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IMPORTANCE Suicide is the leading cause of death among active-duty US Army soldiers.
Evidence-based preventive interventions exist but need to be targeted to be cost-effective.

OBJECTIVES To develop machine learning models using administrative data available during
periodic health assessments (PHAs) to determine eligibility for a remote group dialectical
behavior therapy-based skills training intervention for soldiers with elevated risk of suicide or
nonfatal suicide attempt.

DESIGN, SETTING, AND PARTICIPANTS From regular US Army soldier PHAs completed from
2015 to 2019, separate 70% training samples were created for suicides and SAs. Each training
sample contained all cases and a stratified equal-probability sample of 10 times as many
controls, with inverse-probability of selection weights applied to controls. Model
performance was evaluated in the remaining 30% test sample. Data analysis was conducted
September 2025 through January 2026.

MAIN OUTCOMES AND MEASURES Suicides were recorded in the National Death Index for
soldiers either still in or out of active service. SAs were recorded in US Army records only for
soldiers still in active service. A 24-month risk horizon was used because successive PHAs,
though designed to occur annually, are sometimes separated by this much time. A loss to
follow-up weight was used in the SA model to adjust for leaving service within 24 months.

RESULTS PHA data were available from 668 684 regular US Army soldiers. A total of 1 932 243
PHAs (including 85.5% by male soldiers, 46.7% by soldiers aged 28 years or older, and 58.1%
by married soldiers) completed during the 2015 to 2019 period were included in analyses.
Over 24 months, suicide prevalence was 66.7 per 100 000 (SE = 3.6) and SA prevalence was
704.1 per 100 000 (SE = 14.7) adjusted for loss to follow-up. Test sample area under the
receiver operating characteristic curve (AUROC) for suicide was 0.72 (SE = 0.17), with
Integrated Calibration Index (ICI) of 0.0003 and Brier score of 0.0007. Test sample AUROC
for SA was 0.81 (SE = 0.02), with ICI of 0.0014 and Brier score of 0.0070. Suicide prevalence
was meaningfully elevated (at least twice that expected by chance) only in the 5% of PHAs
with highest predicted risk (sensitivity = 18.6%; SE = 2.0%). SA risk was elevated only in the
10% of PHAs with highest predicted risk (sensitivity = 46.5%; SE = 1.0%). Predicted
probabilities of suicide and SA were correlated (Pearson r = 0.29; t = 233.8; P < .001).
Overall, 11.9% of PHAs revealed US Army soldiers at elevated risk of either suicide or SA, and
3.1% were at elevated risk of both outcomes.

CONCLUSIONS AND RELEVANCE Results of this prognostic study suggest that as suicides and
SAs have distinct predictors, an attempt to optimize resource allocation will require
thoughtful postintervention considerations of costs and benefits of interventions to optimize
net benefit.
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S uicide has been the leading cause of death among US
military service members since 2008, with suicide in-
creasing annually.1 In 2022, 333 suicides (39% of total

deaths) and 1278 nonfatal suicide attempts (SAs) were docu-
mented among active-duty military personnel.1,2 Although ef-
fective suicide prevention interventions exist,3-6 they must be
targeted to high-risk individuals to be cost-effective.7 How-
ever, military culture discourages disclosure of psychological
distress,8 causing standard self-report screening to miss most
suicide-related behaviors.9

Machine learning (ML) risk prediction offers a way to over-
come this limitation. In a recent study,9 an ML model using a
limited set of US Army administrative variables predicted el-
evated SA risk within 6 months of the periodic health assess-
ment (PHA), an annual US Army health assessment, with good
accuracy. Soldier self-reports of suicidality in the PHA, in com-
parison, were uninformative, as only 0.2% of soldiers admit-
ted any suicidality, and these reports were only weakly re-
lated to subsequent SAs.

Based on these results, ML modeling was selected to iden-
tify high-risk soldiers for a remote group dialectical behavior
therapy skills training intervention to prevent suicide-
related behaviors.4 This intervention is being evaluated in a
randomized clinical trial at Fort Hood, Texas, as part of the
Army SAFEGUARD (Suicide Avoidance Focused Enhanced
Group Using Algorithm Risk Detection) initiative.10 The inter-
vention was designed, though, for soldiers with elevated risk
of either suicide or SA, whereas the earlier Army Study to As-
sess Risk and Resilience in Service Members (STARRS) model
focused only on the latter. Because predictors differ for sui-
cide and SA,11 we developed separate ML models for each out-
come and then cross-classified the 2 predicted risk scores to
create a composite risk stratification scheme for the SAFE-
GUARD initiative. The current study describes the results of
that model-building effort.

