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Abstract

Background. Suicidal behaviors are prevalent among college students; however, students
remain reluctant to seek support. We developed a predictive algorithm to identify students
at risk of suicidal behavior and used telehealth to reduce subsequent risk.
Methods. Data come from several waves of a prospective cohort study (2016–2022) of college
students (n = 5454). All first-year students were invited to participate as volunteers. (Response
rates range: 16.00–19.93%). A stepped-care approach was implemented: (i) all students
received a comprehensive list of services; (ii) those reporting past 12-month suicidal ideation
were directed to a safety planning application; (iii) those identified as high risk of suicidal
behavior by the algorithm or reporting 12-month suicide attempt were contacted via tele-
phone within 24-h of survey completion. Intervention focused on support/safety-planning,
and referral to services for this high-risk group.
Results. 5454 students ranging in age from 17–36 (S.D. = 5.346) participated; 65% female. The
algorithm identified 77% of students reporting subsequent suicidal behavior in the top 15% of
predicted probabilities (Sensitivity = 26.26 [95% CI 17.93–36.07]; Specificity = 97.46 [95% CI
96.21–98.38], PPV = 53.06 [95% CI 40.16–65.56]; AUC range: 0.895 [95% CIs 0.872–0.917] to
0.966 [95% CIs 0.939–0.994]). High-risk students in the Intervention Cohort showed a 41.7%
reduction in probability of suicidal behavior at 12-month follow-up compared to high-risk
students in the Control Cohort.
Conclusions. Predictive risk algorithms embedded into universal screening, coupled with tel-
ehealth intervention, offer significant potential as a suicide prevention approach for students.

Suicide is a leading cause of death among 15–29 year olds worldwide (WHO, 2021). College
students, many of whom are young adults (OECD, 2021), are particularly likely to experience
suicidal thoughts and behaviors (Mortier et al., 2018). Drawing from representative samples in
nine countries, the World Health Organization’s World Mental Health Surveys International
College Student Initiative (WMH-ICS) estimated that 17.2% of students have experienced sui-
cide ideation in the last 12-months, 53.4% of those who thought about suicide developed a
suicide plan, and 22% of those with a plan made a suicide attempt (Mortier et al., 2018).
Furthermore, 30% of students who enter college with a history of suicidal thoughts and beha-
viors will continue to experience these thoughts and behaviors over the following two years
(Kiekens et al., 2022; Mortier et al., 2017a, 2017b). College entrance, therefore, offers a strategic
opportunity for suicide prevention and early intervention to reduce suicide risk.

A complication in providing these interventions is that, despite high clinical need, college
students are less likely than the general public to seek help, even when they perceive a need
(Bruffaerts et al., 2011). A potential solution to low treatment seeking is to conduct universal
screening of incoming students, identify those at high risk of suicidal behavior, and provide
stepped referral to appropriate interventions (Mortier et al., 2018). However, suicide is a com-
plex and multifaceted behavior that is difficult to predict. Commonly studied risk factors (e.g.
prior suicidal thoughts and behavior), when examined in isolation, are unreliable in
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identifying people at greatest future risk (Franklin et al., 2017;
Riberio et al., 2016). In addition, clinical risk assessment practices
that attempt to categorize individuals as high v. low risk based on
past suicidal behavior and psychiatric history (e.g. Manchester
Self-Harm Rule, Cooper, Kapur, Dunning, Guthrie, and Appleby,
2006; ReAct Self-Harm Rule, Steeg et al., 2012) are generally
poor (< 5% accurate) at meaningfully predicting future risk
(Carter et al., 2017; Large et al., 2016; Quinlivan et al., 2016).

Given these limitations, there have been calls to shift focus
from isolating individual risk factors and toward developing mul-
tivariable predictive risk algorithms (Franklin et al., 2017; Riberio
et al., 2016). Such algorithms have been developed to predict sui-
cidal thoughts and behaviors over relatively short follow-up peri-
ods (Kessler et al., 2015; Miché et al., 2020; Mortier et al., 2017b).
For example, Mortier et al. (2017a) developed actuarial algorithms
to identify college students most at risk of suicidal thoughts and
behaviors during the first year of college. Modeling indicated
that targeting the top 10% of at-risk students could capture 51–
66% of first-onset suicidal thoughts and behaviors. There is also
a need to adapt this approach to identify incidence of suicidal
behavior over later years of college.

