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Preface 

The chapters of this thesis contain seven published, peer-reviewed articles. At the time of first 

submission, two of these manuscripts were  under peer-review at scientific journals. The final 

published versions have been included in the final version of this thesis. This thesis has been 

submitted digitally in PDF format. To increase the ease of navigating between chapters for the reader, 

hyperlinks have been added throughout, so that clicking on the blue text will bring the reader to the 

relevant chapter or paper. Chapters 2, 3 and 4 each contain two articles, and Chapter 5 contains one. 
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Abstract 

Suicidal behaviour is a leading cause of premature mortality and morbidity in young people. In 

Australia and other high-income countries, rates of suicide and suicidal behaviours in young people 

have increased despite increased public awareness and investment in suicide prevention. Suicide 

prevention can be categorised into interventions designed to operate at a population-level or targeted 

to specific populations or settings, such as clinical services. Whole of population interventions can 

also have an important role in reducing suicidal behaviour (SB) in clinical populations, for example 

restricting access to lethal means. Other population interventions may be expected to have less impact 

on reducing suicidal behaviour in high-risk groups, such as clinical populations, if they do not target 

the factors driving increased suicidality in these populations. The efficacy of clinical suicide 

prevention relies on in-depth, contemporaneous understanding of suicidal behaviour in clinical 

populations. Mental health system reform over the last two decades has led to the development of 

youth mental health (YMH) services designed to deliver early intervention care to young people to 

reduce the burden of disease. This has created a new clinical cohort distinct from population samples 

or clinical samples of adults accessing mental health services. 

The overall aim of this thesis was to generate new scientific understanding of suicidal behaviour in 

these new clinical cohorts, which may be applied in clinical services to improve the care of young 

people experiencing suicidal behaviour, and ultimately reduce the impact of youth suicide. This thesis 

first reviews existing methodology in suicide research in Chapter 2, before shifting focus to novel 

methodologies in Chapter 3, which considers the application of machine learning to suicide research. 

In Chapter 2 systematic review and meta-analyses of 70 years of research on suicide deaths is used to 

assess the predictive performance of key risk factors used to direct clinical suicide prevention. 

Chapter 2.1 reports the poor sensitivity and specificity of suicidal ideation (SI) for suicide death, 

such that 60% of those who later die by suicide had denied suicidal ideation at a specified earlier time 

point. Chapter 2.2 tests the hypothesis that suicidal behaviour (SB) is a stronger predictor of future 

suicide death, finding SB associated with a slightly greater odds ratio of suicide death, though the 

difference between the two was non-significant. Both studies conclude that the population and setting 

of suicide research have a significant impact on the strength of associations and outcomes reported. 

Chapter 3 focuses on the application of machine learning (ML) modelling to the prediction of 

suicidal behaviour. Chapter 3.1 first synthesizes the relative strengths, opportunities, and key 

limitations of ML applied to clinical suicide prevention. These insights are then applied in Chapter 

3.2, a longitudinal study of young people accessing youth mental health services. Machine learning 

algorithms were applied to develop predictive models of suicide attempts (SA) and deliberate self- 

harm (DSH). Models of SA were associated with superior performance relative to those predicting 
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DSH. Models predicting new-onset or repeat DSH or SA performed no better than chance, however 

for the latter PPV remained high, indicating that all young people who present to services with 

DSH/SA should receive assertive clinical interventions. There was some evidence of distinct 

symptom profiles predicting future SA versus DSH, however there was significant cross over between 

these behaviours. A history of either DSH or SA was the strongest predictor of future behaviour, 

followed by clinical symptoms of common mental disorders. 

The latter half of this thesis then considers the opportunities presented by incorporating new forms of 

data into future predictive modelling in suicide research. Chapter 4 first explores the utility of 

cognition as a potential biomarker of suicidal behaviour in young people, before Chapter 5 applies 

data linkage to assess mortality outcomes and health service use in a YMH cohort. Chapter 4.1 

reviews the evidence for a key proposed cognitive phenotype of suicidal behaviour in this cohort, 

impulsivity, finding that impulsivity is associated with a small to moderate effect on suicidal 

behaviour, relative to healthy controls, but not psychiatric controls. There was no evidence that sub- 

types of impulsivity were more useful predictors than a broader construct of impulsivity, nor that the 

