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Abstract

Background: The period after psychiatric hospital discharge is one of elevated risk
for suicide-related behaviors (SRBs). Post-discharge clinical outreach, although
potentially effective in preventing SRBs, would be more cost-effective if targeted at
high-risk patients. To this end, a machine learning model was developed to predict
post-discharge suicides among Veterans Health Administration (VHA) psychiatric
inpatients and target a high-risk preventive intervention.

Methods: The Veterans Coordinated Community Care (3C) Study is a multicenter
randomized controlled trial using this model to identify high-risk VHA psychiatric
inpatients (n = 850) randomized with equal allocation to either the Coping Long
Term with Active Suicide Program (CLASP) post-discharge clinical outreach inter-
vention or treatment-as-usual (TAU). The primary outcome is SRBs over a 6-month
follow-up. We will estimate average treatment effects adjusted for loss to follow-up
and investigate the possibility of heterogeneity of treatment effects.

Results: Recruitment is underway and will end September 2024. Six-month follow-
up will end and analysis will begin in Summer 2025.

Conclusion: Results will provide information about the effectiveness of CLASP
versus TAU in reducing post-discharge SRBs and provide guidance to VHA clinicians
and policymakers about the implications of targeted use of CLASP among high-risk

psychiatric inpatients in the months after hospital discharge.
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Clinical trials registration: ClinicalTrials.Gov identifier: NCT05272176 (https://
www.clinicaltrials.gov/ct2/show/NCT05272176).
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1 | INTRODUCTION

Suicide is the 12th leading cause of death in the US (CDC's WIS-
QARS™, 2020). The great majority of suicides occur among people with
psychiatric disorders (Arsenault-Lapierre et al, 2004; Favril
et al,, 2022). Among patients in treatment for mental disorders, those
recently discharged from psychiatric hospitalization have highest
suicide risk (Ahmedani et al, 2019; Chung et al, 2017; Krause
et al.,, 2020), with the roughly 1% of US adults discharged annually from
psychiatric hospitalizations accounting for approximately 14% of all
suicides (Chung et al., 2017). Interventions involving proactive,
structured clinical outreach can reduce these post-discharge suicides
(Matarazzo et al., 2017; Miller et al., 2016, 2017; Stanley et al., 2018).
However, such interventions can be labor-intensive and would be
more cost-effective if delivered exclusively to high-risk patients. Based
on this realization, machine learning (ML) models using electronic
health records have been developed to predict suicides occurring after
psychiatric hospital discharge (Kessler, Bauer, et al., 2020; Kessler
etal.,, 2015; Nielsen et al., 2023). Based on the strength of such a model
developed in the Veterans Health Administration (VHA) system
(Kessler et al., 2023), a randomized controlled trial was launched to
evaluate the effects of a proactive, structured clinical outreach inter-
vention in preventing suicide-related behaviors (SRBs) after discharge
among VHA inpatients defined as high-risk by the ML model (U.S.
National Library of Medicine, 2022). SRBs are defined as either suicide
deaths, deaths that may be potentially suicidal (e.g., opioid overdose,
other substance-related deaths), or nonfatal suicide attempts recor-
ded in VHA administrative records or self-reported in follow-up sur-
veys of the sample. The current report describes the methods of this

Veterans Coordinated Community Care (3C) Study.

2 | MATERIALS AND METHODS

2.1 | Purpose

The purpose of 3C is to determine whether adding the Coping Long
Term with Active Suicide Program (CLASP; Miller et al., 2016, 2017,
2022) to treatment-as-usual (TAU) reduces SRBs relative to TAU in
the 6 months after hospital discharge among veterans at high risk for
suicide following discharge from inpatient psychiatric care. CLASP is
a remote, moderate-intensity (15-45 min clinical telephone or tele-
health outreach contacts with decreasing frequency over 6 months),
adjunctive intervention (i.e., one that can be delivered even when

patients are receiving psychotherapy and medication management

from other mental health professionals) designed to be delivered by
trained and supervised masters-level mental health clinicians and
clinical social workers. CLASP, which is described in greater detail in
a recently published treatment manual (Miller et al., 2022), was
developed through an iterative approach consistent with the stage
model of treatment development (Rounsaville et al., 2001). Early
clinical trials (Miller et al., 2016) and subsequent evaluation in the
large, multi-site Emergency Department Safety Assessment and
Follow-up Evaluation (ED-SAFE) study (Miller et al., 2017) support its
effectiveness for the reduction of suicide behaviors among civilian
samples in the 6-12 months after hospital discharge. As noted above,
we define SRBs as either suicide deaths, deaths that may be poten-
tially suicidal (e.g., opioid overdose, other substance-related deaths),
or nonfatal suicide attempts recorded in VHA administrative records
or self-reported in follow-up surveys of the sample. Secondary out-
comes include patient self-reports of suicide ideation, plans, and

intent in 6-month follow-up surveys.

2.2 | Primary and secondary aims

The primary aim of 3C is to estimate aggregate effects of CLASP. Yet
the threshold for determining who might benefit most from CLASP
should be based on information about the strength of the association
between CLASP and SRBs rather than on concentration of risk. Hence,
it would be useful to investigate the possibility that the effects of
CLASP might vary depending on patient characteristics. Based on this
reasoning, the secondary aim of 3C is to carry out an exploratory
analysis of heterogeneous treatment effects (HTEs). If the effects of
CLASP are found to vary significantly depending on administrative and
self-report information available for patients prior to randomization, a
graphic representation will be developed to help guide clinical

decision-makers in determining an optimal intervention threshold.

