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Abstract

Suicide risk is elevated among military service members who recently transitioned to civilian life. 

Identifying high-risk service members before this transition could facilitate provision of targeted 

preventive interventions. We investigated the feasibility of doing this by attempting to develop 

a prediction model for self-reported suicide attempts (SAs) after leaving or being released from 

active duty in the Study to Assess Risk and Resilience in Servicemembers-Longitudinal Study 

(STARRS-LS). This study included two self-report panel surveys (LS1: 2016–2018, LS2: 2018–

2019) administered to respondents who previously participated while on active duty in one of 

three Army STARRS 2011–2014 baseline self-report surveys. We focus on respondents who left 

active duty >12 months before their LS survey (n=8899). An ensemble machine learning model 

using predictors available prior to leaving active duty was developed in a 70% training sample 

and validated in a 30% test sample. The 12-month self-reported SA prevalence (SE) was 1.0% 

(0.1). Test sample AUC (SE) was .74 (.06). The 15% of respondents with highest predicted risk 

included nearly two-thirds of 12-month SAs and over 80% of medically serious 12-month SAs. 

These results show that it is possible to identify soldiers at high post-transition self-report SA risk 

before the transition. Future model development is needed to examine prediction of SAs assessed 

by administrative data and using surveys administered closer to the time of leaving active duty.

Introduction

Suicide prevention is a critical operational priority of the U.S. Departments of Defense 

(DoD)1 and Veterans Affairs (VA).2 Each year, nearly 200000 individuals transition from 

active duty military service to civilian life.3 For some, this transition is characterized by 

such psychosocial stressors as disruptions in support networks, housing instability, lack 

of employment, and financial strain,3–7 which are associated with increased risk of suicide-

related behavior (SRB).8,9 Indeed, suicide risk in the year following the transition to civilian 

life is approximately 2.5 times as high as the rate among active duty personnel.10–12

Recognizing the challenges associated with this transition, a 2018 Presidential Executive 

Order called for greater coordination between DoD and VA to enhance transitional 

services.13,14 Several important initiatives followed this Executive Order, including a 

Congressional bill requiring greater care coordination for transitioning service members.15 

Prediction models for post-transition difficulties, such as SRBs, based on information 

available before the transition could help target individuals most in need of this 

coordination.16 Although several studies have successfully leveraged predictive analytics 

to identify individuals at elevated risk of SRB, most studies focused either on military 

personnel during active duty17–19 or veterans regardless of time since transition to civilian 

life.20–22

To address this gap, we present results from an analysis of data from the Study to 

Assess Risk and Resilience in Servicemembers-Longitudinal Study (STARRS-LS) to predict 

suicide attempts (SAs) reported by survey respondents as having occurred after leaving or 
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being released from active duty. The prediction model incorporates survey, administrative, 

and geospatial data available prior to the time of leaving active duty. We focused on 

predicting SAs rather than suicide deaths because the latter were too rare to study in our 

survey sample. SAs are of interest because they have serious physical23 and psychiatric24 

sequelae and are among the top predictors of subsequent suicides.25,26 However, as the 

predictors of non-fatal SAs differ from the predictors of suicides,27 we also examined model 

accuracy in predicting medically serious self-reported SAs, which may better approximate 

fatal SAs than do other SAs.28,29

Materials and Methods

Sample

Baseline surveys: The baseline surveys were part of Army STARRS, a multi-component 

prospective epidemiological-neurobiological study with both baseline and longitudinal 

surveys designed to examine risk and protective factors for Army SRBs30 (Figure 1). There 

were 3 baseline surveys: 1) a 2011–2013 representative survey of all soldiers; 2) a separate 

2011=2012 survey of new soldiers; and 3) a 2012–2014 survey of several Brigade Combat 

Teams before and after deployments. Field procedures have been reported elsewhere30–33 

and are reviewed in the methodology appendix. Written informed consent was obtained from 

participants. The Human Subjects Committees of the University of Michigan and USUHS 

(and for the Kuwait component, the Army Medical Research and Materiel Command) 

approved all recruitment, consent and field procedures.