Predictors were drawn from the consolidated administra-
tive data system developed in the STARRS12 study, an epide-
miological-neurobiological study of suicide risk and protec-
tive factors in the US Army. Databases were restricted to those
available at the time of a PHA and to variables that emerged
as significant predictors in prior STARRS study work.9 We de-
veloped separate models to predict suicide deaths in the total
sample (obtained from the National Death Index and conse-
quently known even if the soldier left military service over the
follow-up period) and nonfatal suicide attempts recorded in
US Army and Department of Defense records while soldiers
were still in service. The follow-up period was set at 24 months
because successive PHAs, though intended to be annual, were
sometimes found to occur up to 24 months apart.

Methods
Sample and Procedures
The study protocol was approved by the institutional review
board of the Henry Jackson Foundation and Harvard Medical
School with a waiver of informed consent based on data being
deidentified. The data used to train and test the models were

based on the population of all regular US Army soldiers in ac-
tive service who completed 1 or more PHAs during the 2015
to 2019 period. A small fraction of PHAs were completed by
soldiers who went on to die by some cause other than suicide
over the next 24 months. Given that these accounted for only
0.09% of all PHAs, we did not adjust for censoring but in-
stead coded these soldiers as not dying in our person-level sui-
cide model. Censoring was a more serious issue in the SA
model. We addressed this problem by training an ensemble ML
model to predict not being right censored for SA. All PHAs were
given a censoring weight based on this model equal to 1 di-
vided by the predicted probability of not being censored. The
right-censored PHAs were deleted from the analysis. This study
followed the Transparent Reporting of a Multivariable Predic-
tion Model for Individual Prognosis or Diagnosis (TRIPOD)
reporting guidelines.

Measures
Outcomes
The 2 primary outcomes were administratively documented sui-
cide deaths and SAs within the 24-month period after each PHA.
Suicide deaths were identified through the National Death
Index13 for soldiers in active service and after leaving active ser-
vice. SAs, in comparison, were known only for soldiers still
in active service and were measured via (1) the Department
of Defense Suicide Event Report (DoDSER14) and (2) Depart-
ment of Defense health care encounters with International
Classification of Diseases, Ninth Revision, Clinical Modification
(ICD-9-CM15) codes E950-E958 (suicide and self-inflicted injury/
poisoning) or International Statistical Classification of Diseases,
Tenth Revision, Clinical Modification (ICD-10-CM16) codes
T14.91XX (SA not otherwise specified), T36.0X2X-T50.992X (in-
tentional self-harm by poisoning), T51.0X2X-T65.92XX (inten-
tional self-harm by toxic effects of substances), T71.112X-
T71.232X (intentional self-harm by asphyxiation), or X71.0XXX-
X83.8XXX (intentional self-harm) codes.17

Predictors
Consistent with previous STARRS PHA analyses,9 the predic-
tors considered here consisted of the variables that could be

Key Points
Question Can administrative data available during annual periodic
health assessments (PHAs) be used in machine learning models to
identify US Army soldiers at high risk of subsequent suicide deaths
and nonfatal suicide attempts for targeting a preventive
intervention?

Findings In this prognostic study including 668 684 US Army
soldiers with 1 932 243 completed PHAs, model discrimination was
fair for suicides and good for nonfatal suicide attempts. Risk for
outcomes overlapped only partially, with many PHAs at elevated
risk for one outcome but not the other.

Meaning Study results suggest that high risk of suicide death and
nonfatal suicide attempt were concentrated in partially
overlapping, but distinct, subsets of soldiers, complicating
resource allocation to maximize intervention effects.
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accessed in real time as of the time of a PHA abstracted from a
series of US Army administrative data systems (eTable 1
in Supplement 1). Included here were demographic, army ca-
reer, psychopathological, and physical health predictors shown
in prior research to predict suicidal outcomes (eTable 2 in
Supplement 1).9,11,18-22 Demographic data, including race and

ethnicity, were recorded and included in analyses given their
potential relevance to predictions of suicidal outcomes. Race
and ethnicity were documented in administrative systems as
follows: American Indian or Alaska Native, Asian, Black,
Hispanic, White, and other (ie, multiple races and/or ethnici-
ties, or missing, unknown, or not reported).

Table 1. Sociodemographic and Army Career Characteristics of Completed PHAs
by Regular US Army Soldiers From 2015 to 2019

Characteristic

No. (%)
Total sample
(N = 1 932 243)

Suicidea

(n = 1321)
Nonfatal suicide
attemptb (n = 9454)

Age, y

18-21 357 845 (18.5) 351 (26.6) 3952 (41.8)

22-24 367 527 (19.0) 338 (25.6) 2259 (23.9)

25-27 303 570 (15.7) 210 (15.9) 1229 (13.0)

28+ 903 301 (46.7) 422 (32.0) 2014 (21.3)

Gender

Female 279 832 (14.5) 77 (5.8) 2517 (26.6)

Male 1 652 411 (85.5) 1244 (94.2) 6937 (73.4)