2.3 | Design

A previously developed VHA post-discharge ML risk model is used to
target 3C randomization (Kessler et al., 2023). This model uses
electronic health record (EHR), administrative, and residential geo-
code data as input. We created a protocol to make these data
available within 24 h (for admissions Monday to Thursday) or 72 h
(for admissions Friday to Sunday) of each new VHA admission to any
of the psychiatric inpatient recruitment sites. A flag for patients
predicted by the ML model to be at high risk of post-discharge


https://www.clinicaltrials.gov/ct2/show/NCT05272176
https://www.clinicaltrials.gov/ct2/show/NCT05272176

WEINSTOCK ET AL

WILEY__|__3°f%

suicide is then sent by secure file transfer to the project research
assistant (RA) at the participating unit. After obtaining permission
from the treatment team to approach eligible patients, the RA ex-
plains the study to the patient and then seeks informed consent. The
RA then administers a computerized baseline self-report question-
naire to consenting patients. If unable to approach the patient in the
unit prior to discharge due to time constraints, the RA attempts to
approach the patient remotely within 10-business days post-
discharge.

Randomization is then carried out automatically by computer
with equal allocation between arms and systematic sampling within
centers blocking on level of predicted risk. Information on whether
the patient is assigned to the intervention or control group is
conveyed electronically to the RA, who notifies participants of their
assignment to a CLASP Advisor, a masters-level mental health clini-
cian or clinical social worker, who delivers an adjunctive, telephone-
based outreach intervention designed to reduce SRBs among in-
dividuals at high risk during acute care transitions (Miller
et al., 2022). CLASP clinicians are referred to as Advisors rather than
therapists to distinguish them from the psychotherapists that many
patients have independent of the CLASP intervention. In the current
study, patients are also given the flexibility to participate in sessions
by a Veterans Affairs (VA) Central IRB (CIRB)-approved video tele-
health platform. Intervention content is discussed in more detail
below in Section 3. The initial two to three remote CLASP sessions
occur while patients are on the inpatient unit, scheduled with the
assistance of the site RA, but may happen immediately after hospital
discharge if more feasible, similar to CLASP implementation in ED-
SAFE (Miller et al.,, 2017).

Another unique element of CLASP is the opportunity for patients
to identify and include a supportive significant other (SO) for optional
participation, to enlist their support in working toward treatment
goals, at specific time points. If so, the CLASP Advisor communicates
not only with the patient but also with the SO either in joint sessions
or in separate sessions, always keeping the patient informed if
separate sessions occur with the SO. CLASP delivery for patients
(and SOs, if participating) continues through 6 months after hospital
discharge; at the end of this period, patients in both arms are
administered an online or telephone (depending on patient prefer-
ences) questionnaire that assesses self-reported outcomes. VHA
administrative data are combined with self-report outcomes data to
create consolidated outcomes for analysis. The Department of Vet-
erans Affairs (VA) Central IRB (CIRB) maintains regulatory oversight
over the 3C study protocol, which is further monitored by an inde-
pendent Data Safety and Monitoring Board comprised of experts in
suicide prevention, veterans' mental health, clinical trials methodol-

ogy, and biostatistics.

2.4 | Eligibility

As noted above, eligibility is determined by scores on an ML risk

model. The threshold for this model was initially set to include only

the 15% of patients with highest predicted risk, which captured close
to 50% of all the suicide deaths in the development test sample. The
threshold was then lowered temporarily in response to changes in
hospital admission rates over the recruitment period to maintain a
steady volume of work for the CLASP Advisors. As such changes can
affect intervention effectiveness, information about threshold
changes is being included in the predictor set for the analysis of
heterogeneity of treatment effects. This analysis phase is described
in Section 6.2.2.

2.5 | Inclusion and exclusion criteria

Inclusion criteria are being a veteran age 18+ in inpatient psychiatric
VHA treatment, meeting the high-risk threshold of the ML model,
and having access to a telephone after discharge. Exclusion criteria
are impaired decision-making capacity to provide informed consent,

limited English language proficiency, and terminal illness.

2.6 | Statistical power
The target sample is n = 850 patients completing the baseline
assessment and enrolling in the intervention (n = 425 per arm). The
sample size was determined by a power analysis that used as input: (i)
an estimated 6-month SRB prevalence of 22% in the total inpatient
population based on observational studies in high-income countries
that followed suicidal psychiatric inpatients 6-months after hospital
discharge (Azcarate-Jiménez et al., 2019; Teti et al., 2014); (ii) an
estimate that this prevalence will be increased to 37.2% in our
sample taking into consideration the strength of our prediction model
in previous observational studies (Kessler, Bauer, et al., 2020; Kessler
et al.,, 2023) and our study's focus on high-risk patients; (iii) estimates
from previous research suggesting that CLASP is associated with a
30%-50% reduction in SRBs (Miller et al., 2016, 2017); and (iv) the
assumption that we will have a 25% loss to follow-up. It is note-
worthy that we did not use VHA data on 6-month prevalence of
administratively recorded SRBs for the first of these four estimates,
because we know from previous research that administrative records
substantially under-report SRBs (Nock et al., 2008). This is also the
reason we are carrying out follow-up surveys with patients to learn
of self-reported (and in some cases informant-reported, when the
patient is deceased) SRBs rather than relying exclusively on VHA
administrative records about SRBs.

