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Abstract

Background The number of prediction models for self-harm and suicide has grown substantially in recent years.
However, their potential role in improving assessment of suicide risk is debated. In this systematic review, we provide
an overview and critical appraisal of the predictive performance and methodological quality of prognostic risk models
for self-harm and suicide.

Methods We searched MEDLINE, EMBASE, PsycINFO, CINAHL, and Global Health from inception to 30/11/2021. The
search was updated on 25/10/2024 to include new external validations. We included studies describing the develop-
ment and/or external validation of statistical models for predicting risk of non-fatal self-harm and/or death by suicide.
Risk of bias was assessed using the Prediction model Risk Of Bias ASsessment Tool (PROBAST).

Results We included 91 articles describing the development of 167 models and 29 external validations. Most
models predicted risk of self-harm (76 models), followed by suicide (51 models), and the composite outcome of sui-
cide or non-fatal self-harm (40 models). Only 8% of developed models (14/167) were externally validated, and 17%
(28/167) were presented in a format enabling validation or use by others. The reported C indices ranged from 0.61

t0 0.97 (median 0.82) in development studies and from 0.60 to 0.86 (median 0.81) in external validations. Calibration
was assessed for 9% of models (15/167) in development studies and 31% of external validations (9/29). Of these,

the OxMIS and Simon models showed adequate discrimination and calibration performance in external valida-

tion. All model development studies, and all but two external validations, were at high risk of bias. This was mainly
driven by inappropriate or incomplete evaluation of predictive performance (180/196, 92%), insufficient sample sizes
(151/196, 77%), inappropriate handling of missing data (129/196, 66%), and not adequately accounting for overfitting
and optimism during model development (106/167, 63%).

Conclusions Despite skepticism about the feasibility and accuracy of self-harm and suicide risk prediction

and assessment, we have identified five models with good predictive performance in external validation. Avoid-
able sources of research waste include an oversupply of unvalidated prediction models addressing similar research
questions, and shortcomings in study design, conduct, and statistical analysis. To address these, new research must
prioritise methodological rigour and focus on external validation and updating existing models. Complete, transpar-
ent, and accurate reporting is essential, with model presentation in a format that enables independent validation.
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Background

Suicide risk influences clinical decision-making at all
stages of care, from referral and assessment to treatment
and discharge from services [1-5]. Prognostic mod-
els that combine information on multiple predictors to
estimate the future risk of suicide-related outcomes can
assist in identifying high-risk individuals and facilitate a
stratified medicine approach to prevention [6, 7]. In some
medical specialties (e.g. cardiovascular medicine and
oncology), prognostic models are routinely used in clini-
cal practice and recommended for risk assessment and
therapeutic management in clinical guidelines [8—10].
However, the potential role of prognostic models for sui-
cide risk assessment has been widely debated [1, 2]. For
instance, in England, the National Institute for Health
and Care Excellence advises against the use of these mod-
els to predict the risk of recurrence in individuals who
have self-harmed [11], partly based on poor predictive
performance and limited clinical utility (although the evi-
dence review on which these recommendations are based
is very limited, including only two studies). Instead, some
experts have suggested that interventions should be
provided to unselected clinical populations (e.g. offer-
ing psychological therapy to all individuals present-
ing to hospital with self-harm). New suicide prevention
guidance by NHS England [12] repeats the NICE rec-
ommendation regarding current risk prediction tools in
self-harm. However, others have argued that the targeted
allocation of limited resources in mental health services
requires some assessment of risk, which currently relies
on clinical subjective judgement alone [1]. By making risk
assessment more empirically grounded, consistent, and
transparent, prognostic models could enhance clinical
decision-making, enabling clinicians to focus on a com-
prehensive assessment of needs and development of an
individualised risk management plan [1].

The number of risk models for suicide-related out-
comes has grown substantially in recent years. To evalu-
ate the role of these models in improving assessment of
self-harm and suicide risk, high-quality systematic review
evidence on their predictive performance and meth-
odological quality is required. While a number of recent
systematic reviews have been published (e.g. [13-15]),
most have been restricted to models developed using
machine learning techniques, focused on inappropriate
statistical measures to evaluate predictive performance
(e.g. odds ratios), or not sufficiently evaluated the risk of
bias and reporting of existing models. To address these
limitations, we conducted a systematic review of studies
reporting on the development or external validation of a
prognostic model for suicide and/or non-fatal self-harm.
Our aims were to provide an overview of current models
for predicting risk of suicide and self-harm, summarise
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their predictive performance, and critically appraise their
methodological quality and risk of bias.

Methods

This systematic review is reported according to the
Transparent Reporting of multivariable prediction mod-
els for Individual Prognosis Or Diagnosis checklist for
Systematic Reviews and Meta-Analyses [16] (TRIPOD-
SRMA; see Additional file 1). The review protocol was
registered on PROSPERO (CRD42022314575). Devia-
tions from the protocol are explained in Additional file 2:
Supplementary methods [17-25].

Searching and selection of articles

We searched MEDLINE, EMBASE, PsycINFO, CINAHL,
and Global Health up to 30 November 2021 to identify
primary articles reporting on the development and/or
validation of prognostic models for suicide and/or self-
harm (the search strings are provided in Additional file 2:
Supplementary methods). The search was updated on
25 October 2024 to include new external validations of
included models (identified in the original search) that
had been published since November 2021. The search
strategy used for the update was the same as the original
search. We screened the reference lists of included arti-
cles and previously published systematic reviews to iden-
tify additional studies.

We included primary articles if they reported on the
development and/or external validation (with or without
updating) of one or more multivariable models, based on
patient-level data, to estimate the risk of future occur-
rence of non-fatal self-harm or death by suicide. We
defined self-harm as any act of intentional self-injury or
self-poisoning, irrespective of motivation and degree of
suicidal intent [11]. We did not distinguish between sui-
cide attempts and non-suicidal self-injury, and classified
models predicting either of these outcomes as models for
non-fatal self-harm. Models predicting a composite end-
point (i.e. non-fatal self-harm or suicide) were also eligi-
ble for inclusion. We did not include models predicting
suicidal ideation (either as a separate outcome or in com-
bination with self-harm and/or suicide).

There were no restrictions on target population, study
setting, intended moment of model use, or prediction
horizon (i.e. timeframe for outcome prediction). We
excluded predictor finding studies (i.e. studies identify-
ing factors associated with self-harm or suicide) and pre-
diction model impact studies (i.e. using a comparative
design to assess the impact of using a prediction model
on patient outcomes, clinical decision-making, or cost-
effectiveness of care). Prediction modelling studies with
cross-sectional designs (e.g. where the outcome was his-
tory of self-harm) and ecological studies predicting an
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aggregate outcome (e.g. trends in the incidence of sui-
cide or self-harm) were also excluded. We did not include
any risk assessment scales or checklists; only multivari-
able models with statistically derived weighting were
included. Finally, we excluded studies assessing the accu-
racy of unassisted clinician judgment.

All references were collated and managed in EPPI-
Reviewer Web [26]. AS screened the retrieved records
for eligibility, first on title and abstract and then based on
full text. A randomly selected 10% of records were inde-
pendently screened by a second reviewer (MGTO). Dis-
crepancies were resolved by discussion between the two
reviewers.

Data extraction and risk of bias assessment

We classified eligible articles as model development (with
or without internal validation), external validation (with
or without model updating), or combined model develop-
ment and external validation. A standardised data extrac-
tion and risk of bias assessment form was developed
based on the CHecklist for critical Appraisal and data
extraction for systematic Reviews of prediction Model-
ling Studies (CHARMS) [27] and the Prediction model
Risk Of Bias ASsessment Tool (PROBAST) [28, 29]. The
form was supplemented with items based on a recent
review [30], and piloted on a small subset of included
articles. The data extraction items (prespecified in the
PROSPERO protocol) covered key study characteristics,
participants, predictors, outcomes, sample size, statisti-
cal analysis methods, model presentation, and predictive
performance (including measures of discrimination and
calibration and their corresponding standard errors or
confidence intervals (Cls), and measures of clinical utility
if presented). The full list of data extraction items is avail-
able in Additional file 2: Supplementary methods.

Many articles described the development of multi-
ple models, and a few models were investigated in more
than one paper (i.e. multiple external validation studies).
Unless the authors clearly identified one or more of the
reported models as their main proposed model(s), each
combination of predictor variables with unique predic-
tor-outcome association estimates and/or a unique esti-
mate of baseline risk/hazard was considered a separate
model [31]. See Additional file 2: Supplementary meth-
ods for more details on data extraction and risk of bias
assessment.

AS extracted the data and assessed the risk of bias for
all included articles, with a randomly selected 10% of
articles independently assessed by a second reviewer (JB).
Any discrepancies were resolved by consensus between
the two reviewers and discussion with senior authors (SF
and TRF).
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Statistical analyses

We did not perform a quantitative meta-analysis, as this
is only applicable when a review aims to summarise the
predictive performance of one or more specific prog-
nostic models across multiple external validation studies
[32]. The aim of our review was to identify all prognostic
models—developed or validated—for suicide death and/
or non-fatal self-harm, and we considered meta-analysis
not to be of added value for this field synopsis. We there-
fore provide a descriptive summary of identified models
and validations, including participant characteristics,
model predictors and outcomes, analysis methods, pre-
dictive performance measures, and risk of bias [32]. The
unit of analysis for the review was each unique model
development and validation [30].

On recommendation of peer review, we conducted
post-hoc analyses summarising the discrimination per-
formance of models and external validations stratified by
data source (routine data versus prospectively collected
data from a cohort study or clinical trial) and by model
dimensionality (low- versus high-dimensional). In the
methodological literature, settings in which the number
of candidate predictors is much larger than the available
sample size are often defined as high-dimensional [33—
36]. For the purpose of these analyses, we used the num-
ber of events per candidate predictor parameter (EPP) as
a proxy for dimensionality, classifying models as high-
dimensional if EPP <1 and low-dimensional if EPP > 1.

All analyses were performed in R software (ver-
sion 4.4.2; The R Foundation for Statistical Computing,
Vienna, Austria) [37]. The PRISMA flow diagram was
generated using the shiny app by Haddaway et al. [38]
(available at https://estech.shinyapps.io/prisma_flowd
iagram/).

Patient and public involvement

No patients or members of the public were involved in
developing the research question and outcome measures,
in the design and conduct of the study, or in the interpre-
tation of findings. There are no plans to disseminate the
study results to relevant patient communities.

