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Background: Preventing suicides, mental disorders, and noncombat-related interpersonal vio-
lence during deployment are priorities of the US Army. We used predeployment survey and admin-
istrative data to develop actuarial models to identify soldiers at high risk of these outcomes during

combat deployment.

Methods: The models were developed in the Army Study to Assess Risk and Resilience in Ser-
vicemembers (Army STARRS) Pre-Post Deployment Study, a panel study of soldiers deployed to
Afghanistan in 2012-2013. Soldiers completed self-administered questionnaires before deploy-
ment and one (T1), three (T2), and nine months (T3) after deployment, and consented to adminis-
trative data linkage. Seven during-deployment outcomes were operationalized using the postde-
ployment surveys. Two overlapping samples were used because some outcomes were assessed at
T1 (n = 7,048) and others at T2-T3 (n = 7,081). Ensemble machine learning was used to develop
a model for each outcome from 273 predeployment predictors, which were compared to simple
logistic regression models.

Results: The relative improvement in area under the receiver operating characteristic curve (AUC)
obtained by machine learning compared to the logistic models ranged from 1.11 (major depres-
sion) to 1.83 (suicidality).The best-performing machine learning models were for major depression
(AUC =0.88), suicidality (0.86), and generalized anxiety disorder (0.85). Roughly 40% of these out-
comes occurred among the 5% of soldiers with highest predicted risk.

Conclusions: Actuarial models could be used to identify high risk soldiers either for exclusion from
deployment or preventive interventions. However, the ultimate value of this approach depends
on the associated costs, competing risks (e.g. stigma), and the effectiveness to-be-determined

interventions.
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who screen positive on a brief questionnaire (phase one) are further

assessed by mental health providers (phase two) to determine if the

Preventing mental disorders, suicide, and noncombat-related inter-
personal violence (e.g. fights among soldiers) during deployment are
priorities of the US Army (Department of the Army, 2015, 2016). The
Army uses a two-phase screening approach during the predeployment

period to detect some risk factors of these outcomes, where soldiers

soldier should be excluded from deployment. An extension of this
approach would be to use administrative records and comprehensive
risk factor surveys prior to deployment to develop actuarial models
to predict risk of mental disorders, suicidality, and interpersonal

violence during deployment. Models of this sort have been developed
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successfully to define small groups of female soldiers at high risk of
sexual assault victimization (Street et al., 2016), male soldiers at high
risk of physical violence perpetration (Rosellini et al., 2017), and sol-
diers in treatment who are at high risk of suicide (Kessler et al., 2015,
2017). If similar models based on predeployment data could be devel-
oped to predict negative outcomes during deployment, results could
be used to target soldiers judged to be high risk for various outcomes
for diverse preventive interventions either prior to deployment (e.g.
a multisession cognitive-behavioral program for depression/anxiety,
Buntrock et al., 2016; Topper, Emmelkamp, Watkins, & Ehring, 2017;
anger management, Shea, Lambert, & Reddy, 2013) or during deploy-
ment (e.g. assigning a battle buddy). We report here results of an
attempt to build models predicting adverse outcomes during deploy-
ment using information obtained from administrative records and a

risk factor survey prior to deployment.

2 | MATERIALS AND METHODS

2.1 | Sample

Data are from the Pre-Post Deployment Study (PPDS) of the Army
Study to Assess Risk and Resilience in Servicemembers (Army STARRS)
(Ursano et al., 2014). The PPDS was a four-wave panel survey of three
Army Brigade Combat Teams (BCTs) assessed 1-2 months before
deployment to Afghanistan (average deployment length of 10 months)
in 2012 (baseline [TO]) and three times after returning from deploy-
ment (within one month after [T1], two months after T1 [T2], and six
months after T2 [T3]). Retrospective questions about mental disor-
ders and interpersonal violence experienced during deployment were
asked in T1-T3. Participants gave written informed consent to have
their deidentified administrative records linked to their deidentified
survey responses for purposes of analysis. Recruitment, consent, and
data protection procedures were approved by the Institution Review
Boards at all collaborating organizations.