Taken together, these inputs suggest that the outcome rates will
be 18.6%-26% for patients randomized to CLASP (i.e.,, 37.2 x 0.50-
0.70) compared to 37.2% for controls. We seek 0.8 power to detect
the lower end of this range of effects using a 0.05-level two-sided
test. Power analysis using the standard calculations for a two-
sample z test of proportional differences (Chow et al, 2017)
showed that we will need n = 318 patients per arm to achieve 0.8
power. However, with adjustment for loss to follow-up (i.e., 318/.75),

we will need n = 425 patients per arm enrolled in the study. This was
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the basis for setting the target sample size for the trial as 850 pa-
tients enrolled in the trial with equal allocation between cases and
controls.

The trial was not powered to detect HTE, as this was a secondary
aim. It is noteworthy, though, that power analyses for HTE are
complex because they require simulation. Luedtke et al. (2019) car-
ried out a simulation of this type to evaluate HTE for differential
effects of treatments for major depressive disorders across patients
assuming population-level average treatment effects similar in
magnitude to those assumed here. Results showed that 0.7-0.8 po-
wer to detect HTE in a plausible range for such effects would require
a sample of n = 300-500 patients per arm. We consider these results
relevant to our trial given the comparable expected effect size and
range of predictors. Our sample size is somewhat above the midpoint

of the sample size range suggested by Luedtke and associations.

2.7 | Randomization

The computerized randomization scheme implements equal allocation
between arms within medical centers blocked on level of predicted
risk. Blocking was done by defining a series of stratification cells for
level of predicted risk, randomizing the first patient in each cell to
either the intervention or control arms within each hospital using a
Hadamard matrix that balanced selections across the combination of
cells and hospitals to force balance, and then using sequential allo-
cation within hospital and cells for subsequent assignments. Seven
VHA medical centers are participating in 3C: Boston, Central
Arkansas, Minneapolis, Nashville, North Texas, Pittsburgh, and St.
Louis (Table 1). Study enrollment started in these centers between
January 11, 2022 (St. Louis) and August 14, 2023 (Nashville).

2.8 | Consent

As noted above, informed consent is obtained by the recruitment site
RA after the treatment team provides permission to approach the
patient. The RA further evaluates patient decision-making capacity to

TABLE 1 Veterans Health Administration centers
participating in Veterans Coordinated Community Care Study
with start dates of recruitment.

Center Start date
Boston 09/27/22
Central Arkansas 04/25/22
Minneapolis 02/14/22
Nashville 08/14/23
North Texas 02/07/22
Pittsburgh 06/13/22
St. Louis 01/11/22

provide informed consent before explaining study aims and proced-
ures. The RA emphasizes to patients that participation is voluntary,
that patients are free to withdraw from the study at any time, and
that decisions about participation and withdrawal will have no effect
on current or future patient treatment or eligibility for other VA
services. As required by the VA CIRB as part of the informed consent
process, patients sign a separate Health Insurance Portability and
Accountability Act Authorization Form allowing the study staff to
access their Protected Health Information (PHI) for research pur-
poses. Patients who choose to provide informed consent for partic-
ipation provide a digital signature through DocuSign, after which a
printed copy of the signed informed consent document is provided.
For those who request additional time to consider their participation,
written materials providing this same information are left with pa-
tients to review. As SOs are identified through a collaborative dis-
cussion between the patient and CLASP Advisor in the early CLASP
sessions, the informed consent process with SOs is conducted
verbally by CLASP Advisors over the telephone, facilitated by an IRB-

approved waiver of written informed consent.

3 | INTERVENTION DESCRIPTION

As described in greater detail in prior publications (Miller et al., 2016,
2017) and the published treatment manual (Miller et al, 2022),
CLASP is an adjunctive, telephone-based outreach intervention
designed to reduce SRBs among individuals at high risk during acute
care transitions (Miller et al., 2022). In 3C, patients have the flexi-
bility to participate in sessions by telephone or a VA CIRB-approved
video telehealth platform. To enhance potential scalability for future
implementation, CLASP was designed to be delivered by masters-
level mental health clinicians and clinical social workers. As an
intervention that is delivered as an adjunct to unrestricted routine
care, the clinicians who deliver CLASP are referred to as CLASP
Advisors to minimize confusion between the CLASP providers and
the patient's routine care providers.

In 3C, CLASP Advisors are recruited from VA and civilian mental
health settings. Although employed per diem for purposes of facili-
tating the research aims, the CLASP Advisors are nevertheless
selected on the basis of having credentials (i.e., minimum of a masters
degree in a mental health or related field, experience working with
those at risk for suicide) that would be similar to those of clinicians
employed in VHA settings, which is where we would anticipate
CLASP being implemented should it be found effective. The 3C
CLASP Advisors receive training and certification prior to interven-
tion delivery with ongoing supervision and fidelity monitoring
throughout the study period. To facilitate the latter, sessions are
recorded through a secure audio recorder with storage behind the
VA firewall. A random sample of 10% of the session recordings are
independently reviewed and rated on the CLASP fidelity rating scale
available in the published treatment manual (Miller et al., 2022).