Results

Our original search identified 5, 713 unique records, of
which 5, 326 were excluded on title and abstract. The
remaining 387 articles were screened on full text, and 75
met eligibility criteria for inclusion. An additional 10 arti-
cles were identified from reference lists and previous sys-
tematic reviews (Fig. 1). The search update yielded 2, 477
results, of which 6 articles (published since November
2021) reported on an external validation of a model iden-
tified by our original search strategy. In total, we included
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Identification of new studies via databases and registers
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Identification of new studies via other methods

Records identified from:
S Databases (n = 9,275):
T MEDLINE (n = 2,238) Records removed before screening: Records identified from:
< PSycINFO (n = 1,195) Duplicate records (n = 3,562) Citation searching (n = 29)
g EMBASE (n = 4,191) i =
3 Global Health (n = 201)
CINAHL (n = 1,450)
Records screened Records excluded
(n=5713) (n =5,326)
l \/
’ Reports sought for retrieval Reports not retrieved Reports sought for retrieval Reports not retrieved
(n =387) > (n=9) (n=29) > (n=2)
Reports excluded:
Not a multivariable model with
statistically derived weights (n = 100)
Cross-sectional design (n = 68)
Outcome not self-harm and/or
=) suicide (n = 50)
E Predictor finding study (n = 37)
@ Conference proceeding or commentary Reports excluded:
3 or correction to a published Predictor finding study (n = 11)
article (n = 25) Outcome not self-harm and/or
Duplicate article (n = 7) \/ suicide (n = 2)
Reports assessed for eligibility Not a prediction model development Reports assessed for eligibility Not a multivariable model with
(n=2378) or validation study (n = 4) (n=27) statistically derived weights (n = 2)
Study design unclear (n = 3) Study design unclear (n = 1)
Qualitative study (n = 2) Prediction model based on natural
Ecological study (n = 2) language processing of free-text
Prediction model based on natural clinical notes alone (n = 1)
language processing of free-text
clinical notes alone (n = 2)
Full-text of development study not
accessible (n = 2)
Overlapping sample with other
external validation study included
in the review (n=1)
Y
E New studies included in review
TE (n=85)

Fig. 1 PRISMA (Preferred Reporting Items for Systematic reviews and Meta-analyses) flow diagram of study selection for the original search
(conducted on 30 November 2021). The diagram does not include studies from the external validation update

91 articles. Of these, 82 described the development of
prediction models for non-fatal self-harm and/or suicide,
and 15 reported on their external validation.

Overview

The 82 articles described the development of 167 unique
models: 76 models for predicting self-harm, 51 models
for predicting suicide death, and 40 models for predicting
the composite outcome of suicide or non-fatal self-harm.
A total of 29 external validations were reported in 15 arti-
cles: 13 validations for the composite outcome of suicide
or non-fatal self-harm, nine validations for suicide death,
and seven for non-fatal self-harm. The majority of the
167 developed models (n =153, 92%) were not externally
validated (see Additional file 2: Supplementary results

for more details). Additional file 3 provides the full list
of reviewed models and validations, with information
on their target population, outcome, predictive perfor-
mance, risk of bias, and whether they were available in a
format for validation or use.

Sample characteristics

Over 60% of newly developed models and external vali-
dations were based on data from the USA (n=125, 64%),
followed by Canada (#=10, 5%), Denmark (n=10, 5%),
Australia (n=8, 4%), and Sweden (n=8, 4%). Only 12
models and validations (6%) originated from outside
North America, Europe, and Australia. Almost all exter-
nal validations (n=26, 90%) used data from the USA
(Additional file 2: Table S1).
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Most models were developed and externally vali-
dated using routine data, such as from electronic health
records or administrative databases (72%; Table 1).
The most common healthcare setting was mixed clini-
cal settings (36%), followed by outpatient (13%) and
inpatient (10%) mental health care, and the most com-
mon target population was individuals under mental
health services (28%). Mean participant age (where
reported) ranged from 14 to 72 years, with most mod-
els developed and validated in adults (38%) or in sam-
ples composed of all ages (37%). Twenty-five models
and validations (14%) were sex-specific (15 restricted to
men and 10 to women). Additional study characteris-
tics are presented in Additional file 2: Table S2.
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Sample size for model development ranged from 74 to
1,059,184 participants, with a median of 8, 264 (inter-
quartile range (IQR) 1, 021 to 39,028). The number
of individuals experiencing suicide-related outcomes
ranged from 9 to 13,428 (median 137, IQR 64 to 974). For
external validations, number of participants ranged from
325 to 660,659 (median 16,387, IQR 13,761 to 257,680),
and number of individuals with outcomes ranged from
18 to 6, 678 (median 806, IQR 46 to 5,672).

Outcomes

Outcomes were most commonly defined based on Inter-
national Classification of Disease (ICD) codes (42%) or
a combination of different methods (e.g. self-report and
ICD codes documented in electronic health records, 15%;

Table 1 Characteristics of included models and external validations (N=196)

N (%) *
Data source
Routine data 121 (72%)
Prospective cohort study/clinical trial ' 75 (45%)
Target setting
Mixed clinical settings 70 (36%)
Outpatient (mental health) 26 (13%)
Inpatient (mental health) 20 (10%)
Community (general population) 8 (9%)
Emergency department 0 (5%)
Outpatient (general medical)/primary care 9 (5%)
Inpatient (general medical) 6 (3%)
Other 11 (6%)
Unclear 26 (13%)
Target population
Individuals under mental health services (inpatient and outpatient) 5(28%)
General hospital patients/individuals discharged from general hospital ( 6%)
General population 0 (15%)
Individuals presenting to the emergency department/hospital with self-harm (9(V
US Army/Navy service members 5 (8%)
Primary care/outpatient general medical care patients with a mental health diagnosis (4%)
Veterans 8 (4%)
Individuals with physical health conditions 3 (2%)
Prisoners 3(2%)
Other 17 (9%)
Unclear 9 (5%)
Age group
Adults 75 (38%)
Mixed 73 (37%)
Children and adolescents 32 (16%)
Unclear 6 (8%)

" Categories are non-overlapping (i.e. each developed model/external validation only belongs to one category)

* For some models/validations in this category, data from the prospective cohort study or clinical trial was supplemented with routine data (e.g. from administrative

databases)
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see Additional file 2: Table S2 for more details). Predic-
tion horizons varied up to a maximum of 10 years, with
most studies predicting risk over a period of 1 year or
less. For 17% of models and validations, the prediction
horizon was variable across participants (e.g. logistic
regression models where participants had different fol-
low-up times), and 10% did not specify a clear prediction
horizon. The intended moment of model use for predic-
tion was unclear for 41% of models and validations.

Analysis methods

The number of candidate predictor parameters (i.e.
[ terms in the regression equation) considered for inclu-
sion in the model ranged from 9 to over 89,000, with a
median of 150 (IQR 27 to 662) parameters. The EPP
could be calculated or approximated for 90% of devel-
oped models (150/167), and ranged from<0.01 to 135
(median 1.76, IQR 0.61 to 3.81). The distribution of EPP
values is presented in Additional file 2: Fig. S1.

Most models were developed using logistic regression
(36%) and tree-based methods (31%; Table 2). Among
models that involved variable selection during multi-
variable modelling (#=92), the most commonly used
approaches were the least absolute shrinkage and selec-
tion operator (LASSO), forward selection, and elastic net
(Table 2). The number of predictor parameters included
in the final model ranged from 2 to 8, 071, with a median
of 13 (IQR 6 to 29) parameters (see Additional file 2: Sup-
plementary results for details).

Most developed models (n=126, 75%) were inter-
nally validated (Table 2). The most common method
of internal validation was a random split into devel-
opment and validation datasets (n=50), followed by
cross-validation (n=39) and bootstrapping (n=26).
Shrinkage and penalisation methods were applied
during the model development process for 40 models
(24%), most commonly using ridge regression, LASSO,
or elastic net (Table 2).

Methods to correct for class imbalance (i.e. imbal-
ance in the frequency of individuals with and without
the outcome event) [39] were used in the development
of 41 models (25%). The studies used different resam-
pling approaches, including random under-sampling,
random over-sampling, and the Synthetic Minority
Oversampling Technique (SMOTE) [40], all of which
artificially inflate the outcome prevalence in the devel-
opment dataset [41]. Only one model [42] was recali-
brated (to the original outcome prevalence) following
imbalance correction.

Some developed models (7=26, 16%) and external vali-
dations (=23, 79%) were based on clustered data which
could include multiple observations (e.g. clinical visits
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Table 2 Overview of analysis methods for all developed models
(N=167)

N (%)

Modelling technique
Logistic regression 60 (36%)
Tree-based 51 (31%)
16 (10%)
12 (7%)

Cox proportional hazards regression
Other survival model

Ensemble machine learning method 6 (4%)
Neural network 6 (4%)
Other 16 (10%)
Variable selection approach
Not applicable * 53 (32%)
All predictors forced in model 22 (13%)
LASSO 15 (9%)
Forward selection 13 (8%)
Elastic net 12 (7%)
Backward selection 8 (5%)
Stepwise selection 5 (3%)
Backward (stepwise) selection 3 (2%)
Other 31 (19%)
Unclear 5 (3%)
Internal validation technique
No internal validation 41 (25%)
(Random) split into development and testing datasets 50 (30%)
Cross-validation 39 (23%)
Bootstrapping 26 (16%)
Other 11 (7%)
Shrinkage/penalisation method
Not performed 123 (74%)
LASSO/ridge/elastic net 27 (16%)
Heuristic (uniform) shrinkage 1(1%)
Other 12 (7%)
Unclear 4 (2%)

" The modelling approach did not result in a discrete set of predictor variables
included in the final model (e.g. random forests)

or hospitalisations) per person. Of these, 24 (49%) only
reported sample size information at the visit level (e.g.
number of outpatient visits followed by a suicide death
within 90 days).

Model presentation

Overall, only 17% of developed models (28/167) were
publicly available in a format for use in clinical prac-
tice. For the remaining models, authors did not provide
sufficient information to allow calculation of individual
risk estimates (Table 3). Eleven models (7%) were avail-
able as a tool that could be used to calculate individual
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Table 3 Availability of models (N=167) in format for use in
clinical practice

N (%)
Model equation
Not applicable (not a regression-based model) 61 (37%)
Partially presented * 44 (26%)
Not presented ' 42 (25%)
Fully presented * 20 (12%)
Prediction tool
Not presented 156 (93%)
Decision tree 4 (2%)
Points score system 3 (2%
1%

1
1

S

Predictions for specific risk subgroups 2
Nomogram 1
1

(2%)
(1%)
(19%)
(1%)

°
=

Online calculator

" Model equation partially presented (e.g. hazard or odds ratios but no estimate
of the intercept or baseline hazard)

* Did not provide any information about the underlying model equation

* Model equation fully presented (including the model intercept or baseline
hazard and all regression coefficients)

risks (in addition to or instead of the model equation),
such as a decision tree, a point score system, or an
online calculator. Only 20 of the 106 regression-based
models were fully presented as a model equation (i.e.
including the model intercept/baseline hazard and all
regression coefficients; Table 3).