Locally derived approaches are necessary to accurately identify
and triage college students at high risk of suicidal behavior
(WHO, 2014). Using previously reported procedures (Mortier
et al., 2017a, 2017b), we developed a multivariable predictive
screening algorithm to identify students at risk of upcoming sui-
cidal behavior (i.e. plans and/or attempts) for use in Australian
universities. Our objectives are to describe the development of
the algorithm and evaluate the utility of using the algorithm to
target a telehealth support intervention (Checking On Mental
Health Providing Alternatives to Suicide for Students;
COMPAS-S, Hasking, Chiu, Robinson, Coleman, and McEvoy,
2023) for reducing suicidal behavior and increasing mental health
support for students. We compare intervention outcomes with a
retrospective control cohort who did not receive the intervention.

Method

Participants

Data were collected as part of the Australian arm of the
WMH-ICS (Bruffaerts et al., 2018). In brief, all incoming first-
year students at a large public Australian university were invited
to take part in a baseline survey from 2016 to 2022. All students
were sent an email with a personalized link to the survey with
weekly reminders sent for the first five weeks of semester.
Participants were offered an AUD$10 gift card in acknowledge-
ment of their participation. Students were also invited to complete
a 12-month follow-up survey.

Design

Data from the 2016–2017 cohorts were used to develop the algo-
rithm (Development Cohort, N = 1202; invited N = 7500, 16%
response rate), using data collected at baseline to predict suicide
plan and/or attempt at 12-month follow-up. From 2020–2022,
we integrated the algorithm into the WMH-ICS survey, providing
telehealth support to students identified as being at high risk of
suicide plan or attempt (Intervention Cohort; N = 2592, invited
N = 13500, 19.20% response rate). These students provided base-
line data, received a telehealth assessment within 24 h of complet-
ing the survey, and received a 4-week follow-up call. They then

completed a 12-month follow-up survey. We used baseline data
from the 2018–2019 sample, who did not receive the intervention,
as a retrospective control cohort against which to compare the
impact of this intervention on suicide plan and/or attempt and
treatment access reported in the 12-month follow-up (Control
Cohort: N = 1661, invited N = 10130, 16.40% response rate see
online Supplementary Fig. S1). The samples were representative
of the broader university cohorts (R-indicators: 0.87–0.95).

No students were removed from the study due to suicide risk.
It is worth noting that the algorithm was not designed to identify
students at imminent risk of suicide. Rather it was designed to
identify students who may be at risk of suicide plan and/or
attempt sometime in the coming 12 months. Our program was
designed to intervene with these students before they reach crisis
point. Students in the algorithm development and control cohorts
who reported suicidal ideation in the past 12 months were direc-
ted to a safety planning smartphone application (Melvin et al.,
2019). This gold standard approach to suicide prevention allowed
students to complete their own safety plan, either alone or in con-
junction with a mental health professional.

Measures

The WMH-ICS baseline and 12-month follow-up surveys were
developed by the World Mental Health Survey Consortium.
Further details regarding the survey instruments can be found at:
https://www.hcp.med.harvard.edu/wmh/college_student_survey.php.
The survey was designed to take an average thirty minutes to
complete.

Main outcome: suicidal behaviors
Items from the Self-Injurious Thoughts and Behaviors Interview
(SITBI; Nock, Holmberg, Photos, and Michel, 2007) were used
to assess suicidal ideation, suicide plans, and suicide attempts.
The baseline survey assessed both lifetime and 12-month suicidal
thoughts and behaviors; the 12-month follow-up survey assessed
12-month suicidal thoughts and behaviors. Construct validity and
test-retest reliability for the SITBI have previously been reported
as good to excellent (Nock et al., 2007). Our outcome variable
was suicidal behaviors, operationalized as plans and/or attempt.

Predictive risk algorithm factors
The algorithm included 38 binary variables derived from the
baseline survey (Table 1). These variables were selected based
on their inclusion in the previous risk algorithm developed by
the WMH-ICS team (Mortier et al., 2017a, 2017b), that predicted
the onset of suicidal thoughts. Socio-demographic characteristics
were obtained from the (university redacted for review) adminis-
tration office. We included eleven mental health variables assessed
at baseline. Mental health diagnoses were derived by standard
scoring cut-offs on the Composite International Diagnostic
Interview, 3rd version (CIDI-3.0l Kessler et al., 2004), based on
the number of symptom criteria met. Adverse childhood events
(prior to age 17) were assessed with items from the CIDI-3.0
and the Adverse Childhood Experience Scale (Felitti et al.,
2019). Items from previously developed measures of life events
(Bray & Hourani, 2007; Brugha & Cragg, 1990; Vogt, Rizvi,
Shipherd, & Resick, 2008) assessed stressful events over the past
12-months.