CLASP centers on a series of sessions with patients and sup-

portive SOs identified by patients. As described in greater detail in
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the published treatment manual (Miller et al., 2022), these initial
sessions focus on orientation to CLASP, the role of the SO in care,
risk and needs assessment, safety planning, and identification of post-
discharge goals, grounded in an exploration of personal values. These
goals are documented in what is referred to as the patient's Life Plan,
which is a written plan organized such that the patient's values are
mapped onto short-term goals, with articulated action steps to take
toward those goals. The third session includes orientation of the SO
to CLASP and review of the Life Plan to enlist support toward goals
from the SO after discharge. If the patient is unable or unwilling to
identify an SO for participation, CLASP proceeds according to the
standard schedule, but without the SO sessions. In ED-SAFE, for
example, only 20% of the participants in the CLASP arm had a
participating SO, yet there was nevertheless a significant reduction in
suicide behaviors over the 52-week follow-up (Miller et al., 2017).
Following discharge, patients (and SOs, if included) are contacted for
up to 11 brief (10-15 min) contacts over 6 months, which are focused
on ongoing risk assessment (and triage if needed), a review of
progress toward goals, and encouraging and problem-solving around
engagement with routine care, with contacts weekly for the first
month, biweekly for 2 months, and monthly for the final 3 months.
One direct benefit to delivering this program within a VHA closed
system of care is that CLASP Advisors can document contacts within
the EHR to further enhance coordination of care among routine VHA
providers.

Previous research has shown that significant reductions in SRBs
associated with CLASP occur not only in the original hybrid in-per-
son/telephone-based version of the intervention (Miller et al., 2016)
but also in the fully remote telephone-based intervention similar to
that used in 3C (Miller et al., 2017). It is noteworthy that CLASP was
previously piloted with mixed results in one VHA setting (Primack
et al.,, 2022). Given the pilot trial design, and the robustness of VHA
TAU (see below), the mixed results found in this pilot may have been
a function of the small sample. Further, inclusion in that pilot study
was not based on risk determined by an ML algorithm but rather
patient response to a research questionnaire.

In 3C, we will compare outcomes from those assigned to CLASP
versus those who receive TAU-alone. Given that SO participation will
be variable across patients, and may impact outcomes, the presence/
absence of an SO in the CLASP intervention will be included in the
HTE analyses. When using TAU as a comparator, it is important to
delineate what TAU entails, enhancing the ability to extrapolate re-
sults to other settings. It is noteworthy that post-discharge TAU in
VHA is generally well-defined, has clear practice guidelines, and often
includes some combination of medication management, psychother-
apy, chart flags, and monitoring (Nurjannah et al., 2014). However,
this protocol can vary across treatment centers and across patients
within centers based on either administrative decisions or staffing
constraints. We will carefully document TAU in our analysis to help

provide context for interpreting effects of CLASP.

4 | MEASUREMENTS

4.1 | Baseline administrative and geospatial data
The ML model used to predict suicide risk in the population is based
on VA EHR and other administrative data and geospatial data about
patient residential neighborhoods. The four broad classes of variables
in those models will be linked to the 3C database both as control
variables and to be included among the predictors in the HTE anal-
ysis: (i) psychopathological risk factors (diagnoses, treatments, suici-
dality), including information about these variables during the
hospitalization; (ii) physical disorders and treatments, including
counts of prescribed medications classified by the Federal Drug
Administration as increasing suicide risk; (iii) facility-level quality
indicators (e.g., inpatient staff turnover rate) over the 12 months
prior to the date of the hospitalization; and (iv) indicators of Social
Determinants of Health at both the patient-level (from ICD-9/10-CM
codes and socio-demographic information) and at the geospatial-
level as of the month before the hospitalization. A detailed descrip-
tion of these variables is available elsewhere (Kessler, Bauer,
et al., 2020; Kessler et al., 2023).

4.2 | Baseline patient self-report assessment

The baseline self-report assessment was designed to obtain patient
reports about a wide range of variables found in previous research to
predict SRBs beyond the information included in EHR, administrative
and geospatial data (Franklin et al, 2017; Holliday et al., 2020;
Klonsky et al., 2016; Nock et al., 2013). The eight domains of these
self-report predictors include demographics, self-injurious thoughts
and behaviors, psychopathological risk factors, personality/tempera-
ment, physical health, exposure to recent and lifetime stressors, so-
cial networks and supports, and other covariates and social
determinants of health (military service, homelessness, firearm
ownership). The assessment also obtains baseline scores on a study-
specific aggregate outcome measure that we refer to as the 3C Sui-
cidal Ideation and Functioning Outcome Measure. This measure
consists of selected items from the Columbia-Suicide Severity Rating
Scale (C-SSRS; Posner et al., 2011), Self-Injurious Thoughts and Be-
haviors Interview (SITBI; Fox et al., 2020), Suicidal Behaviors Ques-
tionnaire (SBQ; Osman et al., 2001), P4 Screener (Dube et al., 2010),
Suicide Attempt Beliefs Scale (SABS; Siddaway et al.,, 2019), Brief
Reasons for Living Inventory 10-item version (BRLI-10; Cwik
et al, 2017), Suicide-Related Coping Scale (SRCS; Stanley
et al., 2017), and Acquired Capacity for Suicide Scale (ACSS; Van
Orden et al.,

Information S1: Appendix A) takes approximately 45 min to complete.