Predictive performance
Development and internal validation
In model development studies, a C index was reported
for 88% of models (147/167; see Additional file 2: Figs.
S§2-S4 and Additional file 4). These ranged from 0.61
to 0.97, with a median of 0.82 (IQR 0.76 to 0.86). The
median C index was 0.82 for suicide models (IQR 0.74 to
0.85), 0.85 for non-fatal self-harm models (IQR 0.78 to
0.89), and 0.79 for composite outcome models (IQR 0.76
to 0.85).

Calibration was assessed for only 15 models (9%), using
a calibration plot (n=13) [5, 43-48] or calibration table
(i.e. a table comparing predicted and observed outcome
probabilities in strata of predicted risk, n=2) [49, 50].
Calibration performance was mixed for these models and
was sometimes assessed incorrectly (see Additional file 2:
Supplementary results for details). None of the presented
calibration plots were supplemented with a smoothed
calibration curve or estimates of the calibration slope and
intercept.

Clinical utility was assessed for seven models (one
suicide death model reported in McCoy [51] and six
self-harm models reported in Iorfino [52]). Both studies
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performed a decision curve analysis to evaluate the net
benefit of the developed models compared to default
strategies of treating everyone and treating no one. In
both studies, the decision curve was used to guide the
choice of threshold probabilities for decision-making,
rather than determining a clinically reasonable range of
thresholds a priori based on the relative harms of false
positive and false negative classifications.

External validation

Almost all external validations (7 =28, 97%) reported a C
index, which ranged from 0.60 to 0.86 (median 0.81, IQR
0.74 to 0.85). The median C index at external validation
was 0.76 for models predicting suicide (IQR 0.71 to 0.80),
0.73 for models predicting non-fatal self-harm (IQR 0.70
to 0.81), and 0.85 for models predicting the composite
outcome (IQR 0.82 to 0.85; see Fig. 2 and Additional file 4
for the C indexes and 95% ClIs reported for externally val-
idated models).

A measure of calibration was reported in nine exter-
nal validations (31%; assessing six models). The OxMIS
model—which predicts 1-year risk of suicide death in
individuals with severe mental illness—was evaluated in
two external validations [5, 53], both of which presented
calibration plots. The model showed good overall calibra-
tion in both studies, with some overestimation of risk in
patients with a higher observed probability of the out-
come, although this overprediction was in a region with
a sparse distribution of predicted probabilities (>5% pre-
dicted risk, which only applied to 1.3% of the sample in
the second external validation).

The models by Simon et al. [54] (predicting 90-day risk
of suicide attempts and deaths following mental health
specialty and general medical visits) were evaluated in an
external validation study that presented calibration tables
for all four models [55]. The two suicide attempt models
showed good calibration, although they slightly overesti-
mated risk for higher risk patients. The models for sui-
cide death showed a similar pattern of miscalibration,
with more extreme overestimation in the high predicted
risk strata (e.g. two-to-four-fold overestimation of risk
above the 99.5th percentile) [55]. The model for suicide
attempts following general medical visits underpredicted
risk in a subsequent external validation study conducted
in a new centre [56], but this was improved following
recalibration.

The Walsh model [57]—which was developed to pre-
dict 30-day risk of non-fatal suicide attempts—had two
external validations that assessed calibration [56, 58]. The
model showed extremely poor calibration in both stud-
ies, as indicated by the calibration slope and intercept
[58] and the calibration plot [56]. However, calibration
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Suicide death

Simon, 2018, Am ] Psychiatry, M4 (1) 4
Simon, 2018, Am ] Psychiatry, M2 (1) 4 —

Simon, 2018, Am ] Psychiatry, M4 (2)4 ——

Simon, 2018, Am ] Psychiatry, M2 (2) 4

Kessler, 2020, Front Psychiatry *4 ®
Fazel, 2019, Transl Psychiatry (1) —_—
Fazel, 2019, Transl Psychiatry (2) A —-—

Walsh, 2017, Clin Psychol Sci, M2 A

0.4 0.6 0.8 1.0

Composite (suicide or non-fatal self-harm)

Simon, 2018, Am ] Psychiatry, M3 (1) -
Simon, 2018, Am ] Psychiatry, M1 (1)1 .
Simon, 2018, Am J Psychiatry, M3 (2)1 —.—
Coley, 2021, Biom ], M3 4 .
Simon, 2018, Am ] Psychiatry, M3 (3) ** 4 ——
Simon, 2018, Am ] Psychiatry, M1 (2) 4 -
Coley, 2021, Biom ], M4 4 .
Coley, 2021, Biom ], M2 4 .
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Simon, 2018, Am ] Psychiatry, M1 (3) 4 el
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Fig. 2 Cindexes and 95% confidence intervals from external validations. Each row represents an external validation of the corresponding model
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outcomes. * Confidence intervals not reported. ** External validation with model updating
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was improved in the second study [56] following recali-
bration using isotonic regression.

Discrimination performance stratified by model
dimensionality and data source
Only models for which EPP could be calculated or
approximated (n=150) and external validations of these
models (n=15) were included in the post-hoc analysis
stratified by model dimensionality. Of the 150 models, 48
(32%) were high-dimensional (EPP<1), and the remain-
ing 102 (68%) were low-dimensional (EPP>1). Only 2
of the 15 external validations (13%) evaluated the high-
dimensional models. A C index was reported for 130
of the 150 models (87%) in the development study. The
median C index was 0.82 (IQR 0.76 to 0.85) for high-
dimensional models (7=37) and 0.82 (IQR 0.75 to 0.86)
for low-dimensional models (#=93). Almost all of the
external validations (14/15, 93%) reported a C index. The
median C index at external validation was 0.76 (IQR 0.75
to 0.76) for high-dimensional models (#=2) and 0.73
(IQR 0.70 to 0.85) for low-dimensional models (n=12).
In the post-hoc analysis stratified by data source, the
median C index at model development was 0.84 (IQR
0.76 to 0.86) for models based on routine data (n=2389)
and 0.81 (IQR 0.75 to 0.86) for models based on prospec-
tively collected data (n=58). Nearly all external valida-
tions (n=27) were conducted using routine data, with
a median C index of 0.81 (IQR 0.76 to 0.85). Only one
external validation was based on data from a prospective
cohort study, which had a C index of 0.60.

Risk of bias

All developed models and almost all external valida-
tions (n=27, 93%) were at high risk of bias according to
PROBAST (Fig. 3). Only two external validations [5, 53],
both evaluating the OxMIS model [5], were at low risk
of bias. The overall PROBAST rating was mainly driven
by the assessment of the analysis domain (see Fig. 4
and Table 4 for details). Common issues in the other
PROBAST domains included inappropriate inclusion/
exclusion criteria or recruitment strategy (making study
participants unrepresentative of the model’s intended tar-
get population), unavailability of some predictors at the
intended time of model use, outcome mis-ascertainment
(assessed using a method with high levels of measure-
ment error), outcomes not being determined in a simi-
lar way for all participants, and the time interval between
predictor assessment and outcome determination being
unclear or inappropriate (e.g. studies where predic-
tor values were assessed up to the time of event). More
details are provided in Additional file 2: Supplementary
results and Additional file 5.
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What is already known on this topic

- Several prognostic models are available to predict the risk of self-harm
and suicide, but their usefulness for suicide risk assessment is uncertain
and has been widely debated.

- To evaluate the potential for these models to improve clinical risk
assessment, there is a need for high-quality systematic review evidence
on their predictive performance and methodological quality.

- Previous systematic reviews have been restricted to models devel-
oped using machine learning, used inappropriate measures to evaluate
performance, or not sufficiently evaluated the risk of bias and reporting
of existing models.

What this study adds

+ The OxMIS model [5] (developed to predict 1-year risk of suicide

in individuals with severe mental illness) and the Simon models [54]
(developed to predict 90-day risk of suicide attempt and death follow-
ing mental health specialty and general medical visits) showed good
discrimination and calibration performance in external validation. New
validations in more recent or local data are necessary to further assess
robustness and generalisability.

- Our findings challenge some expert opinion in the field that dismisses
suicide risk models on the basis of their poor performance, and high-
light the need for research looking at the translation of these models
and their role in informing clinical practice.

- Avoidable sources of research waste include methodological
shortcomings in study design, conduct, and statistical analysis, lack

of external validation studies, and inadequate reporting that prevents
independent validation and clinical implementation of models.

In addition to the issues covered by PROBAST, we
identified a number of other methodological problems in
the included studies, including correction for class imbal-
ance, not accounting for clustering in visit-level data, and
issues which affect the usability of a prediction model in
real-world clinical practice (e.g. problems with definition
of the prediction moment and/or prediction horizon, tar-
get population, and timing of predictor measurements).
These methodological issues, along with specific exam-
ples, are listed in Table 5.

Discussion

In this systematic review of 167 models and 29 external
validations, we have provided a comprehensive overview
and field synopsis of prognostic risk models for suicide
and self-harm, summarised their predictive performance,
and critically appraised their methodological quality and
risk of bias. The vast majority of studies focused on model
development. External validations were uncommon, with
less than 10% of all developed models having been exter-
nally validated, although more have been published over
the past 5 years. Over 80% of developed models were not
publicly available in a format that would enable inde-
pendent validation or use by others. Many of the identi-
fied models showed good discriminative ability, and the
range of reported C indexes (with a median of 0.81 in
external validation) was comparable to models in other
areas of medicine (cardiovascular, respiratory, COVID-
19) [30, 31, 59], suggesting that pessimism about the fea-
sibility of suicide risk prediction is not evidence-based.
However, calibration was only assessed in a minority of
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Model development (n = 167)

100% 1

75% 1

50% 1

Percentage of models

25% 1

Overall Participants

Predictors

Risk of bias

B High
Unclear

B Low

External validations (n = 29)

100% 7

75%1

50% 1

Percentage of validations

25%

0% -

Overall

Participants

Predictors

Outcome Analysis
Outcome Analysis
PROBAST domain

Fig. 3 Risk of bias ratings according to PROBAST (overall and by domain) for all developed models (n=167) and external validations (n=29)

studies. We identified five models, three for predicting
suicide deaths [5, 54] and two for predicting the com-
posite outcome of suicide attempt or death [54] with
adequate discrimination and calibration performance in
external validation. Overall, discrimination performance
was comparable between models developed using rou-
tine and prospectively collected data, and between high-
dimensional (EPP<1) and low-dimensional (EPP>1)
models.

Incomplete reporting was common, and the
PROBAST assessment suggested that there were some

methodological concerns in almost all model devel-
opment and external validation studies, particularly
incomplete assessment of model performance (ignor-
ing calibration), insufficient sample sizes, issues with
reporting and handling of missing data, and not ade-
quately accounting for overfitting and optimism in
predictive performance estimates. Despite this, among
the very few externally validated models, some did
not show clear evidence of optimism when comparing
the estimated C indexes from model development and
external validation studies (Additional file 4). Overall,
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Model development (n = 167)

Were relevant model performance measures evaluated
appropriately?

Were there a reasonable number of participants with the outcome?

Were participants with missing data handled appropriately?