type of self-harm or suicidal behaviour (whether associated with suicidal intent or not) was a 

moderator of effect. Chapter 4.2 then assessed whether incorporating neurocognitive assessment into 

clinical care could improve prediction of suicidal behaviour at 12 months follow up. Deficits of 

cognitive flexibility were a key predictor of future SB. Unexpectedly, young people with SB were 

found to have superior cognitive functioning on a range of cognitive tests measuring executive 

functioning relative to clinical controls and population norms including processing speed, working 

memory, delayed verbal memory and visuospatial memory. This finding suggests the neurocognitive 

profile of young people with suicidal behaviour is unique, relative to older cohorts with suicidal 

behaviour. 

Finally, Chapter 5 presents the first study of mortality outcomes of this cohort Australia, finding that 

despite being earlier in the course of illness the risk of premature mortality in young people in this 

cohort is twice that of the general age-matched population, which increases to a five-fold increase for 

males. Suicide was the leading cause of death in this cohort, followed by accident and injury. Self- 

poisoning, whether intentional or accidental, was a primary or contributing cause in 43% of deaths. 

Prior emergency department presentation for any type of poisoning (whether accidental or intentional) 

was associated with the greatest hazard ratio for future death due to suicide or accident. 

The findings of this thesis are severalfold, firstly the characteristics of suicidal behaviour in young 

people accessing mental health services are unique in terms of social, clinical and cognitive 

predictors. There is significant overlap between self-harm without suicidal intent and suicide attempts 

in this cohort suggesting that differentiating between types of self-harm based on intent may be less 

useful in than in population cohorts. The high burden of disease associated with self-harm and 
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suicidal behaviour suggests that all young people accessing mental health services should receive 

evidence-based suicide prevention interventions. Further, the high rates of adverse outcomes due to 

accident and injury, drug and alcohol use and emergency department presentations, highlight the 

importance of taking a comprehensive approach to reducing premature mortality and morbidity in this 

cohort. These findings suggest that developing strategies and designing interventions to address a 

broader construct of harm should be considered. 

Leveraging the digital transformation of mental health services to develop system-wide approaches to 

assessment and delivery of interventions designed to reduce suicidal behaviours and associated harms 

presents a major opportunity in translational research and clinical service delivery. The optimal use of 

digital platforms and devices can increase the quality of clinical care, by improving access and 

consistency of interventions and capture new forms of high-quality data that can be used to further 

knowledge of suicidal behaviour. 
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Chapter 1: Introduction 

1.1 Suicide in young people 

Suicide is a leading cause of death in young people, and associated suicidal behaviours are a major 

cause of morbidity. In Australia, suicide rates have increased amongst young people aged 15-19 (from 

8.0 in 2010 to 11.5 suicides per 100,000 in 2019), as well as those aged 20-24 (11.8 in 2010 to 16.4 

suicides per 100,000 in 2019), such that suicide is the leading cause of death amongst those aged 15- 

35 years (1). Suicide rates amongst young men are twice that of young women, such that 75% of 

suicide deaths in occur men (2). First nations communities are also disproportionately impacted by 

youth suicide (3). Other demographic groups at greatly elevated risk of suicide, include those 

identifying as LGBTQI, military veterans, people living with mental illness and rural and remote 

populations (4-6). Australia’s increasing youth suicide rates are not unique, and other high-income 

countries, such as the United States and the United Kingdom report similar trends (7-9). In low- and 

middle-income countries, where 80% of global suicide deaths occur, data on suicide mortality rates 

are less readily available (10). 

The impact of suicide on families and communities is profound, and those who lose a loved one to 

suicide are impacted over a lifetime. Exposure to suicide is also known to increase the risk of suicide 

amongst family, peers and other community members. The risk of contagion may be particularly 

acute in communities already at increased risk, and exposed to poverty, trauma and discrimination, 

such as in First Nations communities or amongst LGBTQI young people (11). Although suicide is a 

leading cause of death in young people, crude suicide rates per 100,000 are generally lower in young 

people than in older age groups, which reflects the lower mortality rates from other causes in this 

group (12). However, the societal costs of youth suicide are immense due to the years of life lost. 

From a health economic perspective youth suicide in Australia is estimated to cost up to $22 billion 

per year via lost productivity, bereavement and health system costs (13). 