Longitudinal surveys: Data for the current report come from the two STARRS-LS 

surveys, which followed probability samples of baseline Army STARRS survey respondents 

September 2016-April 2018 (LS1) and April 2018-July 2019 (LS2) using a multi-stage 

sample design (Figure 1). We focus only on the LS respondents who were in the Regular 

Army at the time of their Army STARRS survey and no longer on active duty at the 

time of the LS survey (see methodology appendix for more details). We excluded LS2 

respondents who reported a SA in the 12 months before LS1 to avoid double-counting any 

single respondent in the pooled LS1-LS2 analysis. This means that, by construction, none 

of the n=4,044 respondents considered here who were both in the LS1 and the LS2 samples 

reported a SA in the 12 months before LS1. The full analysis sample included n=8899 

observations, composed of n=4,230 at LS1 (n=3694 separated from active duty and n=536 

no longer on orders or activated in a Reserve or National Guard Component) and n=4669 at 

LS2 (n=4044 separated and n=625 no longer on orders or activated). Detailed information 

about recruitment into the baseline and longitudinal surveys is presented in Supplementary 

Figures 1 and 2.

Measures

Self-reported suicide attempts: LS1 and LS2 included a section on suicidality 

adopted from the Columbia-Suicide Severity Rating Scale.34 One of these questions asked 

respondents 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 survey? Respondents who said 

yes were then asked about the number of such attempts and recency of (that attempt/their 
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most recent attempt). We focus on SAs reported within 12 months of the survey. Medically 

serious SAs were distinguished from other self-reported SAs by asking respondents to 

describe the most serious injuries incurred from their SA (see the methodology appendix), 

as past research suggests that predictors of medically serious SAs are more like those of 

suicides than are the predictors of other SAs.28,29 Although it would have been ideal also to 

include SAs recorded in electronic health records (EHRs), we did not have access to EHRs 

for LS respondents no longer on active duty. Previous studies found that self-reports capture 

about 2/3rds of the SAs detected either by self-reports or medical records.8,35

Predictors: A review of the literature identified 9 categories of predictors of SAs.27,36–38 

These included socio-demographics, Army career variables, personality characteristics, 

adverse childhood experiences, other lifetime traumatic events, chronic stressors, self-

injurious thoughts and behaviors, physical health problems, and mental disorders 

(Supplementary Table 1). Factors associated with low SA risk, such as financial stabiliy 

and strong social networks, were defined in the inverse along with measures of stressors. 

As described in more detail in the methodology appendix, we identified 137 baseline 

Army STARRS survey individual questions or scales as indicators of these categories. 

Information was also taken from the STARRS Historical Administrative Data Study 

(HADS) database, which includes administrative data from 50 Army/ DoD administrative 

data systems (Supplementary Table 2). A review of these data systems led to the selection 

of 576 variables as indicators of previously known predictors of SAs (Supplementary Tables 

3–7). In addition to individual-level predictors, we included 1,702 variables describing 

characteristics of the Census Block Groups and Counties where respondents resided that 

might predict SAs, again including not only variables expected to be risk factors (e.g., high 

neighborhood crime rate) but also protective (e.g., high neighborhood social capital)39–41 

(Supplementary Table 8).

Analysis methods

Analysis was carried out November 2020-April 2021. Most machine learning studies to 

predict SRB either use a single algorithm or try several different algorithms and choose 

the one with the best prediction accuracy.42 We instead used the Super Learner ensemble 

machine learning method, which allows results to be pooled across multiple algorithms by 

stacked generalization. This approach makes use of a weight generated via cross-validation 

in a user-specified collection (“ensemble”) to combine predicted outcome scores across 

all algorithms in a way guaranteed in expectation to perform at least as well as the 

best component algorithm according to a pre-specified criterion (in our case, minimizing 

MSE).43,44 Consistent with recommendations,45 we used a diverse set of algorithms in 

the ensemble to capture nonlinearities and interactions and reduce risk of misspecification 

(Supplementary Table 9).46,47 Model results were validated in a 30% test sample. We 

examined predictor importance using the model-agnostic kernel SHAP method, which 

estimates the marginal contribution to overall model accuracy of each variable in a predictor 

set.48 As discussed in more detail in the methodology appendix, we used a case-control 

sampling scheme in the training sample to deal with the problem of class imbalance caused 

by the rarity of SAs.49 Predicted probabilities were calibrated using isotonic regression50 in 

the training sample. In addition to estimating area under the ROC curve (AUC) to evaluate 
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model accuracy in the test sample, we evaluated calibration accuracy to determine how 

well the model’s predicted probability approximates the actual event probability. This was 

done by estimating both the conventional expected calibration error (ECE) based on decile 

binning51 and the recently-developed integrated calibration index (ICI),52 which is based on 

the loess curve (smoothing span=0.75) and does not require binning.53 We also evaluated 

model fairness54 by calculating ICI and ECE in subsamples of the test sample to evaluate 

whether the association (relative-risk based on a robust Poisson model) between calibrated 

predicted probability of SA and observed SA in the test sample differed significantly across 

subsamples defined by sex and race-ethnicity. We then divided the test sample into 20 risk 

categories based on ventiles of predicted risk defined in the training sample and calculated 

both conditional and cumulative sensitivity (SN; the proportion of self-reported SAs within 

and across ventiles of predicted risk) and positive predictive value (PPV; prevalence of 

self-reported SAs within and across ventiles of predicted risk).