Were model overfitting and optimism in model performance
accounted for?t

Were complexities in the data (e.g., censoring, competing risks,
sampling of control participants) accounted for appropriately?

Were continuous and categorical predictors handled
appropriately?

Was selection of predictors based on univariable analysis
avoided?t

Were all enrolled participants included in the analysis?

T T T

Were participants with missing data handled appropriately?

Were relevant model performance measures evaluated
appropriately?

Were complexities in the data (e.g., censoring, competing risks,
sampling of control participants) accounted for appropriately?

Were there a reasonable number of participants with the outcome?

Were all enrolled participants included in the analysis?

Were continuous and categorical predictors handled
appropriately?

25% 50% 75% 100%
Percentage of models rated 'No' or 'Probably No'
External validations (n = 29)
25% 50% 75% 100%

0"{!

Percentage of validations rated 'No' or 'Probably No'

Fig.4 Common sources of bias in the PROBAST analysis domain for all developed models (n=167) and external validations (1=29). t Only

applicable to model development studies

the methodological quality of external validations was
higher than model development studies.

Comparison with previous reviews

Several systematic reviews of self-harm and suicide
prediction models have been published in recent years
[13-15, 60—66]. However, the most recent reviews have
been restricted to models developed using machine

learning methods [14, 15, 60, 61, 63-66]. Furthermore,
some reviews have focused on inappropriate statisti-
cal measures to evaluate model predictive performance.
For instance, two recent reviews [14, 62] have presented
odds ratios in their meta-analyses, which is a measure of
association rather than predictive performance. Other
reviews [13, 15, 60, 61, 63—66] have focused entirely on
measures of classification and discrimination without
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Table 4 Common methodological shortcomings of self-harm and suicide prediction models based on the PROBAST analysis domain

All developed models and 93% of external validations were rated at high risk of bias on the PROBAST analysis domain. There were only two external
validations rated at low risk of bias for this domain.

The most common issue was incomplete evaluation of model performance, which applied to almost all developed models and external validations
(n=180, 92%) because of no or incorrect assessment of calibration. This made it challenging to judge the accuracy of the models’absolute predicted
probabilities.

Small sample size was another frequent problem, with 151 models and validations (77%) having an insufficient number of participants with the out-
come according to PROBAST (defined as the EPP being < 10 for model development studies, and the number of participants with the outcome

being < 100 for model validation studies [29], although these sample size recommendations have been updated in more recent methodological work
[34,72,73,110]). Insufficient sample sizes increase the risk of overfitting and optimism for model development studies [34], and can lead to imprecise
estimates of model predictive performance for validation studies [110, 130].

Issues with reporting and handling of missing data were also common (n=129, 66%). For instance, 63 models and validations (32%) made no explicit

mention of methods to handle missing data, 28 (14%) used unclear methods, and 24 (12%) used complete-case analysis. Risk of bias due to missing
data increases with increasing proportion of missingness [131]. However, most models and validations (n=108, 55%) did not report any information
about the amount of missing data. Only 40 models and validations (20%) clearly reported the proportion of missingness for all variables.

Many development studies did not fully account for overfitting and optimism in the model performance estimates (n= 106, 63%). These studies
either did not perform any internal validation, used inadequate methods (e.g. a single random split), or applied bootstrapping or cross-validation
techniques without replicating all the model development steps (e.g. the variable selection).

Over half of developed models and validations (n=107, 55%) did not address one or more statistical complexities in the data that could affect

the estimated model performance. Not accounting for censoring in the analysis was one of the most common issues, with several studies using
alogistic regression approach when participants had different follow-up times (and the prediction horizon was unspecified), or excluding participants
with incomplete follow-up from the analysis. Another common issue was using data from a nested case—control or case-cohort sample for model
development without adjusting for the sampling fractions, and/or applying class imbalance correction methods during the analysis without recali-
brating the model following development. The resulting probability estimates from such models will be distorted (often strongly overestimated) [41,
84, 85, 132]. Finally, some studies used data that could include multiple observations per person (e.g. hospitalisations or visits) for model development
and/or validation. However, most did not account for clustering by using multi-level or random-effects modelling methods.

Other shortcomings in the analysis domain included issues with the handling of continuous and categorical predictors (n=73, 37%), selection of pre-
dictors based on univariable analysis prior to multivariable modelling (n=59, 35%), and not including all enrolled participants in the analysis (n=24,

12%).
Model development versus external validation studies

Overall, the quality of external validations was higher than model development studies (Figs. 3 and 4). Only 17% of developed models (n=28) were
rated at low risk of bias on all PROBAST domains except for analysis, compared with 79% of external validations (n=23).

In the analysis domain, handling of missing data was the most common issue for external validations (76% of validations vs 64% of developed
models). However, all other signalling questions in this domain were less problematic for external validations than development studies. For instance,
a higher proportion of external validations correctly evaluated both model calibration and discrimination compared to development studies (28% vs
5%), had adequate sample sizes (83% vs 13%), and correctly addressed statistical complexities in the data such as censoring and clustering of obser-
vations (79% vs 40%). Furthermore, all 29 external validations handled continuous and categorical predictors correctly (compared to 56% of devel-
oped models), and none inappropriately excluded participants from the analysis (compared to 14% of developed models).

mentioning model calibration, despite the importance
of well-calibrated risk predictions for clinical decision
making [67]. Finally, some of these reviews have not per-
formed any risk of bias assessment [61, 66], and many
have used inappropriate tools not designed for predic-
tion modelling studies [13, 14, 60, 62, 63, 65]. In the two
reviews using PROBAST [15, 64], a higher proportion of
studies (22-25%) were rated at low risk of bias compared
to our review. However, one of these reviews [15] used an
adaptation of PROBAST created by the authors, which
included a reduced number of items and modifications in
some domains. In the other review [64], the authors did
not present any information on the risk of bias ratings for
each domain and their rationale.

Reporting and methodological issues

Most included studies did not fully conform to current
reporting guidelines. Information on study characteris-
tics, methodological details, and predictive performance
measures was missing from many papers, and 83% of
developed models were not made available in a format to

allow predictions in new individuals, not making it pos-
sible for others to evaluate or implement them. Only 11
of the 91 included studies (12%) mentioned adherence
to the TRIPOD reporting guidelines [68-70], despite
most (79%) being published after TRIPOD [68, 69] first
became available in 2015. Incomplete and poor report-
ing makes it challenging to synthesise the performance
of models and appraise their risk of bias; it also prevents
future studies from building on previous work, contribut-
ing to large amounts of research waste [31, 71].

The most common methodological concern accord-
ing to PROBAST was not assessing model calibration.
Only a minority of studies evaluated calibration, and a
few reported that calibration was assessed without pre-
senting any results from the assessment. Inadequate
sample size was another concern, particularly in model
development studies. Sample size for model develop-
ment must be large enough to minimise risk of overfit-
ting and ensure precise predictions [34]. Guidelines for
calculating the minimum required sample size for pre-
diction model development [34] and external validation
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[72, 73] are available. Inappropriate or unclear handling
of missing data also occurred frequently, with many
studies not reporting how missing data were handled,
and some using complete-case analysis, which can lead
to reduced precision and biased model performance
estimates [29].

Internal validation was done sub-optimally in many
studies. The most commonly used approach was ran-
domly splitting the sample into training and testing sets,
which is inefficient and does not adequately adjust for
optimism in model performance [74, 75]. Studies that
used bootstrapping or cross-validation did not always
replicate the exact model-building strategy. For instance,
some machine learning-based investigations used cross-
validation techniques for hyperparameter tuning during
model development but failed to replicate this during
internal validation (e.g. by using a nested cross-valida-
tion procedure) [42, 46, 47, 76—80]. Such approaches can
underestimate the amount of optimism in model perfor-
mance [29, 81].

Statistical complexities in the data were not appro-
priately handled in several studies. For instance, some
used a logistic regression approach for model develop-
ment when participants had different follow-up times,
and the prediction horizon was not clearly defined. This
approach is problematic as the predictions do not have
a specific time period, and the duration of follow-up is
ignored [29]. For predicting long-term prognostic out-
comes where the follow-up time for some individuals
is censored, a time-to-event analysis should be used to
correctly account for censoring. Another common issue
was developing a model in nested case—control or case-
cohort data without appropriately adjusting for the sam-
pling fractions from the original cohort (i.e. reweighting
the cases and controls by the inverse of their sampling
fraction), which leads to over-estimated predicted prob-
abilities [29, 82, 83]. This problem also occurred in stud-
ies that corrected the dataset for class imbalance prior
to model development (e.g. using random under- or
over-sampling). As has been shown in recent methodo-
logical work for a variety of modelling approaches [41,
84, 85], developing models on imbalance-corrected data
leads to strong miscalibration (over-estimation of the
outcome risk) without resulting in better discrimination
performance.

Finally, we identified a number of issues in the design
of some model development studies, which affected
the usability of the model in real-world clinical practice
(Table 5). These included defining the moment of pre-
diction and/or prediction horizon retrospectively (using
the event time as reference), using data recorded up to
the event time to make predictions, or defining a target
population that cannot be identified prospectively in
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a clinical setting (e.g. nested case—control studies that
used inappropriate criteria for selection of cases and con-
trols from the wider cohort). Such models can only be
applied in retrospective datasets, making them clinically
unusable.

Implications for practice and recommendations for future
research

Our systematic review has identified a number of mod-
els for prediction of self-harm and suicide risk with good
discrimination and calibration performance in external
validation: the OxMIS model [5] (developed to predict
1-year risk of suicide in individuals with severe mental
illness), and the Simon models [54] (developed to predict
90-day risk of suicide attempt and death following mental
health specialty and general medical visits). The OxMIS
model had two external validations [5, 53] rated at low
risk of bias according to PROBAST. We recommend
that future studies further validate these models in more
recent or local data to assess their robustness and gener-
alisability. Evidence from our systematic review can also
be considered in future updates of clinical guidelines,
including the NICE self-harm guidance [11] and the sui-
cide prevention guidance by NHS England [12], poten-
tially informing their recommendations regarding the use
of suicide prediction models [7].

Despite the publication of so many studies in this area,
very few models are actually used in clinical practice, sug-
gesting a major gap between the development and imple-
mentation of suicide prediction models. Although models
should not be prematurely implemented without ade-
quate validation, many are published with no intention of
being used clinically. Notably, only 7% of developed mod-
els were presented in a format that was aimed at the end
user (i.e. a prediction tool such as an online calculator or
point score system). We also identified some models that
were impossible to apply prospectively, rendering them
clinically unusable. Presentation of model outputs in a
user-friendly format and the involvement of users (e.g.
clinicians and patients) can help address this implemen-
tation gap and improve collaborative approaches to risk
assessment. To support the implementation of models
that show good predictive performance and evidence of
clinical usefulness, future research should also focus on
assessing the cost-effectiveness of promising models and
their impact on clinical decision making and patient out-
comes [86, 87]. The wider context of improving clinical
care and introducing a culture of safety is an important
component to examining these outcomes in addition to
improving assessment [7].