Rates of suicidal behaviour, including suicide attempts and non-suicidal deliberate self-harm, have 

also been increasing in young people (14, 15). This is of particular concern given suicidal behaviour 

and self-harm are key predictors of future suicidal behaviour and suicide death (16). Independent from 

its relation to suicide death, self-harm is a major cause of morbidity in adolescents and young adults, 

and the leading cause of Disability Adjusted Life Years (17). 
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1.2 Theoretical models of suicidal behaviour 

The complex and multifaceted nature of suicide and self-harm has given rise to a range of theoretical 

models grounded in different disciplines. Early sociological theories of suicide emphasized the role of 

social integration, where an individual’s connection to, and identification with a group has a 

protective effect against suicidal ideation and behaviour. These theories propose that the social ties an 

individual has to the group give life meaning and also bring social support, validation and 

companionship (18). Conversely, the disruptions to these connections, that may occur with 

relationship breakdown or loss of employment, or through structural social inequities, discrimination, 

and major disruptions to social bonds, such as that experienced by first nations communities in post- 

colonial societies, act to increase risk of suicide. 

Theories grounded in clinical sciences, such as psychology or psychiatry, have focused on the strong 

association between suicide and mental illness. These theories examine the suicidal process at the 

level of the individual, rather than at a group or population level. Psychological and cognitive theories 

look to the role of cognitions such as hopelessness and worthlessness, or psychological traits, such as 

perfectionism and cognitive inflexibility in driving suicidal ideation and behaviour (16). Biological 

theories have used a range of modalities, such as neuroimaging, molecular science and genetics, to 

identify structural and functional brain or systemic changes associated with suicidal behaviour (19). 

Many theories recognise the importance of both static and dynamic risk factors in the expression of 

suicidal behaviour. For example, Mann’s stress-diathesis model of suicidal behaviour, proposes an 

individual has a diathesis, or trait-like, static disposition towards a particular response when under 

conditions of stress, leading to emergence of the suicidal state (20). 

In recent decades there has been a convergence of theories of suicide, under the ‘ideation-to-action 

framework’ of suicidal behaviour, which aim to differentiate those who develop suicidal ideation 

from those who engage in suicidal behaviour (21). Ideation-to-action frameworks include influential 

theories of suicidal behaviour such as the Interpersonal-psychological theory (IPT) of suicidal 

behaviour (22) and the Integrated Motivational-Volitional (IMV) theory (23). The Interpersonal-

psychological theory, for example, considers suicide to be a result of the interplay between three key 

factors; the first two, perceived burdensomeness and thwarted belongingness are necessary for 

suicidal ideation, while the third, acquired capability for suicide, describes the factors necessary for 

suicidal action. Though influential, many theoretical models are difficult to test empirically, and the 

relative weighting of different contributing factors is unclear. There is also some evidence that 

leading theoretical models, such as the IPT model, may be less valid in young people (24-26). For 

example, Barzilay et al (2017) found that the association between acquired capability and suicidal 

behaviour was independent of 
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perceived burdensomeness/thwarted belongingness in adolescents, and that any effect of the latter two 

constructs on suicidal behaviour was largely mediated by depressive symptoms. 

Critics have also highlighted the failure of many leading theories, including ideation-to-action 

frameworks, to integrate with developments within the neurosciences (27) or with frameworks such as 

the Research Domain Criteria (28, 29). These limitations are considered important constraints on 

improving research translation and impact of suicide research, with focus now shifting to the 

development of formal models that can inform computational modelling (30). 

1.3 Differentiating between population and clinical suicide prevention 

Given the major impact of suicide on society, suicide prevention has been a key priority for national 

governments, as well as international bodies, such as the World Health Organisation (WHO) for 

decades. In general, suicide prevention is taken to mean interventions that aim to prevent suicide 

deaths, and may also target suicidal ideation and behaviours, including deliberate self-harm. The 

development of national suicide prevention plans has been central to these efforts. In 1995, Australia 

became one of the first nations with a national strategy published as the National Youth Suicide 

Prevention Strategy (NYSPS), which ran from 1995-1999 (31). Other high-income countries soon 

followed, with the United States developing its first national strategy in 2001 (32), and the United 