2 Penelope A. Hasking et al.

https://doi.org/10.1017/S0033291723002714 Published online by Cambridge University Press

https://www.hcp.med.harvard.edu/wmh/college_student_survey.php
https://www.hcp.med.harvard.edu/wmh/college_student_survey.php
https://doi.org/10.1017/S0033291723002714


Table 1. Pooled estimates of bivariate and multivariate associations between predictor variables and subsequent suicide plan or attempt

Variable

Prevalence Bivariate model Multivariate model

PARP (%)w(n) w(%) S.E. OR Lower 95% CI Upper 95% CI OR Lower 95% CI Upper 95% CI

Demographic variables

Age > 18 years 739 61.5 0.014 1.223 0.710 2.105 1.443 0.468 4.455 7.535

Low socioeconomic status 291 24.2 0.012 0.819 0.503 1.333 0.854 0.327 2.234 −3.662

Parental educationa 500 41.6 0.014 0.733 0.497 1.081 0.852 0.409 1.774 12.955

Sex (female) 668 55.6 0.014 0.754 0.490 1.159 0.553 0.186 1.644 17.269

Nationality (not Australian) 147 12.2 0.009 0.969 0.426 2.205 0.348 0.081 1.488 1.166

Non-heterosexual sexuality 227 18.9 0.011 2.549 1.665 3.901 1.469 0.585 3.692 14.226

Stressful experiences

Parental psychopathology 602 50.4 0.015 2.613 1.727 3.953 1.390 0.624 3.094 37.492

Physical abuse 282 23.6 0.012 2.937 2.030 4.249 1.089 0.381 3.113 22.694

Emotional abuse 516 43.2 0.014 2.665 1.885 3.767 0.700 0.262 1.871 43.252

Sexual abuse 48 4.1 0.006 2.425 1.068 5.507 1.532 0.261 8.990 2.212

Neglect 225 18.8 0.011 3.781 2.443 5.853 2.218 0.896 5.491 27.444

Illness in family 289 24.1 0.012 1.221 0.825 1.818 0.694 0.321 1.501 3.201

Death in family 224 18.7 0.011 1.21 0.688 2.350 0.887 0.229 3.435 1.391

Betrayal from partner 242 20.2 0.012 2.611 1.670 4.083 2.339 0.888 6.161 18.291

Partner cheating 80 6.6 0.007 2.003 0.843 4.762 0.488 0.062 3.873 3.082

Other betrayal 194 16.2 0.011 2.456 1.412 4.272 1.069 0.349 3.279 11.419

Arguments 257 21.5 0.012 1.918 1.103 3.335 0.641 0.207 1.986 11.514

Life-threating accident 257 21.5 0.006 1.256 0.402 3.920 0.338 0.039 2.915 0.690

Sexual assault 20 1.7 0.004 3.037 0.446 20.689 2.045 0.044 94.545 2.313

Legal issues 47 3.9 0.006 3.992 1.48 10.735 1.806 0.203 16.084 3.283

Other stressors 257 21.8 0.012 2.199 1.400 3.456 1.230 0.511 2.963 11.061

Limited social support 190 20.9 0.014 2.560 1.567 4.185 0.861 0.173 4.269 19.259

Severe overall stress 259 21.6 0.012 5.587 3.150 9.910 2.189 0.738 6.495 27.718

Mental health symptoms

ADHD 6-month 254 28.0 0.012 2.809 1.557 5.070 0.472 0.144 1.549 26.471

Major Depressive Episode 12-month 337 28.0 0.013 7.744 4.493 13.348 2.867 1.123 7.319 51.541

Generalized anxiety disorder 12-month 307 25.5 0.013 4.755 3.058 7.394 1.257 0.452 3.502 26.735

Panic attack 12-month 581 48.3 0.012 4.059 2.155 7.644 1.008 0.505 2.013 45.865
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Mental health treatment
At baseline, all participants were asked about lifetime and
12-month psychological counseling as well as use of medication
for emotional or substance use problems (Bruffaerts et al.,
2019). For participants identified by the algorithm, at 4-week
follow-up, participants were provided with a 16-item checklist
of common treatment options (e.g. general practitioner, psycholo-
gist, emergency department) and invited to indicate any resources
(e.g. mental health websites) they had accessed in the past 4-weeks
for mental health concerns, and (if applicable) suicidal thoughts
or behaviors. These students were asked to indicate resources
they had accessed specifically as a result of intervention.
Treatment access was scored as a binary (accessed ⩾1 resources;
did not access any resources). At 12-month follow-up, all partici-
pants were asked about both lifetime and 12-month counseling or
medication for an emotional or substance use problem (Bruffaerts
et al., 2019).