Data management and calculation of prevalence AUCs, ICI, and ECE were carried out in 

SAS version 9.4.55 SHAP values were estimated in Python.56 The Super Learner models 

were estimated in R version 3.6.3.57 The R packages used for each algorithm are listed in 

Supplementary Table 9.

Results

Sample composition

As noted above, the LS surveys were administered to individuals who participated initially 

in baseline Army STARRS surveys. Weighting was used to correct for STARRS survey 

nonresponse and loss to follow-up in the LS surveys. Samples were combined across all 

baseline Army STARRS surveys and pooled over LS1 and LS2 for purposes of building our 

prediction model. Median respondent age at the time of ending active duty was 26 (Table 

1). The great majority of respondents were male (84.3%), Non-Hispanic White (67.6%), 

heterosexual (93.3%). Most had a high school education (70.7%) and were either currently 

(56.1%) or never (38.8%) married at the time of ending active duty. In terms of Army career, 

most either had 0 (43.5%) or exactly 1 (32.8%) combat deployment, were of junior enlisted 

rank (62.9%), and separated (88.8%; i.e., terminated their relationship with the Army) rather 

than deactivated (11.2%; i.e., continued in service as a member of the Army National Guard 

or Army Reserve) at the time of ending active duty.

Sample response bias

Population variable distributions available for all soldiers on active duty at the time of the 

baseline Army STARRS surveys were compared to the weighted distributions in the LS 

samples to assess LS sample representativeness. Generally good consistency was found 

with socio-demographic distributions among NSS respondents compared to all soldiers 

enlisting in the same years as that survey. In addition, generally good consistency was 

found with both socio-demographic and Army career characteristic distributions among 

AAS/PPDS respondents compared to all soldiers on active duty during the same years 

as those surveys (Supplementary Tables 10–11). However, the LS sample respondents 

somewhat over-represent soldiers who identified as non-Hispanic White and those with 
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higher educations. In addition, the weighted LS subsamples originally surveyed as part 

of the AAS/PPDS surveys are consistent with population distributions of Army career 

characteristics as of the time of baseline survey recruitment.

SA Prevalence

n=119 LS respondents no longer on active duty for at least 12 months prior to their LS 

survey reported a SA in the past 12 months. Prevalence (SE) was 1.0% (0.1) in the total 

sample (Table 2), higher in LS1 (1.3% [0.2]) than LS2 (0.7% [0.2]), and comparable among 

members no longer on orders or activated in a Reserve or National Guard Component (1.1% 

[0.3]) than those separated from active duty (1.0% [0.1]). n=17 of the 119 were medically 

serious SAs.

Model results

Model fitting: As detailed in the methodology appendix, preliminary analyses were carried 

out to investigate the implications of expanding or reducing the feature selection methods 

(Supplementary Table 12) and the number of features used in the ensembles (Supplementary 

Table 13) to reduce over-fitting. Optimal restrictions were used in building the model. Four 

algorithms had nonzero Super Learner importance weights in that model: stratified means, 

a penalized logistic regression, a random forest, and an extreme gradient boosting model 

(Supplementary Table 14).

Overall model fit: The AUC (SE) in the full test sample was .74 (.06) (Figure 2). We also 

examined whether equally strong prediction could be achieved by limiting the predictors to 

those available in administrative records, thereby sparing soldiers the burden of completing 

a questionnaire. The AUC (SE) of the best-fitting model limited to administrative predictors 

was substantially lower (.63 [.06]), indicating that some self-report questions are needed to 

optimize prediction.