Kingdom in 2012 (33). While there have been many goals and interventions common to different 

national strategies, the emphasis on particular approaches to suicide prevention may be influenced by 

the development of new theoretical frameworks, new empirical evidence, as well as health-system and 

political factors. National level suicide prevention strategies typically include goals and interventions 

that combine universal, whole of population approaches and interventions targeting high-risk groups, 

such as clinical populations. (34). Interventions may occur across the spectrum of prevention, 

including primary prevention, as well as secondary and tertiary prevention measures, such as aftercare 

and postvention. Whole of population programs include interventions that aim to increase community 

awareness of suicidality and help-seeking, for example mental health first aid or gatekeeper training 

(35), or public policy measures, such as those that aim to reduce access to means of suicidal 

behaviour, by reducing the availability of pharmaceutical medicines or pesticides (36) or monitoring 

so-called suicide hot spots (37). On the other hand, many population strategies that target sub-groups 

or settings associated with increased risk of suicide, include school-based programs for children and 

adolescents, or programs specific to military veterans or rural populations. 

Clinical suicide prevention is generally used to refer to interventions that occur within the context of 

the health system. Historically, the models of suicidal behaviour influential in clinical services have 

focused on the strong association with mental illness. As a result, clinical services have primarily 
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focused on treating mental health symptoms, such as depression, as a means of reducing suicidal 

ideation and behaviour. Criticisms of this approach have highlighted that this trajectory is only one of 

many possible, and that such an approach may assume a linearity in the association between suicidal 

ideation and suicide deaths, where planning and episodes of suicidal behaviour are intermediate steps 

indicating increased intent and lethality (34). Use of structured risk assessment tools became common 

in many clinical services before concerns became widespread about the limitations of such tools and 

the potential harms associated with their use to inform clinical decision making, particularly where 

clinical interventions may involve hospitalization against the individuals will (34). The limitations of 

risk assessment used in clinical practice are grounded in their low positive predictive value, which is 

inherent for health outcomes associated with low prevalence, such as suicide deaths. In recent 

decades, clinical suicide prevention strategies have included a broader range of measures, including 

use of structured risk assessment tools, brief interventions such as safety planning (38) and means 

restriction counselling, as well as interventions such as suicide-specific psychotherapies and aftercare 

following an episode of suicidal crisis. Implementation frameworks, such as the Zero suicide 

program, have been used to guide clinical services into taking a systematic approach to improving the 

quality of care for suicidal ideation and behaviours (39). 

Australia’s current strategy, the National Mental Health and Suicide Prevention Plan, 2007-2022 (40), 

outlines a whole of government approach, that emphasizes the importance of addressing the social 

determinants of suicide and increasing community awareness and engagement in suicide prevention. 

The plan describes a commitment to early intervention by identifying individuals experiencing 

distress in a broad range of settings, such as community services or workplaces, and supporting access 

to care. The strategy has been used to direct significant government investment in mental health and 

suicide prevention in Australia, with total funding said to have increased by 90% since 2012-13 (41). 

1.4 Early intervention services and suicide prevention 

As with theoretical models of suicidal behaviour, suicide prevention strategies must consider context 

when applied to specific populations, such as young people accessing mental health services. Over the 

last two decades, there has been increasing focus on youth-specific mental health services designed to 

deliver early intervention care with the goal of preventing progression and chronicity of mental illness 

(42). Early intervention services were initially developed for young people experiencing psychosis 

and aimed to reduce the development of chronic mental illness and the associated social and 

functional impairment associated with psychosis (43, 44). Given the success of early intervention for 

psychosis, the paradigm was then applied to a broader range of mental health presentations and 

clinical stages. Despite these services being well received by young people, their families or carers 

and the wider community (45), there has been criticism of the model. Critics have questioned the 

clinical and cost-effectiveness of early intervention clinical services for young people and suggested 
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funding should be re-directed to existing public mental health services designed to treat adults with 

moderate to severe mental illness (46). Regardless of these criticisms, demand for youth mental health 

services have continued to grow. In Australia, and a number of other high-income countries there has  

been an increase in presentations of young people with self-harm to hospitals and mental health 

services (47, 48). The increased demand has contributed to strain on health systems already stretched 

to capacity by the COVID-19 pandemic, and renewed efforts to develop effective and cost-effective 

interventions. 