Race and ethnicity

Non-Hispanic Black 404 592 (20.9) 211 (16.0) 2323 (24.6)

Hispanic 282 547 (14.6) 166 (12.6) 1591 (16.8)

Non-Hispanic White 1 093 265 (56.6) 849 (64.3) 4823 (51.0)

Otherc 151 839 (7.9) 95 (7.2) 717 (7.6)

Education

Less than HS 27 161 (1.4) 42 (3.2) 187 (2.0)

HS 1 295 955 (67.1) 1094 (82.8) 8273 (87.5)

Some college 105 415 (5.5) 50 (3.8) 309 (3.3)

College graduate 503 712 (26.1) 135 (10.2) 685 (7.3)

Marital status

Married 1 122 645 (58.1) 738 (55.9) 4148 (43.9)

Previously married 78 105 (4.0) 63 (4.8) 317 (3.4)

Never married 731 493 (37.9) 520 (39.4) 4989 (52.8)

Years in service

1 or less 378 073 (19.6) 329 (24.9) 3955 (41.8)

2 226 564 (11.7) 199 (15.1) 1547 (16.4)

3-4 320 939 (16.6) 228 (17.3) 1504 (15.9)

5 or more 1 006 667 (52.1) 565 (42.8) 2448 (25.9)

Rank

Junior enlisted (E1-E3) 854 212 (44.2) 747 (56.6) 7085 (74.9)

NCOs (E4-E8) 716 992 (37.1) 491 (37.2) 2053 (21.7)

Officer (warrant or commissioned) 361 039 (18.7) 83 (6.3) 316 (3.3)

Combat deployments, No.

0 980 617 (50.8) 768 (58.1) 6752 (71.4)

1 392 893 (20.3) 237 (17.9) 1435 (15.2)

2 252 351 (13.1) 155 (11.7) 640 (6.8)

≥3 306 382 (15.9) 161 (12.2) 627 (6.6)

Duty-MOS

Direct combat arms 608 980 (31.5) 554 (41.9) 2911 (30.8)

Indirect combat arms 114 599 (5.9) 66 (5.0) 325 (3.4)

Combat support 454 772 (23.5) 316 (23.9) 2335 (24.7)

Combat service support 753 892 (39.0) 385 (29.1) 3883 (41.1)

Command

FORSCOM 1 054 842 (54.6) 860 (65.1) 6292 (66.6)

TRADOC 138 986 (7.2) 77 (5.8) 465 (4.9)

Area Commands 292 738 (15.2) 161 (12.2) 1462 (15.5)

Special Ops 131 967 (6.8) 73 (5.5) 235 (2.5)

MEDCOM 114 257 (5.9) 42 (3.2) 422 (4.5)

AMC, unknown 199 453 (10.3) 108 (8.2) 578 (6.1)

Abbreviations: AMC, US Army
Materiel Command; E, enlisted;
FORSCOM, US Army Forces
Command; HS, high school;
MEDCOM, US Army Medical
Command; MOS, military
occupational specialty; NCO,
noncommissioned officer; PHA,
periodic health assessment; TRADOC,
US Army Training and Doctrine
Command.
a Died by suicide within 24 months of

their PHA.
b Had a nonfatal suicide attempt

within 24 months of their PHA.
c Other race and ethnicity includes

American Indian or Alaska Native,
Asian, Native Hawaiian or other
Pacific Islander, or more than 1 race
or ethnicity.
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Statistical Analysis
Data Preparation
Analyses were carried out at the PHA level. Before the analy-
sis, the sample was split into a 70% training sample for model
development and a 30% test sample for model evaluation.
All PHAs for individual soldiers with multiple PHAs were as-
signed either to the training sample or the test sample. A 1:10
case-control sampling scheme was used for computational ef-
ficiency in the training sample, with controls selected in a strati-
fied equal-probability sample of all PHAs not associated with
the outcome of interest. Stratification was based jointly on de-
mographics (sex, age, race and ethnicity, marital status), US
Army career characteristics (rank, military occupational spe-
cialty, number of deployments), and time of the PHA. Each con-
trol PHA was assigned an inverse probability of selection weight
so that the sum of weights equaled the population total of con-
trol PHAs. The eMethods in Supplement 1 contains more de-
tails regarding the case-control subsamples and weighting pro-
cedures. This weighting approach corrects for the subsampling
of controls and preserves the target population distribution, so
that estimation of the regression function is not biased by the
case-control sampling.23 We restricted the ensemble to algo-
rithms that explicitly support observation weights.

