic-
tors were also consistent with prior research: identifying as gay,
lesbian, or bisexual, which was positively associated with SA
(Ploder] et al., 2013); and being 34+ years of age at the time of
leaving active service, which was negatively associated with SA
(Ravindran et al., 2020).

The signs of the other five predictors were less consistent with
expectations. Two of these were being the victim of any crime in
the 4 years before leaving active service, which was positively asso-
ciated with SA, and having any lifetime life-threatening accidents
or other risky near-death experiences other than physical or sex-
ual assault, illness or injury, or a natural disaster, which was nega-
tively associated with SA. Why this opposite-sign pattern
occurred is unclear. Nor is it clear why this particular pair of
stressors was selected when information was also included in
the initial predictor set about many more specific victimization
experiences (e.g. physical assault, sexual assault, property crime)
and life-threatening experiences (e.g. combat experiences, illness
or injury, natural disaster). The negative sign for life-threatening
accidents or other near-death experiences is inconsistent with
some other work documenting positive associations of trauma
exposure with SA as well as with theory (Nock et al, 2013).
The same could be said for two of the other remaining predictors:
having 1+ dependents ages 6-13 and being discharged honorably/
under honorable conditions, both positively associated with SA.

It is plausible to think that these counter-intuitive associations
are related to complex exogenous relationships among the predic-
tors leading to sign inversions in the lasso model, but comparison
with univariable associations shows that there were no sign inver-
sions. Nonrandom selection is another possibility. The latter
might explain the negative association between having 2+
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Multivariable

RR (95% Cl)

Univariable

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 attempt

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)

. 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 childhood

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 (1.29-1.89)

Antisocial personality 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 (0.89-1.38)

1.48 (1.22-1.79)

Ill. Stressor exposure

Victim of any criminal offense 4 years before leaving active service

1.36 (1.15-1.61)

1.60 (1.37-1.87)

Any lifetime life-threatening accident or other risky/near death experience®

0.55 (0.39-0.78)

0.66 (0.45-0.95)

IV. 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

1.46 (1.15-1.86)

1.38 (1.05-1.80)

Identify as gay, lesbian, or bisexual

1.20 (1.02-1.42)

1.36 (1.15-1.61)

34+ years old at the time of leaving active service

0.64 (0.42-0.97)

0.57 (0.39-0.83)

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 multivariable and univariable Poisson regression models with a stable regularization method used to estimate standard errors. However, as a prior
lasso model was used to select the predictors included in the models, the confidence intervals 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 using conventional criteria but were selected by lasso because they best represent joint effects of
all survey predictors. Each predictor was standardized to have a mean of 0 and variance of 1 prior to estimation, resulting in the RR estimates describing the proportional differences in risk of

the outcome associated with 1 s.o. changes in each predictor.

bSee online Supplementary Table S1 for a description of the predictor variables. All variables were defined as of the time period prior to the respondent leaving or being released from active

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

Global War on Terror deployments and SA, as most multiple
combat deployments occur only among soldiers that reenlist
after an initial tour of duty, and we know that mental health pro-
blems are significant predictors of plans to leave service after a
first tour of duty (Beymer, Reagan, Rabbitt, Webster, &
Watkins, 2021). Unpublished STARRS data suggests that onset
of mental disorders in the wake of combat deployments is asso-
ciated with high probability of leaving service at the end of that
tour of duty. In addition, given that commanders select only a
fraction of the soldiers in their units for combat deployments, a
phenomenon known as the ‘healthy warrior effect’ has been
observed in which soldiers selected for deployment have better
pre-deployment mental health than those not selected (Wilson
et al., 2009). It might be that these selection processes together
lead to low risk of SA after leaving active service.

Limitations

The study has several noteworthy limitations. First, the sample
was restricted to soldiers who participated in Army STARRS
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surveys in 2011-2014 and could be traced and resurveyed in
2016-2019. As a result, the possibility of sample bias cannot be
ruled out despite our use of adjustment weights. Nor can we
rule out the possibility that the significant predictors of SAs dur-
ing the transition between military and civilian life have changed
since those years. Second, SAs were assessed exclusively with self-
reports, as we had no access to administrative records after leaving
active service. Self-reports under-represent true SAs (Millner, Lee,
& Nock, 2015). It is not clear whether prediction accuracy would
be different for SAs assessed only by administrative data. This
could be investigated in future studies of TSMs that obtain VA
healthcare, but this is true of only a minority of recently separated
servicemembers (U.S. VA, 2014) and the suicide rate is lower for
Veterans who receive VA healthcare compared to Veterans who
do not (US. VA, 2022). One way to address this problem
would be to work in future extensions with one or more of the
health information technology aggregation companies that allow
deidentified access to health information data across many differ-
ent health systems throughout the country. Third, the limited
number of SAs in the follow-up surveys limited statistical power
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to detect a larger set of predictors. Fourth, as the STARRS surveys
were explicitly advertised as independent academic surveys in
which identified respondent reports would not be made available
to military leaders, different results might be found when the
same questions are administered in the SFL survey. Fifth, as sub-
stantial variation existed in the time lag between the baseline
Army STARRS surveys, the LS surveys, and date of leaving or
being released from active service, model prediction accuracy is
likely to have been under-estimated. We will be able to evaluate
some of these limitations once we administer follow-up surveys
and evaluate model performance in the control subsample of
our anticipated intervention evaluation.

Conclusions and next steps

Within the context of these limitations, the study demonstrated
that data available prior to a soldier leaving active service can
be used to predict self-reported SAs after leaving with good accur-
acy. In addition, the finding that the lasso model is as accurate as
more complex ML models shows that it is possible to combine
this information into a simple risk calculator. Based on these
results, the 17 survey questions in our lasso model have been
added to the SFL survey and a pilot is underway to evaluate the
effects of providing an intensive case management intervention
to high-risk TSMs focused on SA prevention (Manuel et al,
2022) based on this risk targeting scheme. Future intervention
work will examine the accuracy of the model (among soldiers
in the control group of the intervention evaluation) and investi-
gate opportunities for model refinement. Efforts will also be
made to investigate whether additional precision treatment mod-
els might help improve efforts to match high-risk TSMs to the
services within and beyond the intervention that are most likely
to result in optimal outcomes (Kessler et al., 2021).

Supplementary material. The supplementary material for this article can
be found at https:/doi.org/10.1017/S0033291723000491
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