The increase in self-harm and suicidal behaviour in young people has occurred despite significant 

investments in various suicide prevention programs. Such increases are not easily explained by 

existing theoretical models of suicide, although a number of studies have reported the detrimental 

impact of the societal disruption of the COVID-19 pandemic on the mental health of young people 

(49). Perhaps of the bigger question facing health funders and clinical services, is how the existing 

national and state-level suicide prevention strategies, and the interventions they support, should be 

applied to prevent or reduce the suicidal behaviour of young people. Of concern, many current 

strategies, such as Australia’s, were developed prior to the paradigm shift towards early intervention 

mental health care had been realised. Thus, the unique characteristics of these new clinical cohorts 

were not understood, which may not impact the efficacy of whole of population measures but is a 

crucial element of effective clinical suicide prevention. This thesis does not aim to summarise or test 

suicide prevention interventions, but rather consider the limitations of existing methodologies, the 

opportunities of novel methodological approaches, and the implications for clinical suicide 

prevention in youth mental health services. 
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1.5 Aims of this thesis 

The overall aim of this thesis was to generate new scientific understanding of suicidal behaviour in 

young people accessing mental health services, which may be applied in clinical services in order to 

reduce the impact of suicidal behaviour. 

The first aim of this thesis was to assess the utility of key clinical risk factors in predicting suicide 

deaths. Specifically, the role of suicidal ideation and behaviour, two common risk factors used to 

direct suicide prevention interventions in clinical services. To achieve this, systematic review and 

meta-analysis are used to summarise over 70 years of research on the association between suicide 

death and suicidal ideation or behaviour, as well as potential moderators of effect. 

The second aim of this thesis was to explore the application of machine learning modelling to clinical 

suicide prevention in youth mental health services. To achieve this, a narrative review of initial 

research in the field synthesises the opportunities and limitations of this novel analytic approach. 

These insights are then applied to a longitudinal study of young people accessing youth mental health 

services to assess the performance of predictive modelling using machine learning and consider the 

utility of such models in clinical services. 

The third aim of this thesis was to explore potential biomarkers of suicidal behaviour in young people, 

specifically cognition, and assess whether cognition remains a useful predictor of suicidal behaviour 

in the developing brain. The impact of enhanced clinical assessment, which incorporates cognitive 

testing, on suicide prevention in youth mental health services is then considered. 

The final aim of this thesis was to characterise premature mortality risk in young people accessing 

early intervention youth mental health services, including all-cause and cause-specific (suicide and 

accident-related), as well as health service use predictors of mortality. In doing so, this aim seeks to 

identify new directions, or the re-prioritising of existing approaches, which may increase the impact 

of clinical suicide prevention strategies. 

1.6 Methodology 

i) Sample and setting

While this thesis primarily focuses on the suicidal behaviour of young people (12-30 years old) 

accessing mental health services, at times a broader range of ages and settings are included in order to 

identify characteristics that may differentiate youth clinical cohorts from the wider population. 

20



 

Chapters that include systematic review and meta-analysis (Chapter 2, Chapter 3.1) included studies 

with adults of any age. These studies, as well as Chapter 4.1, also include studies that sampled outside 

of clinical settings, for example population settings or with the inclusion of healthy controls. 

From Chapter 3.2 the thesis narrows to focus exclusively on young people, which includes 

adolescents (12-18) and young adults (up to the age of 30). Chapter 5 tracks outcomes up to 12 years 

after a young person’s initial presentation to an early intervention youth mental health service, thus 

outcomes in adults over the age of 30 are described. 

Chapters 3.2, 4.2 and 5 focus on young people accessing early intervention, youth mental health care 

at the Brain and Mind Centre (BMC) youth clinics in Sydney, Australia. The clinics are primarily 

based at the Brain and Mind Centre, in Camperdown in central Sydney, with an additional clinic in 

Campbelltown in South Western Sydney. These clinics include a mix of early intervention, youth 

mental health services that consist of primary mental health care (headspace) as well as more 

specialised early intervention mental health services, including psychiatrists, psychologists and other 

allied health professionals. These clinics are accessed by young people aged 12-30 years old with 

presentations ranging from early clinical stages, characterised by non-specific symptoms, through to 

full-threshold psychiatric disorders. 

Young people accessing the BMC youth clinics were invited to participate in the Brain and Mind 

Research Register (BPRR), a longitudinal cohort study of 7081 young people presenting to the Brain 

and Mind Centre’s (BMC) youth mental health clinics in the Sydney suburbs between October 2008 

and October 2021 (50). 