Intervention

Our prevention program (COMPAS-S) involved using the pre-
dictive algorithm, embedded within the WMH-ICS survey. This
algorithm ran live while students completed the baseline survey
and was used to identify students at increased risk of suicide
plan and/or attempt in the next 12 months. A stepped-care
approach was implemented. All students were provided with a
comprehensive list of local and national services. Students who
reported 12-month suicidal ideation were directed to a safety
planning smartphone application (Melvin et al., 2019). Students
identified at future risk of suicide plan and/or attempt by the pre-
dictive risk algorithm (n = 184) and those reporting 12-month
suicide attempt, but not identified by the algorithm (n = 19)
were contacted via telephone by a mental health professional
within 24-h of completing the survey (Intervention Group).
This telehealth intervention focused on support and safety-
planning (Melvin et al., 2019), as well as personalized referral to
appropriate services (e.g. emergency department, primary health
care services, student support services). We worked with clinical
psychology postgraduate trainees to conduct these calls, training
them risk assessment, safety planning, available resources, and
self-care (Hasking et al., 2023). From 2020–2022 we implemented
COMPAS-S, integrating the screening algorithm into the baseline
survey. The protocol was approved by the (blinded for review)
Human Research Ethics Committee, and all participants provided
consent to participate.

Statistical analysis

Algorithm development
Our risk algorithm was developed on data from 1202 university
students during their first year at college in either 2016 or 2017
(Development Cohort). Of these, 359 students (29.87%) provided
data at 12-month follow-up. Missing data, including due to non-
response at follow-up, were imputed using multiple imputation,
generating 20 imputed datasets that were pooled for analyses.
Non-propensity weights were calculated based on socio-
demographic and university-related variables available for the
entire first year cohorts.

Descriptive statistics are reported as weighed numbers and
proportions with standard errors. We report bivariate logistic
regression analyses with each of the 38 predictor variables
assessed in the WMH-ICS at baseline, with the criterion variableTa

b
le

1.
(C
on

tin
ue
d.
)

Va
ri
ab

le

P
re
va
le
nc
e

B
iv
ar
ia
te

m
od

el
M
ul
ti
va
ri
at
e
m
od

el

PA
R
P
(%

)
w
(n
)

w
(%

)
S.
E.