Inspection of the predicted risk ventiles based on the best-fitting model applied to the test 

sample showed that respondents in the top 3 predicted risk ventiles had elevated conditional 

sensitivity, whereas the remaining ventiles generally had conditional sensitivities either close 

to or below expected values (Table 3). Respondents in these top predicted risk ventiles 

included 64.6% of SAs. The proportion of medically serious SAs among respondents in 

the top predicted risk ventiles (81.5%) was higher than the proportion of other self-reported 

SAs (60.4%), although this difference was not statistically significant (χ2
1=0.7, p=.42). SA 

prevalence was 3.5% in the top risk ventile and 2.6% across the top 3 predicted risk ventiles 

compared to 0.5% in the remainder of the sample.

Subgroup analyses: Subgroup analysis showed that the AUC of the best model was 

substantially lower among respondents who left or were released from active duty 3+ years 

before the LS survey (AUC=.64 [.10]; n=1439) than those most recently active less than 

3 years ago (AUC=.83 [.04]; n=1232). This suggests indirectly that a survey administered 

before leaving or being released from active duty might yield even stronger results than 

those found here. Consistent with this speculation, AUC was also higher among respondents 
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whose most recent baseline (i.e., prior to leaving active duty) survey was less than 3 years 

before their LS survey; (AUC=.95 [.05]; n=565) than 4+ years (AUC=.74 [.06]; n=2106).

Other subgroup analyses showed that AUC was higher among respondents who were no 

longer on orders or activated in a Reserve or National Guard Component at the time of the 

LS survey (AUC=.93 [.04]; n=340) than respondents completely separated (AUC=.70 [.06]; 

n=2331). AUC was also higher among women (AUC=.87 [.08]; n=373) than men (AUC=.72 

[.06]; n=2298). The number of medically serious self-reported SAs was too small to be 

used as an outcome in a separate Super Learner model, but we were able to disaggregate 

AUC in the overall model by this distinction and found a higher AUC for medically serious 

(AUC=.93 [.04]) than other (AUC=.69 [.06]) self-reported SAs.

Calibration and fairness: Model calibration was found to be excellent not only in the 

total test sample (ICI=.005; ECE=.003) but also in subsamples defined by sex and race-

ethnicity (ICI=.006–.010; ECE=.003–.007). Consistent with the latter result, the fairness 

analysis found that the association between predicted probability of SA and observed SA did 

not differ significantly either between men and women (F1=3.4, p=.07) or between soldiers 

identifying as non-Hispanic White versus others (F1=0.1, p=.83; Supplementary Table 15).

Predictor importance: A total of 807 variables in the final predictor set had significant 

(p<0.10, two-sided test) zero-order associations with SA in the training sample, including 

54 survey variables, 199 administrative variables, and 554 geospatial variables. 37 of these 

807 predictors were selected in the two-part lasso feature selection procedure, including 14 

survey, 12 administrative, and 11 geospatial variables (Supplementary Table 13). A rank 

order of mean absolute SHAP values by individual predictors across these 37 showed that 

self-reported lifetime suicide plan in the baseline survey was the strongest predictor and that 

5 of the top 10 came from the baseline survey (Figure 3). The 37 predictors included several 

each from the domains of self-injurious thoughts and behaviors, lifetime traumatic events, 

and socio-demographics (Supplementary Table 16). Fewer measures of mental or physical 

disorders or Army career variables were in this set. It is important to recognize, though, that 

the small number of predictors in our final model should not be interpreted as having special 

importance in and of themselves but should instead be seen as the best marker items for the 

807 individually significant zero-order predictors in the full predictor set.

Discussion

Military leaders have heretofore been limited in their ability to predict which service 

members will attempt suicide during the high-risk time shortly after leaving or being 

released from active duty.10–12,58 We found that a parsimonious model to predict self-

reported 12-month SA can be developed using a short battery of survey questions along with 

administrative variables and variables about the characteristics of the geographic area where 

the soldier lives. This model has good prediction accuracy and calibration. About two-thirds 

of the soldiers who reported SAs and more than 80% who reported medically serious SAs 

were in the top 3 predicted risk ventiles. These results are likely conservative, as prediction 

accuracy was inversely proportional to time between the baseline survey and the LS survey. 

This means the model would be expected to perform better if based on a survey administered 
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within a year of leaving or being released from active duty and the model was used to target 

preventive interventions over the first year after leaving. As the number of survey predictors 

in our model was small (n=14), it would be feasible to add this battery to the pre-existing 

annual post-separation survey currently administered to all soldiers scheduled to leave or be 

released from active duty over the next year.