Only a small proportion of the identified models
(less than 10%) were externally validated. The develop-
ment of so many suicide prediction models, often using
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sub-optimal methods, and many answering the same
research question, is a significant source of research
waste. In our view, the focus of the field should shift
more towards external validation of existing models and
comparing their predictive performance, ideally using
head-to-head comparisons of competing models in the
same dataset. Our review identified only one such study
[56]. With more external validation work, it will be pos-
sible for future research to meta-analyse the predictive
performance of competing models and identify sources
of heterogeneity in their performance across different
settings and populations [32, 88, 89].

Our review includes prediction models developed
using both routine and prospectively collected research
data; models cannot be assumed to generalise across dif-
ferent data sources and settings, even if the population
of interest is the same [86, 90]. For instance, a model
developed using predictors based on administrative or
insurance claims data may not be generalisable to set-
tings where predictors are systematically measured
using standardised assessments. Potential challenges to
model transportability across different data sources and
settings include differences in the extent of measure-
ment error in coding predictors [91] and potential biases
inherent in routine data (e.g. low sensitivity of diagnos-
tic codes, missingness patterns systematically related
to illness severity and associated health service use)
[92-94]. Therefore, generalising predictive performance
estimates across different data sources requires caution,
and a new targeted validation may be necessary to assess
model transportability using data representative of the
setting of intended use [90].

When a model shows poor predictive performance
in new patients, researchers should consider refin-
ing and updating the existing model with the data
from new individuals where possible, before develop-
ing a new model from scratch [95]. Updating models
is a more efficient use of the available evidence base
and can provide more robust and stable predictions,
since it generally involves estimation of fewer param-
eters compared to developing a new model [96]. There
are several approaches that differ in the extensiveness
of updating, from simple recalibration methods (e.g.
adjusting the model intercept, with or without recali-
bration of the regression coefficients using a single
adjustment factor) to more extensive revision methods
(e.g. adjustment of specific predictors effects, re-esti-
mating the regression coefficients of all predictors, or
even addition of new predictors) [95]. In general, when
the model shows good discrimination but poor calibra-
tion in new patients (e.g. systematic over- or under-
estimation of risk), simple recalibration approaches
can often improve the calibration to a similar extent
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as more complex revision methods that estimate more
parameters. However, if the model’s discriminative abil-
ity needs to be improved, then more extensive updating
with revision methods may be necessary [95]. To enable
external validation and updating by independent inves-
tigators, complete, accurate, and transparent reporting
of the original development studies is key [70]. There-
fore, future studies should adhere to the TRIPOD + Al
reporting guidelines [70] (https://www.tripod-state
ment.org/), and always provide their final developed
model in a format that can be used by others to make
individualised predictions.

In some circumstances, the development of a new
prediction model may be warranted (for example,
because there are no suitable models for the target pop-
ulation or setting of interest, or due to unavailability of
the predictors from a promising model in a particular
setting). However, this should always be motivated by
clinical need (i.e. a clearly defined target population
and setting, intended moment of model use, and pre-
diction horizon), rather than the availability of datasets
or analytic methods. Before developing a new model,
researchers should ensure that their target population
can be identified in real-world clinical practice and
the model can be used prospectively (rather than only
being applicable to retrospective data where the out-
come status and its timing is known for all individu-
als). Models should be developed in sufficiently large
samples [34] and using appropriate methodology [29,
97, 98]. Nearly all the potential sources of bias that
we identified in the literature were avoidable issues in
study design, conduct, and statistical analysis. These
can be addressed by improved methodological rigour
and following best-practice guidance, as highlighted in
this paper.

Finally, when reporting model performance, research-
ers should focus not only on measures of discrimination
and classification, but also on calibration performance
(preferably using flexible calibration curves) [67] and
clinical utility (for example, by calculating the net ben-
efit of the model) [99-102]. Poorly calibrated models
can provide misleading information to clinicians and
patients, and may lead to over- or under-treatment,
limiting the clinical usefulness of the model [67, 103].
Despite the importance of these performance criteria
for assessing models intended to support clinical deci-
sion making [104], they are largely neglected in the sui-
cide prediction literature. To ensure that a developed
model’s predictions are robust and reliable in new indi-
viduals, researchers should also consider examining the
stability of their models (i.e. the extent to which pre-
dicted risks for a given individual may differ depending
on the particular sample used for model development).
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Methods for quantifying the (in)stability of prediction
models at the development stage have recently been
proposed [33].

Strengths and limitations

This comprehensive systematic review of prediction
models for self-harm and suicide includes models
developed using both machine learning and regression-
based methods, and has been conducted following the
most recent methodological guidance, including for
data extraction and evaluation of risk of bias. However,
our study has a number of limitations. First, our search
covers studies published up to December 2021, with an
update in October 2024 to include new external valida-
tions of the included models. The number of published
prediction models for self-harm and suicide has grown
substantially in recent years. A rigorous review and
critical appraisal of these studies is time-consuming
and requires periodic updating. Given the large number
of models and validations included in our review, it is
unlikely that the addition of newer studies would alter
our main conclusions and recommendations for future
research. Nevertheless, there may be one or more newly
developed models with good predictive performance
and low risk of bias that have been published since our
original search date.

Second, suicide risk assessment scales, checklists, and
tools that were not empirically derived or not based
on statistically derived weights were outside the scope
of this review. Although some risk assessment scales
are used in clinical practice [105], we decided not to
include these as many methodological issues related to
model development, validation, and predictive perfor-
mance (e.g. calibration) do not apply. Other work has
demonstrated mixed discrimination for such risk scales
[106, 107].

Third, most of the screening, data extraction, and risk
of bias assessment was completed by a single reviewer,
with 10% of references/included studies independently
assessed by a second reviewer at each stage. In particular,
the assessment of several PROBAST signalling questions
is somewhat subjective and may have been affected by
lack of duplicate assessment. The rationale for all risk of
bias ratings has been provided in Additional file 5.

Finally, PROBAST is primarily aimed at assessing the
risk of bias for regression-based models. Some specific
issues related to machine learning modelling techniques
(e.g. due to differences in variable selection approaches,
adjustment for overfitting, etc.) [29, 108] are not covered
in the current version but are addressed in an adaptation
of the tool currently under development (PROBAST-AI)
[108]. Furthermore, since the publication of PROBAST in
2019, there have been multiple methodological advances
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in the field, including recommendations for handling
missing data [109] and sample size calculations for model
development [34] and external validation [72, 73, 110],
which should be considered in future updates.

Conclusions

Although several prognostic risk models for self-harm
and suicide have been developed and many show good
discriminative ability, these often answer the same
research question, and over 90% have not been exter-
nally validated, leading to considerable research waste.
Other avoidable sources of waste include methodo-
logical shortcomings and inadequate reporting that
prevents models from being independently validated
and implemented in clinical practice. To address these
sources of waste, future research should focus more
on external validation and head-to-head comparisons
of competing models, updating and recalibration of
existing models, and extending them with new pre-
dictors. New model development work should only be
considered if addressing a clear clinical need for which
no suitable models are available. Studies should fol-
low methodological guidance for the development and
evaluation of prediction models and should be reported
fully, accurately, and transparently. Our review has
identified five models for predicting risk of self-harm
and suicide with good predictive performance in
external validation. These should be further validated
in local settings, followed by recalibration and updat-
ing if necessary. In summary, our review suggests that
blanket criticisms of the predictive performance of risk
models for suicide outcomes are not evidence-based.

Abbreviations

PROBAST Prediction model Risk Of Bias ASsessment Tool

TRIPOD-SRMA  Transparent reporting of multivariable prediction models
for individual prognosis or diagnosis checklist for systematic
reviews and meta-analyses

CHARMS CHecklist for critical Appraisal and data extraction for sys-
tematic Reviews of Prediction Modelling Studies

cl Confidence interval

IQR Interquartile range

ICD International Classification of Disease

EPP Events per candidate predictor parameter

LASSO Least absolute shrinkage and selection operator

SMOTE Synthetic Minority Oversampling Technique

PRISMA Preferred Reporting Items for Systematic Reviews and

Meta-analyses

Supplementary Information

The online version contains supplementary material available at https://doi.
0rg/10.1186/512916-025-04367-6.

Additional file 1. Completed TRIPOD-SRMA Checklist for reporting system-
atic reviews of prediction model studies.

Additional file 2. Supplementary methods and results, Tables $1-S2, and
Figs. S1-54.Table S1 Countries from which data were used for model
development and external validation. Table S2 Additional characteristics



https://doi.org/10.1186/s12916-025-04367-6
https://doi.org/10.1186/s12916-025-04367-6

Seyedsalehi et al. BMC Medicine (2025) 23:549

of included models and external validations. Fig. S1 Histogram of the
number of events per candidate predictor parameter (EPP) based on the
150 models for which EPP could be calculated or approximated. Fig. S2
Cindexes and 95% confidence intervals of suicide death models from
development studies. Fig. S3 C indexes and 95% confidence intervals of
composite outcome models from development studies. Fig. S4 C indexes
and 95% confidence intervals of non-fatal self-harm models from devel-
opment studies.

Additional file 3. List of all reviewed models and validations, with summary
information on the target population, outcome, predictive performance,
risk of bias, and model presentation.

Additional file 4. Discrimination performance results and reported classifi-
cation metrics for all reviewed models, presented separately by validation
type (apparent performance, internal validation, external validation).

Additional file 5. PROBAST ratings and rationale (overall and by domain)
for all reviewed models and validations.

Additional file 6: R script for statistical analyses reported in the manuscript.

Acknowledgements
Not applicable

Authors’ contributions

AS and SF conceived and designed the study. AS and MGTO screened titles,
abstracts, and full texts for inclusion. AS and JB extracted data and assessed
risk of bias. AS analysed the data. AS, TRF, and SF interpreted the findings. AS
and SF wrote the first draft of the manuscript, which all authors revised for
critical content. All authors read and approved the final manuscript.

Funding

AS is funded by a Department of Psychiatry Studentship (University of Oxford),
the Clarendon Fund, the Robert Oxlade Scholarship (St John's College, Oxford),
and the National Institute for Health and Care Research (NIHR) Oxford Health
Biomedical Research Centre (BRC). JB is funded by an NIHR Doctoral Fellow-
ship (NIHR302551). MGTO is supported by the University of Oxford and Linacre
College. TRF receives funding from the NIHR HealthTech Research Centre for
Community Healthcare at Oxford Health NHS Foundation Trust and the NIHR
Applied Research Collaboration Oxford and Thames Valley at Oxford Health
NHS Foundation Trust. SF is funded by the NIHR Oxford Health BRC. The views
expressed are those of the authors and not necessarily those of the NHS, the
NIHR, or the Department of Health and Social Care. The funders had no role in
the conceptualisation, design, data collection, analysis, decision to publish, or
preparation of the manuscript.