Data Analysis
Analysis was conducted September 2025 through January
2026. Unlike most ML studies to predict suicide-related be-
haviors, which either use a single algorithm or try several dif-
ferent algorithms and then choose the one with the best
prediction accuracy,24 we used a stacked generalization ap-
proach with the SuperLearner (SL) ensemble ML method that
pooled results across multiple algorithms. SL uses a weight gen-
erated via cross-validation in a user-specified collection
(ensemble) to combine predicted outcome scores across all com-
ponent algorithms in a way guaranteed in expectation to per-
form at least as well as the best algorithm in the ensemble ac-
cording to a prespecified criterion (in our case, minimizing
mean-squared error).25,26 Consistent with recommendations,27

we used a diverse set of algorithms in the ensemble to capture

nonlinearities and interactions and reduce risk of misspecifi-
cation (eTable 3 in Supplement 1). We also used a simple least
absolute shrinkage and selection operator (LASSO) penalized
regression model28 to provide a benchmark comparison of the
benefits of the much more complex SL approach.

We evaluated model discrimination (the ability of the
model to rank order PHAs by true suicide and SA risk) by ap-
plying model predictions based on the training sample to the
test sample and examining the area under the receiver oper-
ating characteristic curve (AUROC29). We then evaluated model
calibration (the ability to estimate probability of suicide and
SA accurately) in the test sample by calculating the Inte-
grated Calibration Index (ICI30) based on the locally esti-
mated scatterplot smoothing (LOESS) curve (smoothing
span = 0.75) to avoid the need for binning.31 Overall model ac-
curacy (ie, combining discrimination and calibration) was
evaluated using the Brier score. It is noteworthy that the Brier
score, though sensitive to prevalence, can be used to com-
pare combined discrimination and calibration across models
when predicting a single outcome in a single sample.32

We examined concentration of risk by dividing the test
samples into 20 risk ventiles and calculating conditional and
cumulative sensitivity (the proportion of the observed out-
come) and positive predictive value (PPV; observed preva-
lence of the outcome) within and across ventiles of predicted
risk. We then examined overlap in predicted risk scores for the
2 outcomes by generating cross-validated predicted probabili-
ties of each outcome in the total sample and cross-tabulating
categorized risk strata. Variation in concentration of risk of
each outcome as a function of concentration of risk of the other
outcome was examined by computing lift, which is the ratio
of sensitivity in a subgroup to the proportion of PHAs in the
subgroup,33 based on the common rule of thumb that a lift of
2.0+ is clinically significant.34 Finally, we carried out a vari-
able importance analysis using Shapley Additive Explana-
tions (SHAP35) to identify potentially important predictors as-
sociated with overall risk of suicide and SA along with having
elevated risk of both outcomes or either outcome (eMethods
in Supplement 1).

Table 2. Estimates of Model Performance for Suicide and Nonfatal Suicide Attempt in Test Samplesa

Sample AUROC (SE) ICIb Brier scoreb

Suicide

SuperLearner 0.716 (0.174) 0.00019 0.00066

LASSO 0.719 (0.177) 0.00035 0.00068

Best elastic net 0.720 (0.176) 0.00029 0.00067

Best neural net 0.672 (0.194) 0.00177 0.00184

Best random forest 0.711 (0.178) 0.00016 0.00066

Best XGBoost 0.721 (0.171) 0.00028 0.00066

Nonfatal suicide attempt

SuperLearner 0.806 (0.015) 0.00137 0.00697

LASSO 0.792 (0.015) 0.00154 0.00710

Best elastic net 0.808 (0.015) 0.00157 0.00720

Best neural net 0.777 (0.016) 0.00316 0.00800

Best random forest 0.801 (0.015) 0.00084 0.00702

Best XGBoost 0.772 (0.016) 0.00579 0.00710

Abbreviations: AUROC, area under
the receiver operating characteristic
curve; ICI, integrated calibration
index; LASSO, least absolute
shrinkage and selection operator.
a Estimates are based on test

case-control subsamples. Suicide
test case-control subsample
n = 4257 (n = 387 suicides and
n = 3870 controls). Nonfatal suicide
attempt test case-control
subsample n = 31 284 (n = 2844
nonfatal suicide attempts and
n = 28 440 controls).

b After prevalence adjustment
(recalibrating model intercepts to
adjust predicted probabilities to
reflect the outcome prevalence of
the population).
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Data management and calculation of prevalence, sensi-
tivity, and AUROC were carried out in SAS, version 9.4 (SAS
Institute).36 The SL and LASSO models, ICI, Brier scores, and
variable importance analysis were all carried out in R, ver-
sion 4.3.2 (R Project for Statistical Computing).37

Results
Sample Characteristics
The demographic and Army career characteristics of the sample
are presented in Table 1. For suicide, the 70% training sample
before subsampling controls included 1 352 211 PHAs among
468 079 soldiers. The case-control subsample of the training
sample included all 934 PHAs completed by the 653 soldiers
in the training sample who died by suicide within 24 months
of their PHA plus a probability sample of 10 times (ie, n = 9340)
as many control PHAs. The 30% suicide test sample included
580 032 PHAs among 200 605 soldiers, including all 387 PHAs
completed by the 280 suicide decedents in the test sample.

