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Overview

1. Prevalence and prediction of suicide and self harm among young people

2. Current results – Applying a ML approach in a youth mental health cohort

3. Clinical practice implications
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Suicide among young people

9.8% increase in suicide rates in the past year for 15-24-year-old males. These rates 

of have remained relatively stable from last year to this for females (Orygen, 2019)

Source: Australia suicide data 2018 (ABS 2019) -

summarised by Mindframe Media

Source: Deaths in Australia, AIHW 2019
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Onset of suicidal behaviours

Kessler et al., 2005. Arch. Gen Psy; Paus et al., 2008. Nature Neu. Sci

Nock et al., 2013. JAMA Psychiatry

“In most cases (55%), treatment starts prior 

to onset of suicidal behaviours but fails to 

prevent these behaviours from occurring.”
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Health services contact and suicide

49 - 90% had contact with primary care services 

within 12 months. 

~45% had contact with primary care service 

within 1 month.

“Highlight the importance of placing suicide 

prevention strategies and interventions within the 

primary care setting”
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Suicide attempts and youth mental health services

Suicide attempt history at entry to care

No - 979 (86%)

Yes -164 (14%)

At least 4x higher than the general 

population (Johnston et al., 2009)

Suicide attempt during 

follow up

No Yes Total

Suicide attempt 

history at 

baseline

No 913 (93%) 66 (7%) 979 (100%)

Yes 139 (85%) 25 (15%) 164 (100%)

Total 1052 (92%) 89 (8%) 1143 (100%)

Reflects the common emergence of these behaviours during this period, and 

therefore the increased risk among those presenting to early intervention services 
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‘Suicide as a complex classification problem’

“Accurate suicide/suicidal behaviour 

prediction may require models that 

consider the complex relationships 

among hundreds of 

predictors…going far beyond 

traditional additive, interactive and 

linear models” (Franklin et al., 2017)

• 365 studies (3,428 risk factor effect sizes) from the past 50 years

• No broad category accurately predicted far above chance 

• Predictive ability has not improved across 50 years of research

• Studies rarely examined the combined effect of multiple risk factors

From risk factors 

to risk algorithms
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ML studies and suicidality 

Many studies have occurred in high-risk populations – patients in ED, psychiatric inpatients during 
hospitalization, psychiatric inpatients after discharge. 

Identifying important model 

indicators - variable selection 

purposes have both replicated 

findings of well-known SITB risk 

factors, and identified novel 

variables 

Modelling underlying subgroups -

have allowed for subgroup 

identification, which in turn has 

helped to inform clinical cutoffs.

Improving prediction accuracy - observed 

greater prediction accuracy than traditional 

statistical methods (e.g. ML AUCs = 0.80–

0.84 vs. multiple logistic regression AUCs = 

0.66–0.68)

Whiting et al., 2019
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• Demographics

• Illness Type, Stage, and 

Clinical Features

• Social and Occupational 

Functioning

• Suicidal Thoughts and 

Behaviour, and Deliberate 

Self-Harm

• Alcohol and Substance Use

• Physical Illness

• Hospitalisations

• Psychological and 

Pharmacological Treatment

• Childhood Mental Illness

• Family History of Mental 

Illness

Baseline

3 months

6 months

1 year

2 years

3 years

4 years

5 years
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Available timepoints

Brain and Mind Youth Cohort – longitudinal study

Clinical and functional outcome data over a 10 year period after initial help-seeking

56 predictors

1 month

297/1842 (16%) engaged in 

self harm (incl. suicide attempts)

N=1842 young people with at 

least 1 – 6 month follow-up

To determine whether 

demographic and clinical 

characteristics at baseline could 

be used to predict who would 

self harm within the next 6 

months

Motivations

(1) Prediction accuracy 

(2) Evaluate clinical utility

(3) Identifying important model 

features (i.e. variables selection)
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Machine learning approach

Source: Iorfino, Ho et al., in preparation

Only the majority class sample of 

Tomek links were removed

Used the Gower distance metric, a 

one-class nearest neighbour algorithm

We built and tested all models using repeated ten-fold cross-validation to generate unbiased optimism-adjusted estimates.