2008). The baseline assessment (Supporting

Participants are compensated with a $40 gift card for completing this

assessment.
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4.3 | Outcome assessment

As noted above, the primary outcome is SRBs in the 6 months after
discharge. The great majority of these will be nonfatal suicide at-
tempts, which will be assessed both in VHA administrative records
(ICD-10-CM Codes T14.91 and X60-84) and in patient self-reports
obtained in a 6-month follow-up survey. The definition of attempts
will include aborted attempts and interrupted attempts. However, we
will also learn of some deaths from informant reports during phone
calls in which we attempt to carry out follow-up interviews. VA also
maintains a repository of information about known deaths that we
will be able to refer to for patients for whom we are unable to make
contacts for follow-up interviews. Although this death repository
does not record cause of death, it might be possible to make this
determination for the participating patients recorded as being
deceased by screening newspapers of record in the communities
where patients lived or other means. We will explore such options
before carrying out final data analyses. The secondary outcome will
include self-reports in the 6-month outcome assessment of the
baseline 3C Suicidal Ideation and Functioning Outcome Measure. The
outcome assessment (Supporting Information S1: Appendix B) takes
approximately 30 min to complete. Participants are compensated
with a $60 gift card for completing this assessment. We hope sub-
sequently to follow patients longer than 6 months through VHA
administrative records with VA CIRB approval, but our current

funding is limited to a 6-month follow-up period.

5 | SAFETY MONITORING AND RELATED
PROTOCOLS

There are numerous procedures in place for careful monitoring of
safety and suicide risk in the 3C study, especially at the baseline and
6-month follow-up time points. The baseline assessment, which oc-
curs on the psychiatric inpatient unit, does not include assessment of
current (i.e., on the unit) suicidal thoughts and behaviors (only those
prior to hospital admission). However, procedures are in place to
respond to a spontaneous disclosure of current (i.e., past 48 h) sui-
cidal thoughts or behaviors, such that the study RA will notify the
participant's inpatient treatment team of the disclosure.

During the 6-month follow-up assessment, certain criteria are in
place to determine whether someone requires additional clinical
attention at the “lower risk” and the “higher risk” thresholds.
Importantly, these post-randomization risk thresholds assigned for
patients for the purposes of ongoing safety monitoring are distinct
from the pre-randomization predicted risk threshold that is used to
determine eligibility for the intervention. The lower post-
randomization risk threshold is defined by the endorsement during
the follow-up assessment of any of the following within the past
week: wish to be dead, non-specific active suicidal thoughts, and/or
active suicidal ideation without a plan or intent to act. Further, if the
participant endorses suicide behaviors (i.e., actual, interrupted, or

aborted attempts, and/or preparatory acts) since the last assessment

—but not within the past week—a lower risk safety protocol is trig-
gered. If a participant meets the specified lower risk threshold, they
are provided with a list of clinical supports and resources (including
the Veterans Crisis Line; VCL). This resource list is provided either
through an automated pop-up screen, if the participant completed
the assessment online, or verbally from the assessment RA if the
participant completed the assessment by telephone. Qualtrics, which
is used for survey data collection, is programmed to send email
notification to the study investigators and staff responsible for safety
risk monitoring when a participant's assessment response reveals a
lower risk threshold. No further follow-up is required for those who
meet this lower risk threshold on the safety monitoring protocol.

The higher post-randomization risk threshold for patients is
defined by the endorsement during the follow-up assessment of any
of the following within the past week: active suicidal ideation with
some intent to act (but with no plan), active suicidal ideation with a
plan, and/or active suicidal ideation with a plan and intent to act.
Further, if the participant endorses suicidal behaviors (i.e., actual,
interrupted, or aborted attempts, and/or preparatory acts) in the past
week, a higher risk safety protocol is triggered. If the participant
meeting this higher risk threshold has completed the assessment
online, they are presented with an automated pop-up message that
offers resources (including the VCL) and a statement that a study
team member or VCL clinician will contact them to follow-up within
24 business hours. The study investigators and staff responsible for
safety risk monitoring are immediately notified through the auto-
mated Qualtrics email alert, and will initiate telephone outreach with
risk assessment, referral, and emergency triage, as needed. If the
participant who met the higher risk threshold completed the
assessment on the telephone, the RA will offer resources and initiate
a warm transfer to the VCL for immediate assessment and triage. If
the call becomes disconnected or the participant hangs up at this
time, the RA will call the VCL and request that they directly outreach
and complete the follow-up with the participant.