For SA, the 70% training sample included 1 118 810 PHAs
among 388 116 soldiers. The case-control subsample of the
training sample included all 6610 PHAs completed by the 4390
soldiers with SAs over the 24-month risk horizon in the train-
ing sample plus a probability sample of 10 times (ie, n = 66 610)
as many control PHAs. The 30% SA test sample included

479 586 PHAs among 166 337 soldiers, including all 2844 PHAs
completed by the 1882 soldiers with SAs over the 24-month
risk horizon.

PHA data were available from 668 684 regular US Army
soldiers. A total of 1 932 243 PHAs (including 85.5% by male sol-
diers, 46.7% by soldiers aged 28 years or older, and 58.1% by
married soldiers) completed during the 2015 to 2019 period
were included in analyses. A total of 903 301 PHAs (46.7%) were
completed by soldiers 28 years or older, and 1 122 645 (58.1%)
were completed by married soldiers. A total of 1321 PHA visits
(for 933 soldiers) were associated with a subsequent suicide,
9454 (for 6272 soldiers) were associated with a subsequent SA,
and 126 were associated with both; 1780 PHAs were com-
pleted by soldiers who went on to die by some cause other than
suicide over the next 24 months. PHA visits followed by either
outcome were associated with soldiers being young, having no
more than a high school education, being junior enlisted,
having had fewer years in military service, never being de-
ployed, and being in the Forces Command. PHA visits fol-
lowed by a suicide but not a SA were associated with soldiers
being male, non-Hispanic White race, and with a Direct Com-
bat Arms military occupational specialty. PHA visits followed
by a SA but not a suicide were associated with soldiers being
female, never married, non-Hispanic Black race, and His-
panic ethnicity. eFigures 1 and 2 in Supplement 1 contain ad-
ditional details regarding the sample for the SA.

Table 3. Observed 24-Month Suicides and Nonfatal Suicide Attempts by Ventiles of Predicted Risk in Test Samplesa

Ventileb

Suicide Nonfatal suicide attempt

% (SE) Cumulative
PPV/100 000, estimate
(SE)

% (SE)
Cumulative PPV/100 000,
estimate (SE)Within-ventile SN Cumulative SN Within-ventile SN Cumulative SN

1 18.6 (2.0) 18.6 (2.0) 248.4 (34.2) 33.4 (1.0) 33.4 (1.0) 4709.7 (242.7)

2 8.5 (1.4) 27.1 (2.3) 181.2 (19.9) 13.1 (0.7) 46.5 (1.0) 3276.6 (127.9)

3 7.7 (1.4) 34.9 (2.4) 155.1 (14.8) 9.4 (0.5) 55.9 (1.0) 2623.8 (88.1)

4 9.8 (1.5) 44.7 (2.5) 149.1 (12.5) 8.3 (0.5) 64.2 (0.9) 2258.4 (68.0)

5 9.8 (1.5) 54.5 (2.5) 145.8 (11.1) 6.4 (0.4) 70.5 (0.8) 1986.0 (55.5)

6 7.2 (1.3) 61.7 (2.5) 137.4 (9.7) 5.1 (0.4) 75.7 (0.8) 1775.7 (46.8)

7 7.0 (1.3) 68.7 (2.4) 131.2 (8.8) 3.9 (0.3) 79.6 (0.7) 1601.4 (40.5)

8 3.1 (0.9) 71.8 (2.3) 119.8 (7.8) 3.2 (0.3) 82.8 (0.7) 1456.9 (35.7)

9 5.9 (1.2) 77.7 (2.1) 115.3 (7.2) 3.2 (0.3) 85.9 (0.6) 1344.5 (32.0)

10 4.4 (1.0) 82.1 (2.0) 109.7 (6.6) 3.0 (0.3) 89.0 (0.6) 1252.8 (29.0)

11 3.6 (1.0) 85.8 (1.8) 104.0 (6.1) 2.3 (0.3) 91.2 (0.5) 1168.0 (26.5)

12 2.6 (0.8) 88.4 (1.6) 98.3 (5.7) 2.0 (0.2) 93.3 (0.4) 1094.7 (24.4)

13 2.6 (0.8) 91.0 (1.5) 93.4 (5.3) 1.6 (0.2) 94.9 (0.4) 1027.5 (22.6)

14 2.8 (0.8) 93.8 (1.2) 89.4 (5.0) 1.0 (0.2) 95.9 (0.3) 964.1 (21.0)

15 0.3 (0.3) 94.0 (1.2) 83.7 (4.7) 0.9 (0.2) 96.8 (0.3) 908.6 (19.6)

16 2.1 (0.7) 96.1 (1.0) 80.2 (4.4) 1.0 (0.2) 97.8 (0.2) 861.0 (18.4)