The variables assessing self-injurious thoughts and behaviors ascertained via self-report, 

emerged as the most important predictors. Although this is consistent with previous 

research,37 evidence from studies of patients being screened for suicidality during routine 

outpatient visits who went on to die by suicide shortly thereafter,59,60 show that the great 

majority of such patients deny any suicidality. This occurs for a variety of reasons, including 

routine variations in suicidal ideation61 and concerns among suicidal patients that the health 

care system might restrict their activities.62 This concern was apparently less prominent 

in completing the STARRS surveys, but it is unclear whether the same would be true if 

the same questions were included in an Army-administered pre-separation survey given the 

importance of context to survey response.63 Future methodological research is needed to 

investigate this issue.

In addition, as noted in the subsection on variable importance in the results section, the 

predictors that came out as important in the small set selected by our final model should 

not be interpreted as causal risk factors64,65 but rather as best marker items representing 

the joint associations of the 807 individually significant zero-order predictors in the full 

predictor set. This means the predictor importance results are useful primarily in helping 

guide which self-report questions to ask in future pre-separation survey rather than as guides 

for intervention content.

Several suicide prevention initiatives for transitioning service members are currently being 

implemented, including the VA Solid Start program, which involves three contacts from 

the VA with all service members in the year following departure from the military to offer 

mental health and related resources.66 Referral to community-based universal interventions 

based on a public health perspective can be valuable components of such communications.67 

However, soldiers identified as high-risk by our model may also benefit from additional 

enhanced case management or higher-intensity interventions5,68–70 in the transitionary 

period depending on acuity and cost-effectiveness considerations.16,71 Guidance in this 

regard might be provided by subsequent analyses of the experiences of high-risk soldiers 

after leaving or being released from active duty that more proximally predict SA. In so 

doing, it would be important to examine causal mechanisms within the context of theoretical 

frameworks (e.g., the three-step theory of suicide)5,72 and to contextualize results within the 

VA’s broad public health strategy to suicide prevention.2,73

Our study has several noteworthy limitations. First, the sample was restricted to soldiers who 

participated in Army STARRS surveys in 2011–2014 and could be traced and resurveyed 

in 2016–2019, raising the possibility of sample bias. Second, the Army STARRS and 

STARRS-LS surveys were explicitly advertised as independent academic surveys in which 

identified respondent reports would not be made available to military leaders. It is unclear 

whether the same results would be found in surveys carried out by the military or VA. 
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Third, substantial variation existed in the time lag between baseline surveys and LS surveys, 

leading to underestimation of overall model prediction accuracy and possibly to selection 

of suboptimal predictors. Fourth, variation in time between when respondents left active 

duty and the LS surveys introducing instability in model results that would be resolved if 

future baseline surveys were carried out shortly before soldiers left or were released from 

active duty. Fifth, SAs were assessed exclusively with self-reports; we did not additionally 

review administrative records to determine SA status at LS2 (post-active duty). Self-reports 

under-represent true SAs.74 It is not clear whether prediction accuracy would be different for 

SAs assessed only by administrative data.

Within the context of these limitations, the study demonstrated that data available prior to 

a service member leaving active duty can be used to predict self-reported suicide attempts 

following active duty service. This represents a crucial step forward as the VA and DoD 

seek to enhance their provision of suicide prevention resources for transitioning service 

members.13–15,75 Future work is needed to examine prediction of suicide attempts assessed 

by administrative data and using surveys carried out under military auspices administered 

closer to the time of leaving active duty.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Figure 1. 
Broad Overview of the STARRS Surveys Used in this Study
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Figure 2. Receiver operating characteristic curves in the test sample and subsamples (n=2671)
Abbreviations: AUC, area under the receiver operating characteristic curve; SE, standard 

error.
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Figure 3. Predictor importance based on kernel SHAP values in the test sample (n=2671)1

Abbreviations: SHAP, SHapley Additive exPlanations; LT, lifetime; (s), survey predictor; 

LTT, lifetime trauma; CBG, Census Block Group; (g), geospatial predictor; UL, unit-

level; 12m, 12-month; perp, perpetrator; prop, property; (a), administrative predictor; txt, 

treatment; in/out, inpatient admission/outpatient visit; 4yr, 4 year; out, outpatient visit; 

pers, personality; stab, stabilized scale; meds, medications; MDE, major depressive episode; 

CL, county level; diff, difference; GDP, gross domestic product; psych, psychiatrists; alc, 

alcohol; prob, problems; endo/met, endocrine, nutritional/metabolic; CT, Census Tract; 2yr, 