A total of 9,488 of the 9,949 soldiers in the BCTs (95.3%) consented
to participate in the TO survey, with 8,558 (86.0%) completing that sur-
vey and consenting to link their survey responses to their administra-
tive records. A total of 7,742 (90.5%) of the latter respondents subse-
quently deployed to Afghanistan. Mental disorders during deployment
(defined below) were assessed at T2 and T3, whereas interpersonal
violence was assessed at T1. Analyses were consequently carried out
in two overlapping samples of soldiers who completed (i) TO and either
T2 and/or T3 (n = 7,081) and (ii) TO and T1 (n = 7,048). All analyses
were weighted to adjust for baseline differences between soldiers who
completed versus noncompleters at TO, agreed versus did not agree to
administrative record linkage, and completed versus noncompleters of
postdeployment surveys. Additional details on PPDS design, sampling,
and weighting are reported elsewhere (Kessler et al., 2013b,c; Rosellini
etal, 2015).

2.2 | Outcomes

The T1 survey was ashort paper and pencil self-administered question-

naire (SAQ) administered in a group-administration format in the three

BCTs. However, as many respondents were no longer in their original
units as of T2, and in some cases were separated from Army service, a
two-phase mixed-mode design was used for T2-T3. In Phase 1, emails
and text messages were sent to TO respondents (whether or not they
completed the T1 survey) to ask them to complete web-based SAQs.
In Phase 2, attempts were made to contact SAQ nonrespondents for
interviewer-administered telephone surveys.

2.2.1 | Mental disorders

The T2-T3 surveys assessed major depressive episode (MDE) and
generalized anxiety disorder (GAD) with the Composite International
Diagnostic Interview screening scales (CIDI-SC) (Kessler et al., 2013a).
An Army STARRS clinical reappraisal study (Kessler et al., 2013d)
found good concordance of CIDI-SC diagnoses with independent clini-
cal diagnoses based on blinded Structured Clinical Interviews for DSM-
IV (SCID) (First, Spitzer, Gibbon, & Williams, 2002). Questions were
worded to assess symptoms of MDE and GAD during the month of
deployment when soldiers “had the largest number of problems” with the
symptoms. Individuals were also asked “how many months” during the
deployment they had these symptoms. MDE and GAD were coded yes
if the soldier met criteria and reported having the disorder for at least

three months during deployment.

2.2.2 | Anger attacks

Anger attacks were assessed using two questions from the CIDI-SC
asking soldiers to report the number of attacks: (i) “when all of a sud-
den you lost control and either hit, kicked, or tried to hurt someone,” and (ii)
“when all of a sudden you lost control and either broke or smashed some-
thing worth more than a few dollars or threatened someone.” The outcome
for anger attacks was coded yes if the soldier reported having six or
more attacks during deployment. This number was set higher than the
DSM-1V requirement of “several” behavioral anger attacks (i.e. involv-
ing physical violence or destruction of property) to define a group
of soldiers with clear evidence of persistent-serious anger control

problems.

2.2.3 | Suicidality

Suicidality was assessed at T2-T3 using a modified version of the
Columbia-Suicide Severity Rating Scale (Posner et al., 2011). The out-
come for suicidality was coded yes if the soldier reported (i) “thoughts
of killing yourself,” or “wishing you were dead or would go to sleep and
never wake up” at least a little of the time during the deployment, and
(i) at least a little difficulty “controlling those thoughts or pushing them
out of your mind when you wanted to,” and (iii) if they “had an intention
to act” on the thoughts about suicide, or if they at least sometimes
“did dangerous things related to wishing you were dead” during the

deployment.