Data availability
The datasets used during the current study are available from the correspond-
ing author on reasonable request. R code is provided in Additional file 6.

Declarations

Ethics approval and consent to participate
Not applicable.

Consent for publication
Not applicable.

Competing interests

SF and TRF have previously co-authored model development and validation
studies in this field, including the OxMIS model discussed in this review. The
other authors declare that they have no competing interests.

Author details

"Department of Psychiatry, University of Oxford, Oxford, UK. 2Research Depart-
ment of Primary Care and Population Health, University College London,
London, UK. *Nuffield Department of Primary Care Health Sciences, University
of Oxford, Oxford, UK. *Oxford Health NHS Foundation Trust, Oxford, UK.

Page 18 of 21

Received: 12 March 2025 Accepted: 26 August 2025
Published online: 09 October 2025

References

1. Whiting D, Fazel S. How accurate are suicide risk prediction models?
Asking the right questions for clinical practice. Evid Based Ment Health.
2019;22:125.

2. Nordentoft M, Erlangsen A, Madsen T. Postdischarge Suicides: Night-
mare and Disgrace. JAMA Psychiatry. 2016,;73:1113.

3. Hughes CW. Objective assessment of suicide risk: significant improve-
ments in assessment, classification, and prediction. Am J Psychiatry.
2011;168:1233-4.

4. Olfson M, Marcus SC, Bridge JA. Focusing suicide prevention on periods
of high risk. JAMA. 2014;311:1107-8.

5. Fazel S,Wolf A, Larsson H, Mallett S, Fanshawe TR. The prediction of sui-
cide in severe mental illness: development and validation of a clinical
prediction rule (OxMIS). Transl Psychiatry. 2019;9:98.

6. Fazel S, Runeson B. Suicide. N Engl J Med. 2020;382:266-74.

7. Mughal F, Cipriani A, Newlove-Delgado T, Fazel S. New suicide preven-
tion guidance in England. BMJ. 2025;389:r1140.

8. National Institute for Health and Care Excellence. Cardiovascular
disease: risk assessment and reduction, including lipid modification.
2023. https://www.nice.org.uk/guidance/ng238

9. National Institute for Health and Care Excellence. Early and locally
advanced breast cancer: diagnosis and management. 2024. https://
www.nice.org.uk/guidance/ng101

10.  National Institute for Health and Care Excellence. Ovarian cancer: iden-
tifying and managing familial and genetic risk. 2024. https.//www.nice.
org.uk/guidance/ng241

11. National Institute for Health and Care Excellence. Self-harm: assess-
ment, management and preventing recurrence. 2022. https://www.
nice.org.uk/guidance/ng225

12. NHS England. Staying safe from suicide. 2025. https://www.england.
nhs.uk/long-read/staying-safe-from-suicide/

13. Belsher BE, Smolenski DJ, Pruitt LD, Bush NE, Beech EH, Workman DE,
et al. Prediction models for suicide attempts and deaths. JAMA Psychi-
atr. 2019;76(6).642-51.

14.  Schafer KM, Kennedy G, Gallyer A, Resnik P. A direct comparison of
theory-driven and machine learning prediction of suicide: a meta-
analysis. PLoS One. 2021;16:20249833.

15. Kusuma K, Larsen M, Quiroz JC, Gillies M, Burnett A, Qian J, et al. The
performance of machine learning models in predicting suicidal idea-
tion, attempts, and deaths: a meta-analysis and systematic review. J
Psychiatr Res. 2022;155:579-88.

16. Snell KIE, Levis B, Damen JAA, Dhiman P, Debray TPA, Hooft L, et al.
Transparent reporting of multivariable prediction models for individual
prognosis or diagnosis: checklist for systematic reviews and meta-
analyses (TRIPOD-SRMA). BMJ. 2023;381:e073538.

17. Wynants L, van Smeden M, McLernon DJ, Timmerman D, Steyerberg
EW, van Calster B, et al. Three myths about risk thresholds for prediction
models. BMC Med. 2019;17:192.

18. Papini S, Hsin H, Kipnis P, Liu VX, Lu Y, Sterling SA, et al. Performance of
a prediction model of suicide attempts across race and ethnicity. JAMA
Psychiatr. 2023;80:399-400.

19. Bilén K, Ponzer S, Ottosson C, Castrén M, Pettersson H. Deliberate self-
harm patients in the emergency department: who will repeat and who
will not? Validation and development of clinical decision rules. Emerg
Med J. 2013;30:650.

20. Zheng L,Wang O, Hao S, Ye C, Liu M, Xia M, et al. Development of
an early-warning system for high-risk patients for suicide attempt
using deep learning and electronic health records. Transl Psychiatry.
2020;10:72.

21, Simon GE, Cruz M, Shortreed SM, Sterling SA, Coleman KJ, Ahmedani
BK, et al. Stability of suicide risk prediction models during changes in
health care delivery. Psychiatr Serv. 2024;75:139-47.

22. Papini S, Hsin H, Kipnis P, Liu VX, Lu Y, Girard K, et al. Validation of a mul-
tivariable model to predict suicide attempt in a mental health intake
sample. JAMA Psychiatr. 2024;81:700-7.


https://www.nice.org.uk/guidance/ng238
https://www.nice.org.uk/guidance/ng101
https://www.nice.org.uk/guidance/ng101
https://www.nice.org.uk/guidance/ng241
https://www.nice.org.uk/guidance/ng241
https://www.nice.org.uk/guidance/ng225
https://www.nice.org.uk/guidance/ng225
https://www.england.nhs.uk/long-read/staying-safe-from-suicide/
https://www.england.nhs.uk/long-read/staying-safe-from-suicide/

Seyedsalehi et al. BMC Medicine

23.

24,

25.

26.

27.

28.

29.

30.

31

32.

33.

34

35.

36.

37.

38.

39.

40.

41.

42.

43.

(2025) 23:549

Wilimitis D, Turer RW, Ripperger M, McCoy AB, Sperry SH, Fielstein EM,
et al. Integration of face-to-face screening with real-time machine
learning to predict risk of suicide among adults. JAMA Netw Open.
2022;5:22212095.

McKernan LC, Lenert MC, Crofford LJ, Walsh CG. Outpatient engage-
ment and predicted risk of suicide attempts in fibromyalgia. Arthritis
Care Res. 2019;71:1255-63.

Simon GE, Shortreed SM, Johnson E, Rossom RC, Lynch FL, Ziebell R,
et al. What health records data are required for accurate prediction of
suicidal behavior? J Am Med Inform Assoc. 2019;26:1458-65.

Thomas J, Graziosi S, Brunton J, Z G, P PO, Bond M. EPPI-Reviewer:
advanced software for systematic reviews, maps and evidence syn-
thesis. EPPI-Centre, UCL Social Research Institute, University College
London; 2020.

Moons KGM, de Groot JAH, Bouwmeester W, Vergouwe Y, Mallett S,
Altman DG, et al. Critical appraisal and data extraction for systematic
reviews of prediction modelling studies: the CHARMS checklist. PLoS
Med. 2014;11:21001744.

Wolff RF, Moons KGM, Riley RD, Whiting PF, Westwood M, Collins GS,
et al. PROBAST: a tool to assess the risk of bias and applicability of
prediction model studies. Ann Intern Med. 2019;170:51.

Moons KGM, Wolff RF, Riley RD, Whiting PF, Westwood M, Collins GS,

et al. PROBAST: a tool to assess risk of bias and applicability of predic-
tion model studies: explanation and elaboration. Ann Intern Med.
2019;170:W1.

Wynants L, van Calster B, Collins GS, Riley RD, Heinze G, Schuit E, et al.
Prediction models for diagnosis and prognosis of covid-19: systematic
review and critical appraisal. BMJ. 2020;369:m1328.

Damen JAAG, Hooft L, Schuit E, Debray TPA, Collins GS, Tzoulaki |, et al.
Prediction models for cardiovascular disease risk in the general popula-
tion: systematic review. BMJ. 2016;353:12416.

Damen JAA, Moons KGM, van Smeden M, Hooft L. How to conduct a
systematic review and meta-analysis of prognostic model studies. Clin
Microbiol Infect. 2023;29:434-40.

Riley RD, Collins GS. Stability of clinical prediction models devel-

oped using statistical or machine learning methods. Biom J.
2023;65:2200302.

Riley RD, Ensor J, Snell KIE, Harrell FE, Martin GP, Reitsma JB, et al.
Calculating the sample size required for developing a clinical prediction
model. BMJ. 2020;368:m441.

van Smeden M, Heinze G, van Calster B, Asselbergs FW, Vardas PE, Bruin-
ing N, et al. Critical appraisal of artificial intelligence-based prediction
models for cardiovascular disease. Eur Heart J. 2022;43:2921-30.

van Calster B, Smeden M, Cock BD, Steyerberg EW. Regression
shrinkage methods for clinical prediction models do not guarantee
improved performance: simulation study. Stat Methods Med Res.
2020;29:3166-78.

R Core Team. R: A language and environment for statistical computing
R foundation for statistical computing.

Haddaway NR, Page MJ, Pritchard CC, McGuinness LA. PRISMA2020: an
R package and Shiny app for producing PRISMA 2020-compliant flow
diagrams, with interactivity for optimised digital transparency and open
synthesis. Campbell Syst Rev. 2022;18:21230. https://doi.org/10.1002/
cl2.1230.

Megahed FM, Chen Y-J, Megahed A, Ong Y, Altman N, Krzywinski M. The
class imbalance problem. Nat Methods. 2021;18:1270-2.

Chawla NV, Bowyer KW, Hall LO, Kegelmeyer WP. SMOTE: synthetic
minority over-sampling technique. J Artif Intell Res. 2002;16:321-57.
van den Goorbergh R, van Smeden M, Timmerman D, van Calster B. The
harm of class imbalance corrections for risk prediction models: illustra-
tion and simulation using logistic regression. J Am Med Inform Assoc.
2022. https://doi.org/10.1093/jamia/ocac093.

Kessler RC, Bauer MS, Bishop TM, Demler OV, Dobscha SK, Gildea SM,
et al. Using administrative data to predict suicide after psychiatric
hospitalization in the Veterans Health Administration system. Front
Psychiatry. 2020;11:390.

Chen Q, Zhang-James Y, Barnett EJ, Lichtenstein P, Jokinen J, D'Onofrio
BM, et al. Predicting suicide attempt or suicide death following a visit
to psychiatric specialty care: a machine learning study using Swedish
national registry data. PLoS Med. 2020;17:e1003416.

44,

45.

46.

47.

48.

49.

50.

51.

52.

53.

54,

55.

56.

57.

58.

59.

60.

62.

63.

64.

Page 19 of 21

Wei Y-X, Liu B-P, Zhang J, Wang X-T, Chu J, Jia C-X. Prediction of recur-
rent suicidal behavior among suicide attempters with Cox regression
and machine learning: a 10-year prospective cohort study. J Psychiatr
Res. 2021;144:217-24.