17 1.8 (0.7) 97.9 (0.7) 76.9 (4.2) 0.7 (0.1) 98.5 (0.2) 816.4 (17.3)

18 1.3 (0.6) 99.2 (0.5) 73.6 (4.0) 0.7 (0.1) 99.2 (0.2) 776.3 (16.4)

19 0.5 (0.4) 99.7 (0.3) 70.1 (3.7) 0.5 (0.1) 99.8 (0.1) 739.5 (15.5)

20 0.3 (0.3) 100.0 (0.0) 66.7 (3.6) 0.2 (0.1) 100.0 (0.0) 704.1 (14.7)

Abbreviations: PPV, positive predicted value (per 100 000 periodic health
assessments); SN, sensitivity.
a Estimates are from the test case-control subsamples. Suicide test case-control

subsample n = 4257 (n = 387 suicides and n = 3870 controls). Nonfatal suicide
attempt test case-control subsample n = 31 284 (n = 2844 nonfatal suicide

attempts and n = 28 440 controls).
b Risk ventiles represent the 20 ordered subgroups of observations based on

predicted risk, with risk ventile 1 having the highest predicted risk and risk
ventile 20 having the lowest predicted risk.

Predicting US Army Soldier Suicide-Related Behaviors Original Investigation Research

jamapsychiatry.com (Reprinted) JAMA Psychiatry Published online August 12, 2026 E5

© 2026 American Medical Association. All rights reserved, including those for text and data mining, AI training, and similar technologies.

Downloaded from jamanetwork.​com by Harvard University user on 10/​06/​2026

https://jamanetwork.com/journals/jama/fullarticle/10.1001/jamapsychiatry.2026.2410?utm_campaign=articlePDF%26utm_medium=articlePDFlink%26utm_source=articlePDF%26utm_content=jamapsychiatry.2026.2410
http://www.jamapsychiatry.com?utm_campaign=articlePDF%26utm_medium=articlePDFlink%26utm_source=articlePDF%26utm_content=jamapsychiatry.2026.2410


Model Performance
Performance of SL models, simple LASSO penalized regres-
sion models, and individual algorithms were compared
separately for each outcome (eTable 4 in Supplement 1 con-
tains meta-learner weights used in the SL models). For sui-
cide, the best XGBoost model had an AUROC of 0.72
(SE = 0.17), with ICI and Brier score estimates (0.0003 and
0.0007, respectively) that were generally either comparable
with or better than those of other algorithms (Table 2).
Inspection of calibration plots showed that these models
were well calibrated in the range of the intervention thresh-
old, which we identified as 5% to 10% of soldiers with high-
est predicted risk (eFigure 3 in Supplement 1). For SA, the SL
model had an AUROC of 0.81 (SE = 0.02), with ICI and Brier
score estimates (0.0014 and 0.0070, respectively) that were
generally either comparable with or better than those of
other algorithms (Table 2). Inspection of calibration plots
again showed that these models were well calibrated in the
range of the 5% to 10% intervention threshold (eFigure 4 in
Supplement 1). We consequently focused on XGBoost
results for suicide and SL results for SA.

Estimates of sensitivity and PPV (per 100 000 PHAs) for
suicide and SAs are reported in Table 3. The 24-month sui-
cide prevalence was 66.7 per 100 000 (SE = 3.6/100 000).
Inspection of predicted suicide risk ventiles in the XGBoost
model showed that only the top ventile had meaningfully el-
evated sensitivity, which we defined as at least twice that ex-
pected by chance. This top ventile accounted for 18.6%
(SE = 2.0%) of suicides, with 24-month prevalence of 248.4 per
100 000 (SE = 34.2/100 000). Based on these results, the 5%
of PHAs with the highest predicted risk were defined as high
risk and the remaining 95% were defined as lower risk.

The 24-month SA prevalence was 704.1 per 100 000
(SE = 14.7/100 000). Inspection of predicted risk ventiles in the
SL model showed that only the top 2 ventiles had meaning-
fully elevated sensitivity (33.4%-13.1%; SE = 1.0%-0.7%)
and together accounted for 46.5% (SE = 1.0%) of SAs. The
24-month SA prevalence for these ventiles was 3276.6 per
100 000 (SE = 127.9/100 000). Based on these results, the 5%
of PHAs with highest predicted SA risk were defined as high-
est risk, the next 5% were defined as high risk, and the remain-
ing 90% were defined as lower risk.