2.2.4 | Headinjury

T2-T3 asked about head injuries during deployment. Head injury was
coded yes if the soldier reported having “a head, neck, or blast injury”
that “knocked you out,” or “caused you to be dazed or see stars,” or “perfo-

rated your eardrum,” or “caused a lapse in memory.”
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TABLE 1 Prevalence of adverse during-deployment outcomes in
the Pre-post Deployment Study

% (SE) (n)
Mental disorders?
MDE (3+ months) 5.5 (0.3) (395)
GAD (3+ months) 5.6 (0.3) (400)
Other symptoms?
Anger attacks (6+) 5.7 (0.3) (409)
Suicidality 1.5 (0.2) (107)
Head injury 211 (0.9) (1,537)
(n)? (7,081)
Violence®
Bullied or hazed by unit 6.4 (0.3) (494)
Got into a fight 11.2 (0.5) (829)
(n)® (7,048)

SE, standard error; MDE, major depressive episode; GAD, generalized anxi-
ety disorder.

2Mental disorders and other symptoms occurring during deployment were
assessed at T2 and T3. A total of 7,081 soldiers completed TO, T2, and/or T3.
bViolence occurring during deployment was assessed at T1. A total of 7,048
soldiers completed TO and T1.

2.2.5 | Violence

Two violence outcomes were operationalized using questionsinthe T1
SAQ that asked how many times during deployment the soldier expe-
rienced: (i) being bullied or hazed (“you were bullied or hazed by one or
more members of your unit”), and (ii) a fight (“you got into a fight either with
someone in the military or with a civilian”). These outcomes were coded

yes if the soldier reported the event occurring one or more times.

2.3 | Predictors

Given the focus on targeting preventive interventions prior to deploy-
ment, we focused on developing models using only TO predictors.
We considered all potential predictors for which there was evidence
in the literature for significant associations with the outcomes. As
very few prior studies examined risk factors for mental disorders or
interpersonal violence during deployment (Bliese, Thomas, McGurk,
McBride, & Castro, 2011; Booth-Kewley, Highfill-McRoy, Larson,
Garland, & Gaskin, 2012; MHAT-9, 2013; Mulligan et al., 2010), we
operationalized a broad range of potential predictors found in both
military and civilian literatures on risk-protective factors for mental
disorders (Ramchand, Rudavsky, Grant, Tanielian, & Jaycox, 2015; Seal
et al., 2009), suicidality (Afifi et al., 2016; Nock et al., 2013), traumatic
brain injury (Cassidy et al., 2004; Elmasry, Boivin, Feng, Packnett, &
Cowan, 2017), and violence perpetration-victimization (Dahlberg,
1998; Elbogen et al., 2010). For a complete description of all 273

predictors, see Supporting Information Table 1.

2.3.1 | Survey variables

The TO survey was a computerized SAQ administered in group-
administration settings in the three BCTs. One hundred fifty-eight

survey variables or scales were included in the analysis to opera-
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tionalize potential predictors in six risk/protective factor domains:
socio-demographics (e.g. sex, marital status), self-reported mental
disorders (e.g. lifetime and 30-day GAD, MDE, Post-Traumatic Stress
Disorder, substance abuse-dependence; standardized scales reflecting
severity of symptoms), exposure to stressors (e.g. childhood adver-
sities, lifetime traumatic stressors, past-year stressful life events),
personality (e.g. neuroticism, impulsivity, secure attachment), social
networks (e.g. number of friends), and suicidality/nonsuicidal self-
injury (e.g. lifetime and 30-day suicide ideation, plans, attempts, and
nonsuicidal self-injury).

2.3.2 | Administrative variables

One hundred fifteen administrative variables assessed prior to deploy-
ment operationalized potential predictors in three risk factor domains:
Army career factors (e.g. age of enlistment, rank), prior crime
perpetration-victimization (e.g. documented perpetration or victimiza-
tion of physical or sexual violence), and treatment of mental and phys-
ical disorders (e.g., outpatient or inpatient treatment for specific men-
tal disorders or broad classes of physical disorders based on ICD-9-CM
codes).