Finally, for those randomized to CLASP, participants are in regular
contact with CLASP Advisors who conduct routine risk assessment as
part of their intervention contacts. CLASP Advisors are trained to
manage clinical risk and do so using their clinical judgment. However,
should they determine that further assessment and emergency triage
is required, they are trained to facilitate a warm or other transfer to
VCL for further assistance. One benefit of coordination with VCL to
conduct safety follow-up and additional clinical management, as
needed, is that the VCL clinician will document the encounter and
dispositionin the patient's medical record, so that study staff may learn
of the outcome of the call. All adverse events (AEs) and serious adverse
events (SAEs) during study participation, including mental health or
substance-related inpatient hospitalization, suicide attempt, or death,
are systematically documented in REDCap and reported to the IRB and
the Data and Safety Monitoring Board (DSMB), with timelines deter-
mined by their expectedness and relatedness to the study. For
example, those events that are determined to be unrelated and ex-
pected (i.e., a suicide attempt in a sample selected to be at risk for

suicide) are reported and reviewed annually to the IRB and on a
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biannual basis to the DSMB. Those events that are determined to be
related and/or unexpected are reported within five business days. If
the event is a death that is determined to be related and/or unex-
pected, the IRB and DSMB are immediately notified.

6 | STATISTICAL ANALYSIS

6.1 | Aim1

The primary endpoint for Aim 1 will be any SRB over the 6 months
after hospital discharge. The causal parameter to evaluate this effect
will be the Adjusted Risk Difference (ARD) of outcome prevalence in
the intervention group versus the TAU control group, where the
adjustment will be for randomization imbalance and systematic loss
to follow-up. As noted above, we expect ARD to be in the range
18.6%-24.9%. The secondary endpoint will be the occurrence of
broader suicidality (i.e., ideation, plan, and intent) over the same
follow-up period. Analysis will be from an intention-to-treat
perspective. Per National Research Council recommendations and
subsequent commentaries (Groenwold et al., 2014), we will use a
doubly robust estimation method to adjust for residual confounding
and informative loss to follow-up with a missing at random (MAR)
assumption. We will then do sensitivity analyses to evaluate the MAR
assumption using two MAR methods: selection modeling (Little &
Rubin, 2019) and pattern mixture modeling with a mean offset (Lit-
tle, 1994). The doubly robust method used will be targeted minimum
loss-based estimation (TMLE; Gruber & Laan, 2012) implemented in
the tmle3 R package (Coyle, 2021). This is a semi-parametric method
that places minimal assumptions on the data distribution by pooling
estimates across a set of flexible ML algorithms. In addition, the
TMLE secondary targeting step optimizes the bias-variance trade-off
for the causal parameter.

62 | Aim2

6.2.1 | Risk models

Two approaches exist to study HTE: risk modeling and effect modeling.
In risk modeling, a model to predict the clinical outcome is developed
for “base risk” either in an observational sample prior to imple-
menting a trial or in an entire trial sample ignoring treatment
assignment. This risk modeling approach is what we did in the ML
model that we developed to determine which inpatients are high-risk
for post-discharge suicide. The base risk estimate in this model is
then assigned to each patient in the trial regardless of treatment
assignment and used to define subgroups for investigating whether
aggregate absolute intervention effects vary with base risk (Kent
et al., 2016). The assumption underlying this approach is that some
patients have low risk of SRBs even in the absence of treatment, in
which case the intervention is unlikely to have a large absolute effect

(unless the intervention is harmful). The strength of risk modeling is

that it provides a stable estimate of variation in ARD that will often
be a strong, although not optimal, predictor of HTE. Consistent with
this thinking, a recent secondary analysis of 32 large clinical trials
(primarily in cardiology) found that most trials with significant ARD
also had significant HTE, where highest ARD usually occurred among
patients with highest base risk and lowest ARD among patients with
lowest base risk (Kent et al., 2016). Some of these associations were
striking. For example, in the RITA-3 trial of early intervention versus
usual care for unstable angina, more than half the significant aggre-
gate treatment effect was due to an extremely strong effect among
the one-eighth of patients with highest base risk and there was no
meaningful intervention effect among the 50% of patients with
lowest base risk (Fox et al., 2005).

We will estimate two types of risk models in 3C. The first will
examine variation in ARD as a function of predicted probabilities of
post-discharge suicide from the ML model used to select patients for
the trial. The second will examine variation in ARD as a function of
predicted probabilities of our broader measure of SRBs based on a
new ML model that we will generate in our sample to predict this
outcome. Importantly, information about intervention assignment
will not be included in the predictor set for this model. The super
learner stacked generalization ML method (van der Laan et al., 2007)
will be used to estimate this prediction model. Ten-fold cross-vali-
dation will be used to avoid over-fitting. The same doubly robust
approach as in Aim 1 will be used to adjust for loss to follow-up in

estimating model coefficients.

6.2.2 | Effect models
Whereas risk models estimate a single interaction between the
composite predicted risk score and treatment types to evaluate HTE,
effect models estimate a separate interaction for each one of hy-
pothesized prescriptive predictors in a multivariable model (where
the risk model score may or may not be one of the predictors) and
then combine the significant interactions to create an individualized
treatment rule (ITR). The ITR typically is created by using counter-
factual logic to compute two predicted probabilities of the outcome
for each patient from a multivariable model that includes numerous
interactions. The first predicted outcome probability assumes the
patient was assigned to CLASP + TAU. The second assumes the
patient was assigned to TAU-alone. These two within-person pre-
dicted probabilities are then subtracted to create an individual-level
estimate of ARD referred to as the conditional average treatment
effect (CATE; Kovalchik et al., 2013). In more sophisticated versions
of effect modeling, this set of within-person predicted difference
scores is then treated as an outcome in a second model that uses
doubly robust methods to optimize the bias-variance trade-off in
estimating CATE. The individual-level predicted outcome scores
based on this second model is the final estimate of CATE (Vander-
Weele et al., 2019).