2 years; depr, depression; BD, bipolar disorder; in, inpatient admission; adv, adversities; 

stnd, standardized scale; vict, victim; comp, computers; CGB-CL, Census Block Group to 

County level; SSI, supplemental security income; dep, dependents.
1See Supplementary Table 13 for a description of the predictor variables. Survey predictors 

were measured retrospectively in the time period prior to leaving or being released from 

active duty. Administrative predictors were defined as the earlier of the two times of 

leaving/being released from active duty or December 31, 2016, given that our access to 

administrative data was only up to the end of 2016. Geospatial predictors were based on the 

Census Block Group or County of residence at the time of the LS1/LS2 survey.
2The SHAP value for an individual is the extent to which the predicted probability of 

suicide changes when a single variable is deleted from the prediction model averaged across 

all logically possible combinations of the 37 predictors. The model-agnostic kernel SHAP 

method was used to estimate SHAP values.40 As these values can be either positive or 
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negative at the individual level, we report here the mean of the absolute SHAP value across 

all respondents in the test sample.
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Table 2.

12-month prevalence of suicide attempt in the pooled weighted sample of STARRS-LS respondents who left 

or were released from active duty 12 months or more before their LS survey (n=8899)
1

Prevalence of self-reported suicide attempt
2 Unweighted self-reported suicide attempt 

frequency (n)

Any Medically serious

% (SE) % (SE) Any Serious Total

LS1

 Separated 1.3 (0.2) 0.1 (0.0) (62) (11) (3694)

 Reserve/National Guard
3

1.7 (0.7) 0.3 (0.3) (8) (2) (536)

  All 1.3 (0.2) 0.1 (0.0) (70) (13) (4230)

LS2
4

 Separated 0.7 (0.2) 0.1 (0.1) (41) (2) (4044)

 Reserve/National Guard
3

0.6 (0.3) 0.1 (0.1) (8) (2) (625)

  All 0.7 (0.2) 0.1 (0.0) (49) (4) (4669)

LS1/LS2 combined

 Separated 1.0 (0.1) 0.1 (0.0) (103) (13) (7738)

 Reserve/National Guard
3

1.1 (0.3) 0.2 (0.1) (16) (4) (1161)

  All 1.0 (0.1) 0.1 (0.0) (119) (17) (8899)

Abbreviations: STARRS-LS, Study to Assess Risk & Resilience in Servicemembers-Longitudinal Study; SE, standard error; LS1, STARRS-LS 
Wave 1; LS2, STARRS-LS Wave 2.

1
See the text for a description of weighting.

2
Weighted to correct for nonresponse bias.

3
No longer on orders or activated.

4
LS2 respondents who reported a suicide attempt at any time in the 12 months before the LS1 survey were excluded from the LS2 sample for 

purposes of this analysis.
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Table 3.

Reported 12-month suicide attempt by ventiles of predicted risk in the test sample (n=2671)
1

Distribution
2

Sensitivity (SN) Positive Predictive Value (PPV)

Within-Ventile Cumulative Within-Ventile Cumulative

Risk Ventile
3

% (SE) SN (SE) SN (SE) PPV (SE) PPV (SE)

 1 8.8 (0.9) 30.4 (10.7) 30.4 (10.3) 3.5 (1.4) 3.5 (1.4)

 2 3.2 (0.5) 6.9 (3.0) 37.3 (11.1) 2.2 (0.9) 3.1 (1.1)

 3 13.1 (0.8) 27.4 (9.8) 64.6 (12.7) 2.1 (0.8) 2.6 (0.7)

 4 4.7 (0.5) 6.9 (4.3) 71.5 (13.0) 1.5 (0.9) 2.4 (0.6)

 5 5.0 (1.0) 1.0 (0.7) 72.5 (13.1) 0.2 (0.1) 2.1 (0.5)

 6–20 65.1 (1.5) 27.5 (13.1) 100.0 (0.0) 0.4 (0.3) 1.0 (0.1)

Abbreviations: SE, standard error.

1
The n=2671 respondents in the test sample represent roughly 30% of the n=8899 in the total sample, including n=35 of the n=119 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.

2
As the thresholds defining ventiles of predicted risk were based on the training sample, the proportions of test sample respondents in each ventile 

do not equal 5%.

3
Defined in terms of thresholds in the calibrated training sample to separate the sample into 20 subsamples of equal size rank ordered in terms 

predicted risk.
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