2.4 | Analyticplan

2.4.1 | Superlearning

Analysis was carried out remotely by Harvard Medical School analysts
on the secure University of Michigan Army STARRS Data Coordina-
tion Center server. As the goal of the analysis was to maximize pre-
diction accuracy, we considered all 273 potential predictors for each
outcome. Super learning (van der Laan, Polley, & Hubbard, 2007) was
used to develop an actuarial model for each outcome. Super learning
is an ensemble machine learning approach that tries a range of differ-
ent classifiers selected by the researcher (e.g. conventional regression
analysis, decision trees, support vector machines) to predict an out-
come of interest and combines the individual-level predictions based
on each algorithm into an optimally weighted average.

We used a super learning library of 14 classifiers each imple-
mented using three different sets of predictors. Based on recent rec-
ommendations (LeDell, van der Laan, & Peterson, 2016), and because
it was unknown which classifier would result in optimized predic-
tion, we selected a range of classifiers: logistic regression (Hosmer,
Lemeshow, & Sturdivant, 2013), six penalized regression classifiers (i.e.
elastic net with varying mixing parameter penalties, Friedman, Hastie,
& Tibshirani, 2010), two spline regressions (adaptive splines, Fried-
man, 1991; adaptive polynomial splines, Stone, Hansen, Kooperberg,
& Truong, 1997), two decision tree methods (random forests, Breiman,
2001, Bayesian additive regression trees, Chipman, George, & McCul-
loch, 2010), support vector machines (linear kernel, Steinwart &
Christmmann, 2008), generalized boosting (Freund & Schapire, 1999),
and neural nets (Venables & Ripley, 2002). Detailed descriptions of the
classifiers can be found in Supporting Information Table 2.

The 14 classifiers were implemented using the full set of indepen-
dent variables as well as two smaller variables sets based on the fact

that the use of fewer predictors can improve the performance of some
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TABLE 2 Comparison of cross-validated area under the receiver
operating characteristic curves, super learner versus simple logistic
regressions

Logistic regression AUC
Super
TOdisorder/  TOsymptom learner
problem? severity? AUC
Mental disorders®
MDE (3+ months) 0.67 0.79 0.88
GAD (3+ months) 0.64 0.75 0.85
Other symptoms®
Anger attacks (6+) 0.59 0.69 0.79
Suicidality 0.47 0.72 0.86
Head injury — 0.58 0.74
Violence during deploymentd
Bullied or hazed 0.61 0.56 0.80
Got into a fight 0.54 0.63 0.75

AUC, area under the receiver operating characteristic curve; MDE, major
depressive episode; GAD, generalized anxiety disorder.

20utcome was regressed onto a counterpart TO dichotomous predictor:
During deployment MDE was predicted by TO 30-day MDE; GAD was pre-
dicted by TO 30-day GAD; Anger attacks was predicted by TO 30-day anger
attacks; Suicidality was predicted by TO 30-day suicidality; Bullied/hazed
was predicted by TO report of any (mild, moderate, severe, or very severe)
bullying by unit members in the prior 12-months; and Got into a fight
was predicted by TO 30-day anger attacks. We were not able to identify a
face valid dichotomous TO disorder/problem to predict head injury during
deployment.

bQutcome was regressed onto TO symptom severity: Standardized scales
were created based on factor analyses of TO symptoms that were rated
using Likert-type scales by all participants (i.e. no skip outs): a 9-item
scale composed of five TO 30-day GAD symptoms and four TO 30-day
MDE symptoms, a 19-item scale composed of various 30-day health symp-
toms (e.g. memory problems, sleep problems, pain, headaches), and a 9-
item scale assessing the general frequency of anger, irritability, and argu-
ments. During deployment MDE, GAD, and Suicidality were then predicted
using the MDE/GAD scale; Anger attacks and Got into a fight were pre-
dicted using the irritability scale; Head injury was predicted using the 30-
day health symptom scale; and Bullied/Hazed was predicted using all five
severity categories (none, mild, moderate, severe, very severe) for bullying
by unit members in the prior 12-months.