The strength of effect modeling is that it has the potential to

create an optimal characterization of HTE. However, there is also a
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greater likelihood than in risk modeling of instability because of
estimating many interactions (van Klaveren et al., 2019). This prob-
lem is exacerbated when data-driven methods are used to search for
interactions, as this leads to the great majority of detected in-
teractions being false positives unless methods are used to reduce
over-fitting. The need to protect against over-fitting in building data-
driven models makes it important to use methods that evaluate ML
methods (i.e., sample splitting) even when simple linear interaction
algorithms fit the data as well as more complex specifications (Van-
derWeele et al., 2019).

Based on these considerations, we will use a relatively simple ML
modeling approach, causal forests (Athey et al., 2019), to estimate
CATEs in 3C. Causal forests is a doubly robust extension of random
forests (Breiman, 2001) designed specifically to evaluate the exis-
tence of treatment heterogeneity. This is done by estimating pro-
pensity scores and expected marginal outcomes given baseline
covariates, and then estimating CATEs via a localized partial linear
modeling estimator that orthogonalizes out the propensity score and
marginalized outcome estimates to generate separate counter-
factual predicted outcome probabilities for each patient based on
the ensemble of trees in the forest (Athey & Wager, 2019; Nie &
Wager, 2021). Implementation of causal forests will be carried out
with the grf R package (Tibshirani et al., 2022). CATEs will be esti-
mated with 10-fold cross-validation and their performance evaluated
using the same logic as in the risk modeling analysis: by estimating a
regression equation with three predictors consisting of a dummy
variable for treatment assignment, the estimated CATE, and an
interaction between treatment assignment and estimated CATE to
predict treatment outcome. The existence of a significant interaction
in this model will then be used to determine whether significant HTE
exists in the effects of CLASP in the high-risk sample in which the
trial is being implemented.

One special consideration in estimating CATE concerns the fact
that only a subset of patients nominates a SO to participate in
CLASP. It is of interest to know whether CLASP ARD is influenced by
the presence or absence of an SO. As we noted above in Section 3,
the SO is assigned only after randomization and only in the inter-
vention group, making it impossible to use conventional experimental
methods (which could be used if an opportunity to select an SO was
made available only to a probability subsample of patients in the
CLASP arm) or conventional subgroup analysis methods (which could
be used if an opportunity to select an SO was randomized in both the
intervention and TAU control groups) to evaluate the effect of having
an SO. As a result, we will instead use a method that assigned a
predicted probability of selecting an SO to each participant in both
the CLASP arm and the TAU arm and use that predicted probability
as a specifier to examine the effects of having an SO. This method
requires the development of a prediction model in the intervention
arm that uses information obtained from all respondents, both cases
and controls, prior to randomization to predict whether patients in
the intervention arm selected a SO, and the assignment of this pre-

dicted probability in a cross-validation framework to each case and

each control based on this model (Dunn & Bentall, 2007). Cross-
validation is necessary in assigning predicted probabilities in the
intervention group to make sure the predicted probability is not
over-fitting the outcome in the intervention arm than the control
arm. Any type of model can be used for this purpose, but we will use a
random forest model (Breiman, 2001) given that we are using an
extension of random forests to estimate CATE. Once the predicted
probability of selecting an SO is available, it can be used as a specifier
in a conventional interaction model that evaluates variation in CLASP
ARD as a function of predicted probability of SO. Or the predicted
probability of selecting an SO can be included as a composite pre-

dictor variable in the causal forests analysis.

6.2.3 | Graphic representation of HTE results

We noted above that risk model results are often presented by
estimating ARD within subsamples defined by ranges on the aggre-
gate risk score. CATE can be presented in the same fashion. How-
ever, as CATE is defined at the level of the individual patient, it can
also be graphed as a continuous score (e.g., Kessler, Chalker,
et al,, 2020). An especially useful way to do this is by generating a
decision curve (Fitzgerald et al., 2015) to determine an optimal
intervention threshold taking into consideration the minimal CATE
needed to justify implementing the intervention based on informa-
tion about strength of the intervention effect, intervention costs, and
the value placed on preventing an SRB. We will use this approach to

graph CATE if our analysis finds significant HTE.

7 | DATA MANAGEMENT

The designation of patients as being high-risk based on predicted
probability of suicide from the previously developed ML model is
based on analyses that use R software and are implemented using
the VA Informatics and Computing infrastructure (VINCI). Com-
munications between VINCI and the RA at each local inpatient unit
is carried out using a secure file transfer using MS Teams as the
preferred software of the VA to share PHI. The baseline self-
report assessment is administered with a computer tablet using
Qualtrics software. Qualtrics is also used to administer the 6-
month outcome assessment. CLASP Advisors document patient
outreach and clinical contacts using the VA instance of REDCap.
AEs and SAEs are documented and tracked within REDCap. No
PHI is collected or stored in Qualtrics or REDCap. Consolidated
data management is carried out using SAS software. Data analysis
will use SAS and R software and be carried out at Harvard Medical
School using a deidentified password protected dataset. Categorical
variables will be dummy coded. Quantitative variables will be
standardized to a mean of O and variance of 1. Item-level missing
data will be imputed using multiple imputation by super learning
(Carpenito & Manjourides, 2022).
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8 | LIMITATIONS AND CHALLENGES

We initially recruited a somewhat different set of inpatient units than
those involved in the final study. Some sites were replaced during
their start-up due to difficulties in protocol implementation such as in
recruiting/retaining RAs, coordinating with other ongoing trials, and
in one case, the unit referring patients elsewhere due to a hospital
construction project. We addressed this challenge by adjusting the
threshold for study entry in the remaining sites until new sites were
identified and onboarded.