O
R

Lo
w
er

95
%

CI
U
pp

er
95
%

CI
O
R

Lo
w
er

95
%

CI
U
pp

er
95
%

CI

B
ro
ad

m
an

ia
12
-m

on
th

70
5.
8

0.
00
7

6.
83

7
2.
10

6
22

.2
00

1.
61
2

0.
16
6

15
.6
42

6.
22

0

Al
co
ho

l
de

pe
nd

en
ce

12
-m

on
th

91
7.
5

0.
00
8

1.
73
4

0.
81
6

3.
68
8

1.
02
7

0.
17
7

5.
95
4

3.
26
3

Su
bs
ta
nc
e
de

pe
nd

en
ce

12
-m

on
th

56
4.
6

0.
00
6

2.
57

0.
82
6

6.
16
6

0.
20
1

0.
01
1

3.
73
2

4.
20
8

Li
fe
ti
m
e
in
te
rm

it
te
nt

ex
pl
os
iv
e
di
so
rd
er

45
0

37
.5

0.
01
4

2.
90

4
1.
87

2
4.
50

5
1.
52
7

0.
58
5

3.
98
5

38
.6
53

Li
fe
ti
m
e
po

st
-t
ra
um

at
ic

st
re
ss
-d
is
or
de

r
69
0

57
.4

0.
01
4

3.
69

3
2.
14

4
6.
36

2
1.
11
2

0.
40
0

3.
08
8

60
.6
49

Li
fe
ti
m
e
bi
ng

in
g
an

d/
or

pu
rg
in
g

37
6

31
.3

0.
01
3

2.
69

6
1.
86

0
3.
90

7
1.
19
1

0.
47
2

3.
00
7

25
.6
16

Li
fe
ti
m
e
ps
yc
ho

si
s

80
14
.3

0.
01
5

7.
32

0
3.
57

0
15

.0
09

8.
30

8
2.
05

0
33

.6
70

20
.0
79

Pa
st

ye
ar

se
lf-
in
ju
ry
,
su
ic
id
al

th
ou

gh
ts
,
an

d
be

ha
vi
or

Su
ic
id
al

id
ea
ti
on

12
-m

on
th

34
4

28
.6

0.
01
3

8.
88

0
5.
20

2
15

.1
60

2.
00
1

0.
65
6

6.
10
0

60
.2
44

Su
ic
id
e
pl
an

12
-m

on
th

21
0

17
.4

0.
01
1

15
.0
38

8.
34

2
27

.1
07

4.
83

9
1.
29

4
18

.0
90

49
.9
23

N
SS

I
12
-m

on
th
s

13
2

11
.0

0.
00
9

4.
83

0
3.
04

9
7.
65

2
0.
99
9

0.
09
7

10
.3
05

0.
94

3

Su
ic
id
e
at
te
m
pt

12
-m

on
th

30
2.
5

0.
00
5

7.
17

3
2.
32

5
22

.1
31

2.
36
3

0.
91
8

6.
08
2

7.
56

3

N
ot
e.

ah
ig
h
ed

uc
at
io
n
w
as

de
fin

ed
as

ha
vi
ng

a
le
as
t
a
B
ac
he

lo
r’s

de
gr
ee
;w

(n
),
w
ei
gh

te
d
nu

m
be

r
of

ca
se
s;
w
(%

),
w
ei
gh

te
d
pe

rc
en

ta
ge

of
sa
m
pl
e;

O
R
,o

dd
s
ra
ti
o;

PA
R
P,

po
pu

la
ti
on

at
tr
ib
ut
ab

le
ri
sk

ra
ti
o;

si
gn

ifi
ca
nt

re
su
lt
s
(p

<
0.
05
)
ar
e
hi
gh

lig
ht
ed

in
bo

ld
.

4 Penelope A. Hasking et al.

https://doi.org/10.1017/S0033291723002714 Published online by Cambridge University Press

https://doi.org/10.1017/S0033291723002714


being the 1-year follow-up survey data on a suicide plan or
attempt in the past year. Next, we report multivariable analyses
with all 38 variables in the model. Population level effect sizes
were reported as population attributable risk factors (PARPs;
Bruffaerts, Kessler, Demyttenaere, Bonnewyn, and Nock, 2015).
Predicted probabilities were assessed against observed cases to
assess sensitivity, specificity, and positive predictive values. Area
under the curve estimates were calculated for the resulting model.

Retrospective cohort trial
Given high attrition, only complete cases were analyzed to test the
effectiveness of COMPAS-S. Chi-squared tests compared rates of
suicidal thoughts and behaviors and treatment access at baseline
and 12-month follow-up by Cohort (Intervention v. Control)
and Algorithm Outcome (At Risk v. Not At Risk). To evaluate
associations with later suicide plan and/or attempt, we then retro-
spectively fit the algorithm to the 2018–2019 cohorts (Control
Cohort). A hierarchical binary logistic regression tested the utility
of the intervention with 12-month plans and/or attempts at
follow-up as the criterion variable. Reports of lifetime and
12-month suicidal behavior at baseline were entered as covariates
at Step 1. Algorithm outcome (At Risk v. Not At Risk) was
entered at Step 2, cohort (Intervention v. Control) at Step 3,
and the interaction between algorithm outcome and cohort con-
dition at Step 4. A significant interaction was probed using simple
slopes analysis (Aiken, West, & Reno, 1991). All analyses were
conducted with SPSS v26.

Results

Algorithm development

We first explored the associations between each of our 38 pre-
dictor variables and subsequent suicidal behaviors in bivariate
regression models. Almost all psychosocial variables were statistic-
ally significant, with medium to large effect sizes (Table 1). Across
the 20 imputed datasets, the multivariable regression model
accounted for an average of 60% (average Nagelkerke R2 = 0.60,
p < 0.001) of the variance in suicide plan amd/or attempt at
follow-up. The multiple imputation resulted in reliable estimates
for most predictors, with less reliable estimates for low incidence
predictors (e.g. sexual abuse as a child, lifetime psychosis;
Table 1). The mean relative efficiency was 0.968, suggesting an
appropriate number of imputations for accurate estimates.