Inclusion criteria of the BPRR cohort study were: 

1) Age between 12 and 30 years at first presentation to the service

2) Attendance of at least one visit to the service.

Exclusion criteria of the BPRR cohort study were: 

1) Medical instability or lack of capacity to give informed consent (as determined by a psychiatrist)

2) History of neurological disease (e.g., tumour, head trauma, epilepsy)

3) Medical illness known to impact cognitive and brain function (e.g., cancer, electroconvulsive

therapy in last 3 months) 

4) Clinically evident intellectual disability

5) Insufficient English to participate in the research protocol.

The BPRR records basic social and demographic details, as well as the date of first visit. Sub-cohorts 

of the BPRR contain rich longitudinal clinical assessment (n= 2767) (50) and additional 

neurocognitive or neurobiological assessments (n=1003) (51). The sampled studied in Chapter 4.2 

included 830 young people from the latter cohort who participated in neurocognitive assessment, of 

which 195 were excluded due to primary diagnosis of schizophrenia spectrum disorder. 
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Chapter 3.2 studies a cohort of 801 young people drawn from the Sydney BMC youth clinics and two 

headspace clinics in urban Melbourne. This cohort study, known as the ‘Transitions’ study, was 

designed to investigate outcomes of common presentations to youth mental health services (52). 

In Chapter 5 the entire BPRR cohort (n= 7081) Was linked to three external databases held by the 

Centre for Health Record Linkage (CHeReL) in New South Wales (NSW), Australia (53, 54). These 

databases were the Register of Births, Deaths and Marriages (RBDM), the Australian Coordinating 

Registry (ACR) Cause of Death- Unit Record File (CoD-URF), the Emergency Department Data 

Collection (EDDC) and the Admitted Patient Data Collection (APDC). 

Young people included on the BPRR (n=7081) gave consent for the collection of basic 

sociodemographic information and to be contacted about future research studies. For young people 

who participated in BPRR sub-cohorts including the longitudinal study of clinical and neurobiological 

outcomes and the Transitions study, written informed consent to use of their routinely collected 

clinical data for research purposes was provided by participants and/or their guardians. 

For Chapter 5, which required linking the existing BPRR database to external datasets a waiver of 

consent was granted by the NSW Population and Health Services Research Ethics Committee 

(PHSREC) according to the criteria required for a waiver of consent outlined in the National 

Statement on Ethical Conduct in Human Research (2007). These criteria were (1) that the purposes of 

the study could not be met without temporary re-identification; (2) contacting participants for 

reconsent was not practicable, given the large number of participants and that the key outcome of 

interest was death; and (3) that there was no reason to believe participants would not have consented 

to the use of their routinely collected data for this study, given they had previously consented to more 

sensitive information being accessed, such as their individual medical record. 

ii) Outcomes of interest

This thesis considers suicidal behaviour and non-suicidal self-harm in clinical populations of young 

people as occurring along a spectrum of intent and lethality, in keeping with previous definitions by 

Hawton et al. (55). While suicidal behaviour is the focus of this thesis, non-suicidal self-harm is also 

included as an outcome of interest in a number of studies. Definitions used in each study are described 

in detail in the methods section of each study. In general studies where self-harm associated with 

suicidal intent, and self-harm without suicidal intent, are both a focus of analysis (Chapter 3.2, 

Chapter 5) the terms suicidal behaviour (for the former) and non-suicidal self-harm (for the latter) are 

used. In Chapter 4.2, however, suicidal behaviour was defined as any intentional self-injurious 

behaviour that may result in serious harm or potentially death. This included behaviours regardless of 

whether intent to die was present, given the often-ambiguous nature of intent, particularly in young 

people. Thus, the term is inclusive of behaviours associated with intent to die (suicide attempts) or 

with no intent to die (often termed deliberate self-harm or non-suicidal self-injury). In review papers, 

such as Chapter 4.1, the terms and definitions used in the original research studies are used. 
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Chapter 2: Predictive modelling of suicidal behaviour 

2.1 Suicidal ideation as a predictor of completed suicide 

McHugh, C.M., Corderoy, A., Ryan, C.J., Hickie, I.B., Large, M.M., 2019. Meta-analysis on 

sensitivity of suicidal ideation for completed suicide. British Journal of Psychiatry Open. 