“Mental disorders and other symptoms occurring during deployment were
assessed at T2 and T3. A total of 7,081 soldiers completed TO, T2, and/or
T3.

dViolence occurring during deployment was assessed at T1. A total of
7,048 soldiers completed TO and T1.

algorithms (e.g. if there is collinearity in the full set of predictors). The
two smaller sets of predictors were based on two screening meth-
ods built into the R package that implements super learning. The first
(screen.corP) identified the subsets of predictors with marginally sig-
nificant (P < 0.10) univariate associations with each outcome. The
second (screen.glmnet) identified the nonredundant predictors that
would not have their coefficients shrunk to zero in a lasso regression

for each outcome.

2.4.2 | Model evaluation

Once the final super learner model for each outcome was estimated,
externally cross-validated individual-level predicted probabilities

were used to calculate area under the receiver operating characteris-

tic curve (AUC). The AUC of the super learner model for the outcome
was then compared to the AUC of simple logistic regression models
that included a limited number of predictors consisting of the presence
or severity of similar disorders or problems prior to deployment.
For example, we specified simple models to predict MDE during
deployment from TO 30-day MDE and a standardized TO composite
scale of nine 30-day MDE and GAD symptoms assessed for all soldiers.
See Table 2 footnote for further descriptions of the simple model
predictors. These simple models were implemented via 10-fold cross
validation to provide a conservative comparison with super learning,
which also used 10-fold cross validation.

We then prioritized for further consideration the subset of out-
comes for which super learning outperformed the simple model and
the observed proportion of cases was at least 15% among soldiers in
the top-risk ventile (i.e. three times the expected value). For outcomes
meeting these criteria, the sample was divided into 20 groups of equal
size (ventiles) for each outcome and rank-ordered based on predicted
probabilities of the outcome. The observed proportion of total cases of
each outcome, and prevalence of each outcome, was then calculated in

each ventile of predicted risk.

3 | RESULTS

3.1 | Outcome prevalence and correlations

The most common outcome during deployment was head injury,
reported by roughly one-fifth of respondents (21.1%) (Table 1). The
least common outcome was suicidality (1.5%). MDE, GAD, and anger
attacks were similar to each other in prevalence (5.5-5.7%) and inter-
mediate in prevalence between head injury and suicidality. Several
outcomes were moderately-to-strongly intercorrelated (tetrachoric
correlations), particularly MDE with GAD (.81), and suicidality with
MDE (.58) (see Supporting Information Table 3).

3.2 | Overall accuracy

The relative contributions of each classifier (using each predictor
set) to each super learner model is presented in Supporting Infor-
mation Table 4. All super learner models had an AUC above .70,
with MDE (0.88), suicidality (0.86), and GAD (0.85) achieving the
highest AUCs (Table 2). None of the 13 simple logistic regression
models achieved an AUC as high as super learning (simple model
AUCs = 0.47-0.79). The model using a composite scale of MDE/GAD
symptoms to predict MDE during deployment achieved the highest
AUC (0.79) of all the simple models. The relative improvement in AUC
obtained via super learning over the simple models (i.e. super learner
AUC divided by simple model AUC) ranged from 1.11 (MDE) to 1.83
(suicidality).

3.3 | Accuracy in identifying true cases

Super learning models for six of the seven outcomes (all except head
injury) had proportions of observed cases among soldiers in the top risk

ventile above the minimum prespecified level of 15% (Table 3). Roughly
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TABLE 3 Performance of the final super learner for each outcome

Concentration of risk in ventiles predicted to

WILEY—>

Outcome rate in ventiles predicted to have

have highest risk? highest riskP
Top 5% Top 10% Top 15% Top 5% Top 10% Top 15%
Mental disorders©
MDE (3+ months) 425 60.6 70.2 46.7 332 257
GAD (3+ months) 375 514 62.2 416 285 23.0
Other symptoms®
Anger attacks (6+) 30.7 418 51.8 34.9 23.8 19.7
Suicidality 44.8 56.3 68.0 13.0 8.2 6.6
Head injury 13.2 24.0 34.3 555 50.7 48.3
Violence during deploymentd
Bullied or hazed 271 415 50.2 34.7 26.6 215
Got into afight 19.6 30.8 40.4 44.0 34.6 30.3