Predicted probability values were calculated from the regression
equation for each participant. To find the optimum predicted prob-
ability cut-off point, the participants were organized into 20 ventile
categories (i.e. sets of 5% of the sample) based on their predicted
probability values. Examination of these ventiles highlighted that
capturing the top 15% of highest risk participants according to the
predicted probability values provided the best balance of true and
false positives. Specifically, 76.86% of positive cases were above
this cut-off, with a Positive Predictive Value of 53.06%. Extending
the cut-off range beyond the top 15% highest risk predicted prob-
ability range (i.e. to the top 20% highest risk) resulted in a substan-
tially increased false positive rate (online Supplementary Table S1;
Fig. S2). As expected, rates of all predictor variables were signifi-
cantly elevated among participants reporting suicidal behavior one
year later (online Supplementary Table S2). Using this cut-off,
area under the curve estimates across the imputed data sets ranged
from 0.895 (95% CIs 0.872–0.917) to 0.966 (95% CIs 0.939–0.994;
see online Supplementary Fig. S3).

Retrospective cohort trial

Baseline suicidal thoughts and behaviors
Validating the algorithm, in the 2018–2022 cohorts, 314 (7.4%)
participants were identified by the algorithm as being at high risk
of suicide plan and/or attempt in the upcoming 12-months, with
similar proportions flagged within the Intervention (7.1%) and
the Control cohorts (7.8%; χ2(1) = 0.79, p = 0.373, w =−0.01).
There were no demographic differences across Intervention and
Control cohorts (online Supplementary Table S3).

Table 2 reports rates of suicide ideation, plan, and attempt, at
baseline and 12-month follow-up, separated by Cohort
(Intervention v. Control) and algorithm outcome (At Risk v.
Not At Risk). Across both Intervention and Control cohorts, par-
ticipants identified as at risk by the algorithm reported consider-
ably higher rates of lifetime and 12-month suicide ideation, plans,
and attempts than those not identified as at risk. Students in the
Control cohort who were not identified as at risk reported higher
rates of lifetime and 12-month suicide ideation and plans than
those in the Intervention Cohort who were not identified as at
risk. As such, past suicidal behaviors were statistically controlled
in subsequent analyses. Suicide plans and/or attempt in the com-
ing twelve months was our outcome variable in these analyses.

Associations with outcome variables
Of students identified by the algorithm, 56.5% (n = 104) received
the telehealth support intervention (32.1% did not reply, 7.1%
declined the invitation, and 4.3% provided insufficient contact
information; M call length = 29.38 min, S.D. = 17.53 min, range =
8–113 min). Of students we called, 23.1% were considered to be
at acute suicide risk at the time of the call. Where appropriate,
these students received crisis care and a follow-up call within
24 h of the initial assessment. Four weeks later, 55.8% (n = 58)
of students who took part in the intervention received a follow-up
call from the clinical team (41.3% did not reply and 2.9% declined
the invitation; M call length = 21.78 min, S.D. = 14.92, range =
4–67 min), receiving further suicide risk assessment and updated
personalized referrals to appropriate resources.

After accounting for lifetime and 12-month suicidal behavior
at baseline, intervention condition significantly moderated the
relationship between algorithm outcome and subsequent suicidal
behavior (Table 3). Simple slopes analysis (see Fig. 1) demon-
strated that within the Control Cohort, students identified as at
risk by the algorithm were significantly more likely to subse-
quently report suicidal behavior at 12-month follow-up than
were non-identified students (b = 1.15, 95% CI [0.39–1.92], z =
2.95, p = 0.003). In contrast, within the Intervention Cohort, iden-
tified students were not more likely than others to subsequently
report suicide plans and/or attempt at 12-month follow-up (b =
−0.09, 95% CI [−1.08 to 0.89], z =−0.18, p = 0.654), suggesting
that COMPAS-S was associated with a 41.7% reduction in odds
of subsequent suicidal behavior.

Treatment access
Consistent with the greater mental health need, students identified
by the algorithm in both Intervention and Control cohorts were
more likely to report having received lifetime, past-year, and cur-
rent treatment than non-identified students at baseline (Table 4).
There were no differences in lifetime, past-year, or current treat-
ment at baseline among at-risk students in the Intervention and
Control cohorts. Four-weeks following the telehealth intervention,
at-risk students in the Intervention Cohorts were asked if they
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had accessed any mental health resources or treatment as a result of
the intervention; 34.6% reported additional resource use, suggesting
that students were taking up the personalized referrals provided as
part of the intervention. At 12-month follow-up, at-risk students in
both Intervention and Control cohorts reported similar rates of
past-year treatment access and reported more access than students
not at risk.