5(2). DOI: 10.1192/bjo.2018.88 

23



2.1.1 Abstract

Background

The expression of suicidal ideation is considered to be an important warning sign for suicide. 

However, the predictive properties of suicidal ideation as a test of later suicide are unclear. 

Objective 

Our objective was to assess the strength of the association between suicidal ideation and later suicide 

measured by effect size, sensitivity and specificity and positive predictive value. 

Method

We located English language studies indexed in PubMed that reported the expression or non-

expression of suicidal ideation among people who later died by suicide or did not. A random effects 

meta-analysis was used to assess the pooled Odds Ratio (OR), Sensitivity, Specificity and Positive 

Predictive Value (PPV) of suicidal ideation for later suicide among groups of people from psychiatric 

and non-psychiatric settings.  

Results

There was a moderately strong but highly heterogeneous association between suicidal ideation and 

later suicide (n=71, OR = 3·41, 95% confidence intervals (CI) 2·59-4·49; 95% prediction intervals 

(PI) = ·42 28·1; I-square = 89·4, Q-value = 661, df (Q) = 70, P(Q) = <·001). Studies conducted in 

primary care and other non-psychiatric settings had similar pooled odds to studies of current and 

former psychiatric patients (OR = 3·86 versus OR = 3·23, P-value = ·7). The pooled sensitivity of 

suicidal ideation for later suicide was 41% (95% CI 35% - 48%) and the pooled specificity was 86% 

(95% CI 76 % - 92 %) both with high between-study heterogeneity. Studies of suicidal ideation 

expressed by current and former psychiatric patients had a significantly higher pooled Sensitivity 

(46% versus 22%) and lower pooled Specificity (81 % versus 96 %) than studies conducted in non-

psychiatric settings. The PPV among non-psychiatric cohorts (0·3% 95% CI ·1%-·5%) was 

significantly lower (Q-value = 35·6, P<·001) than among psychiatric samples (3·9% 95% CI 2·2%-

6·6%).

Conclusions

Estimates of the extent of the association between suicidal ideation and later suicide are limited by 

unexplained between study heterogeneity. However, the utility of suicidal ideation as a test for later 

suicide is limited by a modest Sensitivity and low PPV. 
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2.2 Suicidal behaviour as a predictor of completed suicide 

Large, M.M., Corderoy, A., McHugh, CM., 2020. Is suicidal behaviour a stronger predictor 

of later suicide than suicidal ideation? A systematic review and meta-analysis. Australia and 

New Zealand Journal of Psychiatry. 55(3) 254-267. DOI: 10.1177/0004867420931161 
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2.2.1 Abstract

Objective

Suicidal ideation and suicidal behaviour are both regarded as important risk factors for suicide, but it 

is usually believed that suicidal ideation is less strongly linked to suicide than suicidal behaviours. In 

this study, we assessed and compared the strengths of the associations that suicidal ideation and 

suicidal behaviour have with later suicide using meta-analysis of primary studies reporting both these 

independent variables and the dependent variable of suicide.

Methods

A total of 51 English language publications describing cohort or controlled studies that reported on 

both the association between suicidal ideation and suicide and the association between suicidal 

behaviours and suicide were located using searches for titles in PubMed containing variants of the 

word suicide (suicid*). Suicides were considered to include reported suicides and open verdicts from 

mortality registers. The strengths of the two associations were examined in separate random effects 

meta-analyses and were then compared using mixed effects meta-regression. Subgroups were 

examined according to study characteristics including the definitions of suicidal ideation or behaviour 

used, setting (psychiatric or non-psychiatric), diagnostic mix of the study population, study design 

(cohort or control) and study quality.

Results

suicide but there was no significant difference in the strengths of association (p

there significant differences in the strengths of the two associations in multiple subgroup analyses.