One additional challenge encountered in protocol implementa-
tion relates to the process of inpatient recruitment, given that some
patients may not be approached until their clinical status has stabi-
lized and the treatment team determines whether the RA can
approach them for informed consent. The VA CIRB prohibits
approach for research consent of patients who are admitted invol-
untarily, which limits the number of otherwise eligible patients. The
pace and structure of care delivery on inpatient units further makes it
difficult to find time and space to speak privately with patients. These
challenges are exacerbated by the fact that up to half of all patients
are admitted over the weekend and the RAs must wait until Monday
for treatment team clearance to approach these patients. The volume
of most inpatient units is too small to justify having a full-time RA on
site, leading to scheduling RAs at times when there typically is
greater access to new admissions who are approved for recruitment
(i.e., Monday to Tuesday). Yet the actual distribution of admissions of
high-risk patients varies widely, resulting in some patients being
discharged before they can be approached by our RAs to seek
informed consent. Given the challenges associated with inpatient
recruitment and that some patients decline participation, we have so
far been able to enroll and randomize only about 25% of high-risk
patients identified by the ML prediction model. However, the time-
line for study enrollment has been calibrated to account for these
challenges to recruitment, further informed by our experience in
prior CLASP trials.

One final challenge encountered in 3C relates to staffing of
CLASP Advisors. When recruitment has slowed, either due to chal-
lenges with onboarding of sites or when the census of all VHA psy-
chiatric inpatient units in 2023 dropped for reasons that up to now
remain unexplained, it can be difficult to keep the CLASP Advisor
caseloads full. Alternatively, during times of enhanced rates of
recruitment, the challenge has been to distribute CLASP Advisor case
assignments without overburdening clinician capacity. Reliance upon
per diem clinicians, with flexible hours, has minimized the impact of
recruitment flow on CLASP Advisor workload. This staffing
arrangement has an added benefit in that we do not pay for clinician
time when caseloads decrease, and they are not engaged in CLASP
outreach or intervention delivery. As described above, we have also
addressed this challenge by adjusting the enrollment threshold to
increase patient flow into the CLASP Advisor caseloads when

recruitment has slowed.

9 | DISCUSSION

3C was funded in July 2020. The COVID-19 pandemic complicated
study initiation and influenced recruitment because the demands of
hospital beds created by the pandemic led to a decrease in inpatient
psychiatric admissions. As a result, recruitment did not begin until
January 2022. We have currently enrolled roughly two-thirds of the
target sample. At the time of this report, the response rate of the 6-
month outcome assessment is excellent (82%). We anticipate, based
on current experience, that enrollment will be completed by
September 2024. Final data processing of the baseline data will begin
at that time. Data processing of the outcomes data will begin once
the 6-month outcome assessments are completed. However, a lag of
several months sometimes occurs in EHR records, so we will continue
to check EHR outcomes data through 9 months after baseline. There
is an even greater lag in accessing VHA death records. As a result, we
will carry out initial analyses focusing only on the EHR and patient
self-report outcomes, with the death record data added once they
become available.

The standard of care for discharge from psychiatric inpatient
units is to develop an outpatient treatment plan for the patient while
they are still in the hospital and then to outreach after discharge to
confirm that the patient is following through in making an initial
contact for the outpatient treatment plan (Nurjannah et al., 2014).
The 3C trial is designed to provide guidance to VHA about the value
of going beyond this basic plan to implement more proactive clinical
outreach and follow-up in the service of preventing SRBs in the
segment of the patient population with highest SRB risk. VA already
has a high-risk suicide prevention program known as the Recovery
Engagement and Coordination for Health—Veterans Enhancement
Treatment (REACH VET) program (U.S. Department of Veterans
Affairs, 2018) that each month uses information based on a different
ML model to target the 0.1% of VHA users with highest predicted
imminent (30-day) suicide risk for outreach and case management.
The ML model on which REACH VET is based found that approxi-
mately 2% of all VHA suicides occurred among this 0.1% of VHA
users (Kessler et al., 2017). Given that about 1% of VHA users are
hospitalized for a psychiatric disorder per year, the fraction of VHA
users in REACH VET is equivalent to 10% of VHA psychiatric in-
patients. However, approximately 6% of all VHA suicides occur
among the 10% of VHA psychiatric inpatients at highest predicted
risk in this model—approximately 3 times the concentration of risk as
the REACH VET model. The REACH VET evaluation found that
REACH VET does not lead to a significant reduction in suicides,
although it does lead to a modest reduction in nonfatal suicide at-
tempts (McCarthy et al., 2021). The 3C evaluation will allow VHA to
determine whether investment in high-risk prevention might benefit
from more targeted intervention with recently discharged psychiatric
inpatients as one, although possibly not the only, more targeted
segment of the patient population than those identified in the
population-wide REACH VET model.
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