Two data sampling techniques were used to handle the major class imbalance

Class imbalance 

maintained in test set

We used five machine learning methods that can perform both predictive modelling and variable selection to allow 

some transparency and interpretability in the variable contributions to the models.
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Aggregated model performance

Algorithm AUC AUPRC Sensitivity Specificity Precision (PPV)

AUCRF 0.756 (0.043) 0.357 (0.065) 0.840 (0.073) 0.513 (0.103) 0.263 (0.062)

Boruta 0.761 (0.041) 0.361 (0.063) 0.811 (0.072) 0.621 (0.039) 0.294 (0.061)

Lasso 0.762 (0.042) 0.369 (0.068) 0.801 (0.075) 0.625 (0.046) 0.300 (0.056)

Elastic-net 0.761 (0.038) 0.355 (0.056) 0.830 (0.067) 0.629 (0.038) 0.300 (0.058)

BART 0.754 (0.042) 0.343 (0.063) 0.830 (0.071) 0.621 (0.073) 0.292 (0.053)

Density plots of the mean predicted 

probabilities for each group 

Key metric - PPV is the proportion of positive self harm classifications that were actually correct?.
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Consistent predictors across all models

Treatment stimulants
Treatment psychological therapy

Treatment mood stabilisers
Treatment antipsychotics

Treatment antidepressants
History of hospitalisation

Physical health problem other
Neurological problem

Metabolic problem
Endocrine problem

Any physical health problem
Childhood depression

Childhood autism spectrum
Childhood anxiety
Childhood ADHD

Any childhood disorder
Family history of suicide

Family history of substance
Family history of psychosis

Family history of depression
Family history of bipolar
Family history of anxiety
Family history of alcohol
Substance use disorder

Psychosis−like experiences
Psychosis

Other disorder
Mania−like experiences

Depression
Clinical stage

Circadian disturbance
Bipolar disorder

Anxiety
Sex
Age

SOFAS
NEET

History of suicide ideation
History of selfharm
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Low prevalence and prediction limitations

Pooled PPVs for predictive instruments were: 

• Suicide - 5.5% (95% CI 3.9–7.9%)

• Self-harm - 26.3% (95% CI 21.8–

31.3%)

“No ‘high-risk’ classification was clinically useful. 

Prevalence imposes a ceiling on PPV.” 
Carter et al., 2017. BJPsych

Major critique of all suicide prediction tools

Low PPV means ‘high risk’ classifications 

would subject many to unnecessary intrusion 

or coercion, and exclude many who go on to 

end their life/self harm  (Belsher et al., 2019) 

Menke et al., 2017 

Simulations comparing 6 sensitivity and specificity combinations.
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Net benefit approach for evaluating models

A balance needs to be struck between saving a life/preventing harm (i.e. intervening with 

a true positive) and increasing clinician and patient burden (intervening with false 

positives) for rare outcomes (Kessler et al., 2019 – Molecular Psychiatry)

Net benefit – evaluates the relative value 

of intervening with a true positive and not 

intervening with a false positive, to decide 

on the utility of an intervention in clinical 

practice when employed at different 

thresholds.

CASE EXAMPLE

The use of statins for patient 

between 40- 75 with mildly 

elevated cholesterol…500 

person-years of treatment are 

needed to prevent one case of 

atherosclerotic CVD (Stone et al., 2014)
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Clinical practice implications

“…focus efforts on developing effective low 

resource intensity interventions that acknowledge 

a high false positive rate.”
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Needs-based 

multidimensional 

assessment aimed at 

reducing exposure to 

modifiable risk factors

(e.g. InnoWell Platform)

Presenting 24/7 helpline 

and emergency service 

phonelines and online 

services

Comprehensive 

clinical assessment

Developing a safety 

plan

Brief caring text 

messages

Cognitive 

behavioural therapy 

(CBT)

Psychodynamic 

interpersonal therapy

Dialectical 

Behavioral Therapy 

(DBT)

Multidisciplinary 

case management

Pharmacotherapies ED/Hospitalisation

Service level

Individual level

Most clinical practice guidelines 

recommend against using structured suicide 

prediction tools – yet allocation of more 

intensive interventions often involves the 

use of informal triage rules (Kessler et al., 2019)

Costs of intervention

How can we used these tools as an 

adjunct to guide clinical decision making

about more specific interventions?
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Summary

– Suicide is a complex classification problem – ML methods provide 
the opportunity to improve classification and understanding

– Current results (AUC, PPV) are better than traditional models and 
risk tools, however further work is required to improve prediction 
(e.g. more data/features, explore use of deep learning)

– Net-benefit may be an important alternative metric to evaluate 
models when prevalence imposes a ceiling on PPV. 

– We need to be looking towards real-world clinical evaluations 
that examine the net-benefits of using these tools to support 
clinical decision-making rather than replace it.
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Thank you

Any questions?

Special thanks to the Brain and Mind Centre and Innowell teams

in partnership with