Discussion

Across the globe, college students continue to report high rates of
suicidal thoughts and behaviors (Mortier et al., 2018). In line

with recent calls to develop multivariable predictive risk algorithms,
rather than rely on risk assessments (Glenn & Nock, 2014; Riberio
et al., 2016), we embedded an algorithm into the Australian
WMH-ICS surveys to identify university students most at risk of
suicidal behavior in the coming 12 months. COMPAS-S signifi-
cantly outperformed existing suicide assessment tools. By allocating
resources to the top 15% of students at risk, we can reach more
than 50% of students who will subsequently report suicidal behav-
ior. Echoing previous research in the field (Franklin et al., 2017;
Riberio et al., 2016), the accumulation of both distal and proximal
factors worked together to increase risk. This underscores the need
to reconsider risk assessments based primarily on examination of

Table 2. Rates of suicide ideation, plan, attempt, at baseline and 12-month follow-up, separated by intervention cohort and algorithm outcome

Intervention cohort Control cohort

At risk % (n) Not at risk % (n) At risk % (n) Not at risk % (n)

Baseline

Lifetime incidence

Suicide ideation 99.5% (183)** 35.5% (854)**◊ 97.7% (127)** 40.0% (612)**◊

Suicide plan 85.9% (158)** 16.2% (391)**◊ 84.6% (110)** 20.3% (310)**◊

Suicide attempt 46.2% (85)** 4.4% (107)** 36.2% (47)** 4.8% (74)**

Any suicidal behavior 88.0% (162)** 17.0% (409)**◊◊ 86.2% (112)** 21.3% (326)**◊◊

Past-year incidence

Suicide ideation 95.7% (176)** 20.8% (501)**◊ 94.6% (123)** 24.6% (377)**◊

Suicide plan 81.0% (149)** 6.6% (160)** ◊ 77.7% (101)** 9.1% (139)**◊

Suicide attempt 22.3% (41)**◊ 0.8% (19)** 13.1% (17)**◊ 0.7% (10)**

Any suicidal behavior 82.1% (151)** 6.9% (166)**◊ 77.7% (101)** 9.2% (141)**◊

12-month follow-up

Past-year incidence

Suicide ideation 69.6% (16)** 26.2% (96)** 78.6% (33)** 24.2% (130)**

Suicide plan 30.4% (7)* 11.5% (42)* 54.8% (23)** 9.1% (49)**

Suicide attempt 13.0% (3)** 1.1% (4)** 7.1% (3)* 1.3% (7)*

Any suicidal behavior 34.8% (8)* 11.5% (42)* 54.8% (23)** 9.5% (51)**

Note. Asterisks signify significant within-cohort differences by flagged status: * p < 0.050, ** p < 0.001. Diamonds signify significant between-cohort differences within algorithm outcome:
◊ p < 0.050, ◊◊ p < 0.001.

Table 3. Hierarchical logistic regression predicting future suicidal behavior (i.e. recent suicidal behavior at 12-month follow-up)

OR 95% CI p

Constant 0.15 – <0.001

Step 1 χ2 (2) = 120.11, p < 0.001, Nagelkerke R2 = .22

Baseline lifetime suicidal behavior 4.06 2.34–7.04 <0.001

Baseline recent suicidal behavior 2.99 1.72–5.20 <0.001

Step 2 χ2 (2) = 4.55, p = 0.033, Nagelkerke R2 = .23

Algorithm outcome 2.00 1.06–3.75 0.032

Step 3 χ2 (2) = 0.01, p = 0.931, Nagelkerke R2 = .23

Intervention condition 1.02 0.67–1.56 0.931

Step 4 χ2 (2) = 4.50, p = 0.034, Nagelkerke R2 = .23

Algorithm outcome × Intervention condition 0.29 0.09–0.93 0.037

Note. Algorithm outcome: 1 – Not At Risk, 2 – At Risk. Intervention condition: 1 – Control Cohort, 2 – Intervention Cohort.
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past suicidal behavior, and to instead consider a more comprehen-
sive range of factors that may relate to suicide risk. Universal
screening for suicide risk, coupled with targeted identification
and referral of those most at risk, offers a viable approach to suicide
prevention within universities, facilitating provision of appropriate
support and services before a suicidal crisis is experienced.