Konttinen H, Sjdholm K, Jacobson P, Svensson P-A, Carlsson LMS,
Peltonen M. Prediction of suicide and nonfatal self-harm after bariatric
surgery: a risk score based on sociodemographic factors, lifestyle
behavior, and mental health. Ann Surg. 2021;274:339-45.

Sanderson M, Bulloch AG, Wang J, Williams KG, Williamson T, Patten
SB. Predicting death by suicide following an emergency department
visit for parasuicide with administrative health care system data and
machine learning. E Clin Med. 2020;20:100281.

Sanderson M, Bulloch AG, Wang J, Williamson T, Patten SB. Predicting
death by suicide using administrative health care system data: can
recurrent neural network, one-dimensional convolutional neural
network, and gradient boosted trees models improve prediction
performance? J Affect Disord. 2020;264:107-14.

Zhang X, Sun S, Peng P, Ma F, Tang F. Prediction of risk of suicide
death among lung cancer patients after the cancer diagnosis. J
Affect Disord. 2021;292:448-53.

Garcia de la Garza A, Blanco C, Olfson M, Wall MM. Identification of
Suicide Attempt Risk Factors in a National US Survey Using Machine
Learning. JAMA Psychiatry. 2021;78:398-406.

Motto JA, Heilbron DC, Juster RP. Development of a clinical instru-
ment to estimate suicide risk. Am J Psychiatry. 1985;142:680-6.
McCoy TH, Castro VM, Roberson AM, Snapper LA, Perlis RH. Improv-
ing prediction of suicide and accidental death after discharge from
general hospitals with natural language processing. JAMA Psychiatr.
2016;73:1064.

lorfino F, Ho N, Carpenter JS, Cross SP, Davenport TA, Hermens DF,

et al. Predicting self-harm within six months after initial presentation
to youth mental health services: a machine learning study. PLoS One.
2020;15:0243467.

Sariaslan A, Fanshawe T, Pitkdnen J, Cipriani A, Martikainen P, Fazel S.
Predicting suicide risk in 137,112 people with severe mental illness in
Finland: external validation of the Oxford Mental lliness and Suicide
tool (OxMIS). Transl Psychiatry. 2023;13:126.

Simon GE, Johnson E, Lawrence JM, Rossom RC, Ahmedani B, Lynch
FL, et al. Predicting suicide attempts and suicide deaths following
outpatient visits using electronic health records. Am J Psychiatry.
2018;175:951-60.

Walker R, Shortreed S, Ziebell R, Johnson E, Boggs J, Lynch F, et al.
Evaluation of electronic health record-based suicide risk prediction
models on contemporary data. Appl Clin Inform. 2021;12:778-87.
Haroz EE, Rebman P, Goklish N, Garcia M, Suttle R, Maggio D, et al.
Performance of machine learning suicide risk models in an American
Indian population. JAMA Netw Open. 2024;7:€2439269.

Walsh CG, Ribeiro JD, Franklin JC. Predicting risk of suicide attempts
over time through machine learning. Clin Psychol Sci. 2017;5:457-69.
Walsh CG, Johnson KB, Ripperger M, Sperry S, Harris J, Clark N, et al.
Prospective validation of an electronic health record-based, real-time
suicide risk model. JAMA Netw Open. 2021;4:211428.

BellouV, Belbasis L, Konstantinidis AK, Tzoulaki I, Evangelou E.
Prognostic models for outcome prediction in patients with chronic
obstructive pulmonary disease: systematic review and critical
appraisal. BMJ. 2019;367:15358.

Bernert RA, Hilberg AM, Melia R, Kim JP, Shah NH, Abnousi F. Artificial
Intelligence and Suicide Prevention: A Systematic Review of Machine
Learning Investigations. Int J Environ Res Public Health. 2020;17:5929.
Burke TA, Ammerman BA, Jacobucci R. The use of machine learning
in the study of suicidal and non-suicidal self-injurious thoughts and
behaviors: a systematic review. J Affect Disord. 2019;245:869-84.
Corke M, Mullin K, Angel-Scott H, Xia S, Large M. Meta-analysis of the
strength of exploratory suicide prediction models; from clinicians to
computers. BJPsych Open. 2021;7:e26.

Ehtemam H, Esfahlani SS, Sanaei A, Ghaemi MM, Hajesmaeel-Gohari
S, Rahimisadegh R, et al. Role of machine learning algorithms in
suicide risk prediction: a systematic review-meta analysis of clinical
studies. BMC Med Inform Decis Mak. 2024;24:138.

Hopkins D, Rickwood DJ, Hallford DJ, Watsford C. Structured data vs.
unstructured data in machine learning prediction models for suicidal


https://doi.org/10.1002/cl2.1230
https://doi.org/10.1002/cl2.1230
https://doi.org/10.1093/jamia/ocac093

Seyedsalehi et al. BMC Medicine

65.

66.

67.

68.

69.

70.

72.

73.

74.

75.

76.

77.

78.

79.

80.

81.

82.

83.

84.

(2025) 23:549

behaviors: a systematic review and meta-analysis. Front Digit Health.
2022;4:945006.

Lejeune A, Glaz AL, Perron P-A, Sebti J, Baca-Garcia E, Walter M, et al.
Artificial intelligence and suicide prevention: a systematic review. Eur
Psychiatry. 2022;65:e19.

Nordin N, Zainol Z, Noor MHM, Chan LF. Suicidal behaviour predic-
tion models using machine learning techniques: a systematic review.
Artif Intell Med. 2022;132:102395.

van Calster B, McLernon DJ, van Smeden M, Wynants L, Steyerberg EW,
Bossuyt P, et al. Calibration: the Achilles heel of predictive analytics. BMC
Med. 2019;17:230.

Collins GS, Reitsma JB, Altman DG, Moons KGM. Transparent reporting
of a multivariable prediction model for individual prognosis or diagno-
sis (TRIPOD): the TRIPOD statement. Ann Intern Med. 2015;162:55-63.
Moons KGM, Altman DG, Reitsma JB, loannidis JPA, Macaskill P, Stey-
erberg EW, et al. Transparent Reporting of a multivariable prediction
model for Individual Prognosis Or Diagnosis (TRIPOD): Explanation and
Elaboration. Ann Intern Med. 2015;162:W1-73.

Collins GS, Moons KGM, Dhiman P, Riley RD, Beam AL, van Calster B,

et al. TRIPOD+AI statement: updated guidance for reporting clinical
prediction models that use regression or machine learning meth-

ods. BMJ. 2024;385:e078378. https://www.bmj.com/content/385/
bmj-2023-078378.

Glasziou P, Altman DG, Bossuyt P, Boutron |, Clarke M, Julious S, et al.
Reducing waste from incomplete or unusable reports of biomedical
research. Lancet. 2014;383:267-76.

Riley RD, Debray TPA, Collins GS, Archer L, Ensor J, Smeden M, et al.
Minimum sample size for external validation of a clinical prediction
model with a binary outcome. Stat Med. 2021;40:4230-51.

Riley RD, Collins GS, Ensor J, Archer L, Booth S, Mozumder S, et al. Mini-
mum sample size calculations for external validation of a clinical predic-
tion model with a time-to-event outcome. Stat Med. 2022;41:1280-95.
Austin PC, Steyerberg EW. Events per variable (EPV) and the rela-

tive performance of different strategies for estimating the out-of-
sample validity of logistic regression models. Stat Methods Med Res.
2017;26:796-808.

Steyerberg EW, Harrell FE, Borsboom GJJM, Eijkemans MJC, Vergouwe
Y, Habbema JDF. Internal validation of predictive models: efficiency

of some procedures for logistic regression analysis. J Clin Epidemiol.
2001;54:774-81.

Kessler RC, Warner CH, Ivany C, Petukhova MV, Rose S, Bromet EJ, et al.
Predicting suicides after psychiatric hospitalization in US Army soldiers:
the Army study to assess risk and resilience in servicemembers (Army
STARRS). JAMA Psychiatr. 2015;72:49-57.

Sanderson M, Bulloch AGM, Wang J, Williamson T, Patten SB. Predict-
ing death by suicide using administrative health care system data: can
feedforward neural network models improve upon logistic regression
models? J Affect Disord. 2019,257:741-7.

Hill RM, Oosterhoff B, Do C. Using machine learning to identify suicide
risk: a classification tree approach to prospectively identify adolescent
suicide attempters. Arch Suicide Res. 2020,24:1-33.

Smith DM, Wang SB, Carter ML, Fox KR, Hooley JM. Longitudinal predic-
tors of self-injurious thoughts and behaviors in sexual and gender
minority adolescents. J Abnorm Psychol. 2020;129:114-21.

Wang SB, Coppersmith DDL, Kleiman EM, Bentley KH, Millner AJ,
Fortgang R, et al. A pilot study using frequent inpatient assessments of
suicidal thinking to predict short-term postdischarge suicidal behavior.
JAMA Netw Open. 2021;4:2210591.

Varma S, Simon R. Bias in error estimation when using cross-validation
for model selection. BMC Bioinformatics. 2006;7:91.

Ganna A, Reilly M, Faire U, Pedersen N, Magnusson P, Ingelsson E.

Risk prediction measures for case-cohort and nested case-control
designs: an application to cardiovascular disease. Am J Epidemiol.
2012;175:715-24.

Sanderson J, Thompson SG, White IR, Aspelund T, Pennells L. Derivation
and assessment of risk prediction models using case-cohort data. BMC
Med Res Methodol. 2013;13:113.

Carriero A, Luijken K, Hond A de, Moons KG, van Calster B, Smeden M
van. The harms of class imbalance corrections for machine learning
based prediction models: a simulation study. arXiv. 2024.

85.

86.

87.

88.

89.

90.

91.

92.

93.

94.

95.

96.

97.

98.

99.

101.

105.

106.

107.

Page 20 of 21

Piccininni M, Wechsung M, van Calster B, Rohmann JL, Konigorski S,
Smeden M. Understanding random resampling techniques for class
imbalance correction and their consequences on calibration and
discrimination of clinical risk prediction models. J Biomed Inform.
2024;155:104666.

Moons KGM, Altman DG, Vergouwe Y, Royston P. Prognosis and prog-
nostic research: application and impact of prognostic models in clinical
practice. BMJ. 2009;338:b606.

Steyerberg EW, Moons KGM, van der Windt DA, Hayden JA, Perel P,
Schroter S, et al. Prognosis research strategy (PROGRESS) 3: prognos-
tic model research. PLoS Med. 2013;10:1001381.

Debray TPA, Damen JAAG, Snell KIE, Ensor J, Hooft L, Reitsma JB, et al.
A guide to systematic review and meta-analysis of prediction model
performance. BMJ. 2017,356:16460.

Debray TP, Damen JA, Riley RD, Snell K, Reitsma JB, Hooft L, et al.