AUC, area under the receiver operating characteristic curve; MDE, major depressive episode; GAD, generalized anxiety disorder.
2Concentration of risk refers to the percent of all observed occurrences of the outcome accounted for by soldiers in a subset of the predicted risk distribution

(i.e. sensitivity among soldiers in the top 5%, 10%, and 15% of predicted risk).

bPrevalence refers to the rate of the outcome among soldiers in a subset of the predicted risk distribution (i.e. positive predictive value among soldiers in the

top 5%, 10%, and 15% of predicted risk).

“Mental disorders and other symptoms occurring during deployment were assessed at T2 and T3. A total of 7,081 soldiers completed TO, T2, and/or T3.
dViolence occurring during deployment was assessed at T1. A total of 7,048 soldiers completed TO and T1.
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FIGURE 1

Proportion of outcomes (observed) within each ventile of predicted risk derived from the final super learner models?

aVentiles are 20 groups created by dividing the sample into 20 equally sized groups defined by rank order of predicted risk from the final penalized

models.

two-fifths (37.5-44.8%) of all soldiers with MDE, GAD, and suicidality
during deployment, one-third of all soldiers with anger attacks during
deployment (30.7%), one-fourth of all soldiers who were bullied/hazed
during deployment (27.1%), and one-fifth of all soldiers who got into
a fight during deployment (19.6%), were among the 5% in the highest
predicted risk ventile for those outcomes. Across these six models, this
proportion generally remained above the expected value (5%) in the
top six predicted risk ventiles (Figure 1). Prevalence of the outcomes
among soldiers in the highest risk ventile (i.e. positive predictive value)

was above 30.0% for all outcomes except suicidality (13.0%).

4 | DISCUSSION

This is the first study to our knowledge to develop actuarial models
predicting adverse mental disorder and violence outcomes occurring
during combat deployment. Using conventional interpretive guidelines
(Hosmer et al., 2013), super learner AUCs all were either excellent
(>0.80) or acceptable (>0.70). In comparison, poor AUCs (< 0.70) were
achieved by all of the simple logistic models using dichotomous TO
predictors and all but three of the logistic models that used continuous
TO predictors. Acceptable AUCs were achieved for MDE, GAD, and
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suicidality predicted by a composite scale of 30-day predeployment
MDE/GAD symptoms. For MDE, GAD, and anger attacks, the relative
improvement of using all available predictors and ensemble machine
learning was nontrivial but modest (e.g. relative improvement < 1.15;
AAUC<0.10). This suggests that numerous predeployment factors
contribute to risk for these outcomes during deployment, but that
a large proportion of risk may be accounted for by linear associa-
tions between the outcome and severity of similar problems prior to
deployment.

For all outcomes except head injury, >15.0% of observed cases of
the outcomes occurred among the 5% of soldiers with highest pre-
dicted super learner risk. For MDE, GAD, and suicidality, roughly two-
thirds of all observed cases occurred among soldiers in the top three
ventiles of predicted risk. Roughly half of all observed cases of anger
attacks and bullying/hazing were in the top three ventiles of predicted
risk. In other words, sensitivity would be ~66% for MDE, GAD, and
suicidality and ~50% for anger attacks and being bullied/hazed, if the
third ventile (top 15%) of predicted super learner risk was used as the
cut-point for determining “high risk.”