Analysis of the Overlap in Risk of Suicide and SA
Althoughthepredictedprobabilitiesofthe2outcomeswereposi-
tively correlated, the association was modest in magnitude (Pear-
son r = 0.29; t = 233.8; P < .001). Examination of the cross-
classified 2-category risk scheme for suicide (ie, high and lower
risk) and 3-category risk scheme for SA (ie, highest, high, and
lower risk) showed that 11.9% of PHAs were at elevated
predicted risk of at least one outcome, accounting for (ie, sen-
sitivity) 30.5% (SE = 2.3%) of suicides and 39.9% (SE = 0.9%) of
SAs (Table 4). Within this subgroup, 2.2% of PHAs were at high
predicted risk of suicide and highest predicted risk of SA, ac-
counting for 11.1% (SE = 1.6%) of suicides and 11.0% (SE = 0.6%)
of SAs. Overall, 3.1% of PHAs had high predicted risk of suicide
and either highest (5%) or high (10%) predicted risk of SA, ac-
counting for 12.9% (SE = 1.7%) of suicides and 12.9% (SE = 0.6%)
of SAs. An additional 1.9% had high predicted risk of suicide only,
and 6.9% had either highest or high predicted risk of SA only,
together accounting for 17.6% (SE = 1.9%) of suicides and 26.9%
(SE = 0.8%) of SAs.

Clinically significant lift (ie, lift ≥2.0) for suicide was found
for PHAs with high predicted risk of suicide regardless of pre-

Table 4. Intersection of Predicted Risk of Suicide and Nonfatal Suicide Attempt of Regular US Army Soldier PHAs (n = 580 032)

Risk level
Sample distribution,
%

Distribution of suicides Distribution of nonfatal suicide attempts

SN (SE) Lifta PPV (SE) SN (SE) Lifta PPV (SE)
High risk of suicideb

Highest risk of SAc 2.2 11.1 (1.6) 5.2 344.7 (52.5) 11.0 (0.6) 5.1 2517.2 (140.3)

High risk of SAd 0.9 1.8 (0.7) 2.0 131.1 (49.5) 1.9 (0.3) 2.1 1011.1 (136.9)

Lower risk of SAe 1.9 5.7 (1.2) 2.9 196.6 (41.9) 3.2 (0.3) 1.7 813.3 (84.9)

Total 5.0 18.6 (2.0) 3.7 248.2 (29.2) 16.1 (0.7) 3.2 1582.5 (73.3)

Lower risk of suicidef

Highest risk of SA 2.9 4.4 (1.0) 1.5 102.9 (24.9) 12.1 (0.6) 4.2 2075.3 (110.9)

High risk of SA 4.1 7.5 (1.3) 1.8 122.6 (22.8) 11.7 (0.6) 2.9 1403.2 (76.5)

Lower risk of SA 88.1 69.5 (2.3) 0.8 52.7 (3.2) 60.1 (0.9) 0.7 334.7 (8.1)

Total 95.0 81.4 (2.0) 0.9 57.2 (3.2) 83.9 (0.7) 0.9 432.8 (8.8)

Total

Highest risk of SA 5.0 15.5 (1.8) 3.1 206.9 (26.7) 23.1 (0.8) 4.6 2265.4 (87.4)

High risk of SA 5.0 9.3 (1.5) 1.9 124.1 (20.7) 13.6 (0.6) 2.7 1330.9 (67.3)

Lower risk of SA 90.0 75.2 (2.2) 0.8 55.7 (3.3) 63.3 (0.9) 0.7 345.0 (8.1)

Total 100.0 100.0 - - 68.4 (3.4) 100.0 - - 490.3 (9.2)

Abbreviations: PHA, periodic health assessment; PPV, positive predictive value
(number of observed soldiers in the subgroup with the outcome over a
24-month risk period per 100 000 PHAs); SA, nonfatal suicide attempt; SN,
sensitivity (the proportion of observed soldiers with the outcome in the
subgroup).
a Lift, the ratio of SN to proportion in the sample distribution.

b High risk of suicide, the 5% of PHAs with the highest predicted risk of suicide.
c Highest risk of SA, the 5% of PHAs with highest predicted risk of SA.
d High risk of SA, the next 5% (6%-10%) with highest predicted risk of SA.
e Lower risk of SA, lowest predicted risk of SA (11%-100%).
f Lower risk of suicide, lowest predicted risk of suicide (6%-100%).
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dicted SA risk (lift = 2.0-5.2). The 24-month suicide
prevalence among these subgroups ranged from 131.1
per 100 000 (SE = 49.5/100 000) to 344.7 per 100 000
(SE = 52.5/100 000). Clinically significant lift for SA was found
among those with highest or high predicted risk of SA, regard-
less of predicted suicide risk (lift = 2.1-5.1). The 24-month SA
prevalence among these subgroups with significant lift ranged
from 1011.1 per 100 000 (SE = 136.9/100 000) to 2517.2 per
100 000 (SE = 140.3/100 000).