COMPAS-S was successful in increasing short-term resource
use among students identified at greatest suicide risk, although
treatment access did not differ at 12-month follow-up.
COMPAS-S was associated with a 41.7% reduction in the odds
of suicidal behavior one year later. Although the majority of stu-
dents identified were not at imminent risk of suicide at the time of
the call, as the algorithm was not designed to assess acute risk, all
students we contacted reported high levels of distress. This is
likely a result of the variety of factors included in the algorithm
(e.g. drug abuse; depression) that by themselves may not increase
suicide risk but are still cause for concern and intervention.

Limitations and future directions

Although these results are encouraging, there are limitations that
must be considered in interpreting our findings. First, poor

response rates and significant attrition resulted in small samples
and large confidence intervals around predictive accuracy for
the algorithm itself. Our response rates were consistent with
other WMH-ICS studies (e.g. Bruffaerts et al., 2019), and our
R-indicators suggest the sample is socio-demographically repre-
sentative of the student cohort. In addition, the algorithm was
found in prospective validation to accurately identify students at
heightened distress. However, replication with larger samples,
with lower attrition rates will yield more precise estimates.
Similarly, larger samples will be required to test mechanisms of
action, including early access to treatment reducing associated
mental health conditions such as depression, reduced barriers to
treatment access (e.g. knowledge of available services), and access
to university-specific resources (e.g. academic support plans).
Second, our algorithm was developed for the Australian tertiary
education context. Replication and adaptation for other countries
and settings, considering local needs, is warranted.

Third, future work is required to assess who responds best to a
telehealth intervention, and how outcomes might differ across dif-
ferent groups of students (e.g. domestic v. international; part time
v. full time study). Finally, our algorithm development and the
intervention phase overlapped with the worst of the COVID-19
pandemic. Fortunately, Western Australia, where these data
were collected, did not experience significant lock down periods,
school shutdowns, or restrictions in terms of isolations or mask
mandates, seen in the rest of Australia at this time. In fact, stu-
dents providing data during COVID were slightly less likely to
report suicidal thoughts and behaviors at baseline, although the
effect sizes were very small (online Supplementary Table S4).
Still, it is possible that factors related to the pandemic may have
affected uptake of COMPAS-S and retention rates. Relatedly,
given the retrospective nature of the study we did not pre-register
the study. Future trials of the effectiveness of COMPAS-S will be
pre-registered to allow clear distinction between confirmatory and
exploratory aspects of the research.

Conclusion

Despite these caveats, we have demonstrated the utility of embed-
ding a multivariable predictive algorithm into a universal screen-
ing program to detect university students at greatest risk of
subsequent suicidal behavior. We have also successfully used
this algorithm to proactively contact students who are often reluc-
tant to autonomously seek support, conduct support and safety

Figure 1. Intervention condition moderates the relationship between algorithm out-
come and probability of recent suicidal behaviors at 12-month follow-up.

Table 4. Rates of treatment access at baseline and 12-month follow-up periods as well as mental health resource use at 4-week follow-up, separated by intervention
cohort and algorithm outcome

Intervention cohorts Control cohorts

At risk % (n) Not at risk % (n) At risk % (n) Not at risk % (n)

Baseline

Lifetime treatment 71.7% (132)** 22.4% (540)** 62.3% (81)** 26.3% (402)**

Past-year treatment 37.5% (69)** 9.1% (218)** 38.5% (50)** 10.3% (158)**

Current treatment 35.3% (65)** 7.6% (182)** 30.8% (40)** 7.7% (118)**

12-month follow-up

Past-year treatment 39.1% (9)* 21.3% (78)* 45.2% (19)** 21.4% (115)**

Current treatment 26.1% (6) 15.6% (57) 19.0% (8) 11.5% (62)

Note. Asterisks note significant within-cohort differences: * p < 0.050, ** p < 0.001.
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planning, and link them in with appropriate services. Finally, the
COMPAS-S approach has potential to expand to other commu-
nity sectors. By developing a screening survey that appropriately
captures risk factors among different sectors (e.g. shift work
among hospital staff; combat tours among service men and
women) we have the potential to screen and proactively support
individuals and significantly reduce suicide rates.

Supplementary material. The supplementary material for this article can
be found at https://doi.org/10.1017/S0033291723002714
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