A framework for meta-analysis of prediction model studies with
binary and time-to-event outcomes. Stat Methods Med Res.
2019;28:2768-86.

Sperrin M, Riley RD, Collins GS, Martin GP. Targeted validation: validat-
ing clinical prediction models in their intended population and
setting. Diagn Progn Res. 2022;6:24.

Luijken K, Groenwold RHH, van Calster B, Steyerberg EW, Smeden

M. Impact of predictor measurement heterogeneity across settings
on the performance of prediction models: a measurement error
perspective. Stat Med. 2019;38:3444-59.

Gianfrancesco MA, Goldstein ND. A narrative review on the validity of
electronic health record-based research in epidemiology. BMC Med
Res Methodol. 2021;21:234.

Hayat S, Luben R, Khaw K-T, Wareham N, Brayne C. Evaluation of rou-
tinely collected records for dementia outcomes in UK: a prospective
cohort study. BMJ Open. 2022;12:e060931.

Penington E, Williams R, Tsiachristas A. Risk of bias in routine mental
health outcome data: the case of health of the nation outcome
scales. BMJ Ment Health. 2025;28:@301669.

Janssen KJM, Moons KGM, Kalkman CJ, Grobbee DE, Vergouwe Y.
Updating methods improved the performance of a clinical predic-
tion model in new patients. J Clin Epidemiol. 2008;61:76-86.
Steyerberg AQ, Steyerberg EW. Updating for a New Setting. In:
Clinical Prediction Models: A Practical Approach to Development,
Validation, and Updating. Cham: Springer; 2019. p. 399-429.
Steyerberg EW. Clinical Prediction Models: A Practical Approach to
Development, Validation, and Updating. 2nd ed. Springer Cham;
2019.

Wynants L, Collins G, van Calster B. Key steps and common pitfalls in
developing and validating risk models. BJOG. 2017;124:423-32.
Vickers AJ, Elkin EB. Decision curve analysis: a novel method for evaluat-
ing prediction models. Med Decis Making. 2006;26:565-74.

Vickers AJ, Cronin AM, Elkin EB, Gonen M. Extensions to decision curve
analysis, a novel method for evaluating diagnostic tests, prediction
models and molecular markers. BMC Med Inform Decis Mak. 2008;8:53.
Vickers AJ, van Calster B, Steyerberg EW. Net benefit approaches to the
evaluation of prediction models, molecular markers, and diagnostic
tests. BMJ. 2016;352:i6.

Vickers AJ, van Calster B, Steyerberg EW. A simple, step-by-step guide to
interpreting decision curve analysis. Diagn Progn Res. 2019;3:18.

van Calster B, Vickers AJ. Calibration of risk prediction models: impact
on decision-analytic performance. Med Decis Making. 2015;35:162-9.
de Hond AAH, Steyerberg EW, van Calster B. Interpreting area under
the receiver operating characteristic curve. Lancet Digit Health.
2022;4:2853-5.

Quinlivan L, Cooper J, Steeg S, Davies L, Hawton K, Gunnell D, et al.
Scales for predicting risk following self-harm: an observational study in
32 hospitals in England. BMJ Open. 2014;4:e004732. http://bmjopen.
bmj.com/content/4/5/e004732.abstract

Steeg S, Quinlivan L, Nowland R, Carroll R, Casey D, Clements C, et al.
Accuracy of risk scales for predicting repeat self-harm and suicide: a
multicentre, population-level cohort study using routine clinical data.
BMC Psychiatry. 2018;18:113.

Quinlivan L, Cooper J, Meehan D, Longson D, Potokar J, Hulme T, et al.
Predictive accuracy of risk scales following self-harm: multicentre,
prospective cohort study. Br J Psychiatry. 2017;210:429-36.


https://www.bmj.com/content/385/bmj-2023-078378
https://www.bmj.com/content/385/bmj-2023-078378
http://bmjopen.bmj.com/content/4/5/e004732.abstract
http://bmjopen.bmj.com/content/4/5/e004732.abstract

Seyedsalehi et al. BMC Medicine

108.

109.

110.

112.

113.

114.

117.

120.

121.

123.

124.

125.

127.

(2025) 23:549

Collins GS, Dhiman P, Navarro CLA, Ma J, Hooft L, Reitsma JB, et al. Proto-
col for development of a reporting guideline (TRIPOD-AI) and risk of
bias tool (PROBAST-AI) for diagnostic and prognostic prediction model
studies based on artificial intelligence. BMJ Open. 2021;11:e048008.
Sisk R, Sperrin M, Peek N, Smeden M van, Martin GP. Imputation and
missing indicators for handling missing data in the development and
deployment of clinical prediction models: A simulation study. Stat
Methods Med Res. 2023;096228022311650.

Riley RD, Snell KIE, Archer L, Ensor J, Debray TPA, van Calster B, et al.
Evaluation of clinical prediction models (part 3): calculating the sample
size required for an external validation study. BMJ. 2024;384:e074821.
Su G, Aseltine R, Doshi R, Chen K, Rogers SC, Wang F. Machine learning
for suicide risk prediction in children and adolescents with electronic
health records. Trans| Psychiatry. 2020;10:413.

Walsh CG, Ribeiro JD, Franklin JC. Predicting suicide attempts in ado-
lescents with longitudinal clinical data and machine learning. J Child
Psychol Psychiatry. 2018;59:1261-70.

Lenert MC, Walsh CG. Balancing Performance and Interpretability:
Selecting Features with Bootstrapped Ridge Regression. AMIA Annu
Symp Proc. 2018;2018:1377-86.

Barak-Corren Y, Castro VM, Javitt S, Hoffnagle AG, Dai Y, Perlis RH, et al.
Predicting suicidal behavior from longitudinal electronic health records.
Am J Psychiatry. 2017;174:154-62.

Barak-Corren Y, Castro VM, Nock MK, Mand| KD, Madsen EM, Seiger A,

et al. Validation of an electronic health record-based suicide risk predic-
tion modeling approach across multiple health care systems. JAMA
Netw Open. 2020;3:e201262.

Coley RY, Johnson E, Simon GE, Cruz M, Shortreed SM. Racial/ethnic dis-
parities in the performance of prediction models for death by suicide
after mental health visits. JAMA Psychiat. 2021,78:726-34.

Coley RY, Walker RL, Cruz M, Simon GE, Shortreed SM. Clinical risk pre-
diction models and informative cluster size: Assessing the performance
of a suicide risk prediction algorithm. Biom J. 2021;63:1375-88.
McCarthy JF, Bossarte RM, Katz IR, Thompson C, Kemp J, Hannemann
CM, et al. Predictive modeling and concentration of the risk of suicide:
implications for preventive interventions in the US Department of
Veterans Affairs. Am J Public Health. 2015;105:1935-42.

Kessler RC, Hwang |, Hoffmire CA, McCarthy JF, Petukhova MV, Rosellini
AJ, et al. Developing a practical suicide risk prediction model for
targeting high-risk patients in the Veterans health Administration. Int J
Methods Psychiatr Res. 2017. https://doi.org/10.1002/mpr.1575.
Rahman M, Leckman-Westin E, Stanley B, Kammer J, Layman D, Labouli-
ere CD, et al. Predictors of intentional self -harm among Medicaid men-
tal health clinic clients in New York. J Affect Disord. 2022;299:698-706.
van Mens K, Elzinga E, Nielen M, Lokkerbol J, Poortvliet R, Donker G,

et al. Applying machine learning on health record data from general
practitioners to predict suicidality. Internet Interv. 2020;21:100337.
DelPozo-Banos M, John A, Petkov N, Berridge DM, Southern K, Lloyd

K, et al. Using neural networks with routine health records to identify
suicide risk: feasibility study. JMIR Ment Health. 2018;5:e10144.

Gradus JL, Rosellini AJ, Horvath-Puho E, Street AE, Galatzer-Levy |, Jiang
T, et al. Prediction of sex-specific suicide risk using machine learning
and single-payer health care registry data from Denmark. JAMA Psychi-
atr. 2020;77:25-34.

Gradus JL, Rosellini AJ, Horvath-Puho E, Jiang T, Street AE, Galatzer-
Levy |, et al. Predicting sex-specific nonfatal suicide attempt risk using
machine learning and data from Danish national registries. Am J
Epidemiol. 2021;190:2517-27.

Adams RS, Jiang T, Rosellini AJ, Horvéth-Puho E, Street AE, Keyes KM,

et al. Sex-specific risk profiles for suicide among persons with substance
use disorders in Denmark. Addiction. 2021;116:2882-92.

Jiang T, Nagy D, Rosellini AJ, Horvath-Puho E, Keyes KM, Lash TL,

et al. Suicide prediction among men and women with depression: a
population-based study. J Psychiatr Res. 2021;142:275-82.

Jiang T, Rosellini AJ, Horvéath-Puhd E, Shiner B, Street AE, Lash TL, et al.
Using machine learning to predict suicide in the 30 days after discharge
from psychiatric hospital in Denmark. Br J Psychiatry. 2021;219:440-7.
Tsui FR, Shi L, RuizV, Ryan ND, Biernesser C, lyengar S, et al. Natural lan-
guage processing and machine learning of electronic health records for
prediction of first-time suicide attempts. JAMIA Open. 2021;4:00ab011.

129.

130.

131.

Page 21 of 21

Xu Z, Zhang Q, Yip PSF. Predicting post-discharge self-harm incidents
using disease comorbidity networks: a retrospective machine learning
study. J Affect Disord. 2020;277:402-9.

Collins GS, Ogundimu EO, Altman DG. Sample size considerations for
the external validation of a multivariable prognostic model: a resam-
pling study. Stat Med. 2016;35:214-26.

Janssen KJM, Donders ART, Harrell FE, Vergouwe Y, Chen Q, Grobbee
DE, et al. Missing covariate data in medical research: to impute is better
than to ignore. J Clin Epidemiol. 2010;63:721-7.

Moons KGM, Kengne AP, Woodward M, Royston P, Vergouwe Y, Altman
DG, et al. Risk prediction models: I. Development, internal validation,
and assessing the incremental value of a new (bio)marker. Heart.
2012,98:683.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub-
lished maps and institutional affiliations.


https://doi.org/10.1002/mpr.1575

	Prediction models for self-harm and suicide: a systematic review and critical appraisal
	Abstract 
	Background 
	Methods 
	Results 
	Conclusions 

	Background
	Methods
	Searching and selection of articles
	Data extraction and risk of bias assessment
	Statistical analyses
	Patient and public involvement

	Results
	Overview
	Sample characteristics
	Outcomes
	Analysis methods
	Model presentation
	Predictive performance
	Development and internal validation
	External validation
	Discrimination performance stratified by model dimensionality and data source

	Risk of bias

	Discussion
	Comparison with previous reviews
	Reporting and methodological issues
	Implications for practice and recommendations for future research
	Strengths and limitations

	Conclusions
	Acknowledgements
	References