Predictor Importance
We examined proportional SHAP values for predictors of the
2 outcomes (eFigures 5 and 6 in Supplement 1) as well as of
being in the top 5% of predicted risk of both outcomes
(eFigure 7 in Supplement 1) or having high risk of either out-
come (defined as the top 5% of suicide risk or the top 10% of
SA risk) (eFigure 8 in Supplement 1). Psychopathological risk
factors were the most important class of predictors across all
models (proportional SHAP = 70.6%-95.4%), with a wide va-
riety of individual variables in that class emerging as most im-
portant in different models and the great majority of the as-
sociations being positive. Demographics were strong predictors
of both suicide (proportional SHAP = 44.2%) and SA (propor-
tional SHAP = 33.6%), due to strong (proportional SHAP ≥ 5%)
predictive effects of male sex and non-Hispanic White race and
ethnicity (both positively associated with suicide risk), higher
education (negatively associated with suicide and SA risk), and
older age (negatively associated with SA risk). Army career char-
acteristics were also important for both suicide (proportional
SHAP = 40.7%) and SA (proportional SHAP = 31.4%). Physi-
cal conditions, finally, were consistently the weakest predic-
tors (proportional SHAP = 3.5%-13.5%).

Discussion
We found that roughly 5% of PHAs were associated with mean-
ingfully elevated predicted risk of suicide, 10% with elevated pre-
dicted risk of SA, and 11.9% with either. These PHAs accounted
for approximately 31% of subsequent suicides and 40% of SAs.
Concentrations of risk as high as these were considered action-
able for targeting the SAFEGUARD intervention at Fort Hood,
Texas, and have now been used to implement real-time recruit-
ment for this randomized clinical trial. Whether the intervention
turnsouttobecost-effectiveatlowerriskoftheoutcomesisbeing
evaluated by including in the experiment a small probability
sample of soldiers with lower risk of the outcomes, although the
bulk of the sample consists of soldiers with high predicted risk
of either outcome to guarantee sufficient statistical power to de-
tect clinically meaningful intervention effects in subsamples de-
fined by the cross-classification of the 2 risk scores as well as to
investigate possible heterogeneity of intervention effects.38

Although our results do not guarantee that the interven-
tion will have a positive net benefit, they show that it is pos-
sible to identify high-risk soldiers who can be used to iden-
tify participants for a randomized clinical trial designed to
reduce suicide-related behaviors, thereby addressing a criti-
cism of self-report suicide risk screening.39 The intervention

is designed to be low cost (ie, online and group based)40 and
has previously been found to be effective in reducing suicide-
related behaviors among high-risk veterans.41-43 A formal net
benefit analysis will be needed after the intervention is com-
plete to determine whether the intervention has a positive net
benefit overall based on the joint consideration of costs, ben-
efits, and potential harms.44

To our knowledge, this study was the first to examine pat-
terns of intersecting risk for suicide and SA based on parallel
ML models. Consistent with previous evidence of only par-
tially overlapping risk factors,11,45,46 we found that overlap of
elevated risk was modest, with a notable subset of PHAs with
elevated predicted risk for only 1 of the outcomes. Due to low
base rates of suicide death, much prior research that ostensi-
bly focused on risk factors,18 or interventions,47 for suicide pre-
vention actually focused on an outcome that includes a broader
group of suicide-related behaviors; these behaviors, for the
most part, consisted of SAs. These conflations result in an un-
deridentification of persons at high risk of suicide and a re-
duced ability to identify interventions that are effective in re-
ducing suicides relative to SAs. It is important, given this
history, for future studies to clarify the outcome of interest;
to distinguish participants at high risk of either suicide, SA, or
both at the onset; and to evaluate treatment effects on the sepa-
rate outcomes as well as in subgroups selected based on high
predicted risk of one outcome, the other, or both. This will be
done in the SAFEGUARD trial.

Limitations
The current report should be considered within the context of
several limitations. First, even with a large sample size and mul-
tiyear data collection period, numbers of suicides and SAs were
relatively low. A larger sample would have increased statisti-
cal power and model accuracy. Second, analyses only consid-
ered SAs documented through medical records. Previous re-
search suggests that as many as 1 in 3 soldier SAs are
undocumented, with risk of undocumented SAs higher among
soldiers in their earlier years of service.48 Relatedly, reliance
on ICD-10 codes for suicide attempts made it impossible to dis-
tinguish between self-directed violence with and without in-
tention of death.17 Lastly, SAs were assessed only while sol-
diers were still in active service.

Conclusions
Effective suicide prevention within the US military requires ac-
curate identification of service members at highest risk of sui-
cide-related behaviors. Results of this prognostic study sug-
gest that ML methods applied to US Army administrative data
available at the time of PHAs can identify soldiers at compara-
tively high risk of suicides and SAs over the next 24 months.
We found that elevated suicide and suicide attempt risk over-
lap only partially, with many PHAs at elevated risk for 1 out-
come but not the other, attesting to the importance of consid-
ering these outcomes separately when developing targeting
models and delivering preventive interventions for suicide and
suicide-related behaviors.
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