The two-phase predeployment screening approach currently
used in the US Army to assess soldiers at risk has been found to be
effective in reducing rates of occupationally impairing mental disorder
symptoms during deployment (Warner, Appenzeller, Parker, Warner,
& Hoge, 2011). The accuracy achieved by the current models argues
for their potential value in improving on this current two-phase
screening approach, albeit with the realization that a range of logistical
and ethical considerations would have to be addressed if models
like those developed here were used as first-stage screens to target
soon-to-deploy soldiers for more in-depth clinical assessments. For
example, would clinicians be made aware of each soldier's risks,
some of which would be based on information obtained from data
systems (e.g. criminal justice) not otherwise available to mental health
professionals? If so, what would the privacy implications be of doing
so? If such information was not made available to clinicians, how
should the clinician approach the task of carrying out in-depth risk
assessments in the absence of knowing the basis for the soldier being
targeted as high-risk? Complex issues of this sort would need to be
considered before models of the sort developed here could be used
to guide clinical assessments. However, other types of interventions
that would not require in-depth clinical assessment (e.g. selectively
assigning soldiers to battle buddies based on actuarially defined risks)
could be implemented in ways that circumvented such logistical and
ethical considerations.

We are unaware of intensive targeted prevention programs that
have been developed specifically for deploying military populations.
However, the current models could be used by military researchers
aiming to develop and evaluate new preventive interventions for sol-
diers in combat units. Given the rarity of the outcomes and (likely)
small effect of prevention on low-risk soldiers, targeted prevention
programs could be developed in conjunction with prediction tools that
identify soldiers most likely to need or benefit from prevention. It will
not be clear if the performance of the current models is strong enough
to justify targeted preventive intervention until these programs have

been developed and evaluated in combat units. It would be necessary

to weigh the financial costs of a program with the number needed to
treat (to prevent one soldier from experiencing the outcome; NNT)
prior to using actuarial models for targeted prevention.

Other costs and competing risks also would need to be carefully
weighed prior to using actuarial model to identify high-risk soldiers
for targeted preventive intervention. The Army currently requires
periodic health surveys (Military Health System, 2018), which could be
expanded (for deployable units) to include measures used here. How-
ever, it could be expensive and logistically challenging to consolidate
survey data with records from a number of different administrative
data systems. It would also be necessary to consider stigma and
privacy concerns associated with being labeled as high-risk or being
recommended to participate in targeted preventive intervention.
Several strategies exist to reduce stigma associated with mental disor-
ders (Greene-Shortridge, Brit, & Castro, 2007) and could be adapted
for targeted prevention (e.g. education about empirically supported
approaches to prevention). Nevertheless, high-risk status would need
to be treated as protected health information.

Three study limitations must be acknowledged. First, the “got
into a fight” outcome was broad and could have included verbal or
physical violence perpetration or victimization. Model performance
predicting fights might have been better had this outcome been
more specific given that risk factors vary depending on the severity
and circumstances of violence (Elbogen et al., 2014; Gallaway, Fink,
Millikan, & Bell, 2012; Sullivan & Elbogen, 2014). Second, all outcomes
were assessed using retrospective reports obtained after returning
from deployment. Responses may have been different had the survey
been administered during deployment, although it is noteworthy that
the rates of MDE, GAD, and head injury were generally similar to those
obtained in anonymous surveys of combat soldiers during deployment
(Mental Health Advisory Team 9, 2013). The current models must
also be distinguished from others developed to predict postdeployment
outcomes (Karstoft, Statnikov, Andersen, Madsen, & Galatzer-Levy,
2015), which will be an avenue of future Army STARRS research. Third,
soldiers completed the surveys knowing their responses would be
confidential. If models like those we developed here were to be used
to target preventive interventions in the future, soldiers would have
to be made aware of this prior to completing a survey, which might

reduce model performance.

5 | CONCLUSIONS

Efforts to prevent negative emotional and behavioral outcomes during
combat deployment have been limited by a lack of actuarial models to
identify high risk soldiers. Our models could be used to assist in mak-
ing determinations about who should be excluded from deployment. In
addition, actuarial models could be used to identify soldiers for whom
preventive intervention is needed and should be included in research
developing and evaluating targeted prevention programs for deploy-
ing combat units (i.e. distinct programs for mental disorders/suicide
and anger/violence). However, the ultimate value of these models will
depend on their costs, effectiveness of the preventive interventions

used with high risk soldiers, and competing risks, all of which have to
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be weighed by Army leaders as they decide whether or not to develop

such models for practical use.
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