Conclusion

Suicidal ideation and suicidal behaviour are both moderately associated with suicide. Existing data

cannot conclusively demonstrate that suicidal behaviours are more strongly associated with suicide 

than suicidal ideation. Clinicians should not strongly prioritise suicidal behaviour over suicidal 

ideation when considering suicide risk.
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2.3 Chapter summary

In Chapter 2 systematic review and meta-analyses reviewed 70 years of research to assess the role of 

two key risk factors for suicide used to direct clinical care, suicidal ideation (SI) and suicidal 

behaviour (SB). In Chapter 2.1, meta-analysis was used to test the performance of suicidal ideation as 

a screening measure for later suicide. A comprehensive set of performance measures calculated for

suicidal ideation as a predictor of future suicide, highlighted weaknesses of suicidal ideation applied 

as a screening tool given its low sensitivity and only moderate specificity. While there were no 

significant differences based on the age of the sample, there were significant differences between 

sensitivity and specificity in studies that sampled from the general population versus those that 

focused on psychiatric settings, such that SI is an even less effective screening tool in non-psychiatric 

samples. Chapter 2.2 found SB associated with a slightly greater odds of future suicide, though there 

were no significant differences between the two. Studies in non-psychiatric settings or in samples with 

psychosis or mixed psychiatric diagnoses, found SB associated with a greater odds of suicide death.

Both reviews highlight the importance of considering sample and setting when interpreting outcomes 

in suicide research.

With the limitations in the existing suicide research in mind, Chapter 3 will explore the application of 

new approaches to predictive modelling using machine learning. Firstly Chapter 3.1 presents a 

narrative synthesis of findings from initial machine learning models of suicidal behaviour. In Chapter 

3.2 machine learning is then applied to build predictive models of self-harm and suicidal behaviour in 

a longitudinal cohort of young people accessing early intervention mental health services. A set of 

ML algorithms will be applied to a comprehensive set of validated social, psychological and clinical

measures using a data driven approach to identify key predictors.
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Chapter 3: Applying machine learning to the prediction of suicidal 

behaviour 

3.1 A narrative review of machine learning in suicide research

McHugh, C., Large MM. (2020) ‘Can machine-learning methods really help predict 

suicide?’ Current opinion in psychiatry. DOI: 10.1097/YCO.0000000000000609
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3.1.1 Abstract

Purpose of review
In recent years there has been interest in the use of machine learning in suicide research in reaction to

the failure of traditional statistical methods to produce clinically useful models of future suicide. The

current review summarizes recent prediction studies in the suicide literature including those using

machine learning approaches to understand what value these novel approaches add.

Recent findings
Studies using machine learning to predict suicide deaths report area under the curve that are only

modestly greater than, and sensitivities that are equal to, those reported in studies using more 

conventional predictive methods. Positive predictive value remains around 1% among the cohort 

studies with a base rate that was not inflated by case–control methodology.

Summary
Machine learning or artificial intelligence may afford opportunities in mental health research and in 

the clinical care of suicidal patients. However, application of such techniques should be carefully 

considered to avoid repeating the mistakes of existing methodologies. Prediction studies using 

machine-learning methods have yet to make a major contribution to our understanding of the field and 

are unproven as clinically useful tools.
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INTRODUCTION: BACKGROUND

The prediction of suicide has been a focus of mental
health research for decades. However, a practical
method for anticipating individual suicides or even
usefully stratifying patients according to suicide risk
has remained elusive [1,2]. While the fallibility of
suicide risk assessment is now more clearly under-
stood [3,4] suicide risk assessment is still held to be a
key element of suicide prevention [5,6]. Perceived
suicide risk can be used to justify coercive and
restrictive care of individual patients, for example
by involuntary hospitalization, with the reasoning
that the certain but limited harms associated with
the treatment are outweighed by the less certain but
catastrophic effects of suicide [7]. Similarly, it has
been suggested that suicide prevention can be
achieved by targeted interventions given to groups
at higher suicide risk [8]. In recent years, there has
been a surge of interest in the prediction of suicidal
behaviour that seems to have been fuelled by reports
that artificial intelligence or machine learning can
produce predictive models with a higher degree of
accuracy than has been achieved by clinical or more
traditional statistical methods [9]. Proponents of

machine learning have suggested a central limita-
tion in suicide research has been the number and
complexity of interacting suicide risk factors. Tradi-
tional statistical approaches such as logistic regres-
sion and various survival analyses methods have a
limited ability to analyse a large numbers of varia-
bles and cannot consider more complex and con-
tingent interactions. In contrast machine learning
has the potential to recognize complex patterns of
interacting risk factors and might, as a result have
more utility.

Perhaps the most important limitation in sui-
cide prediction that needs to be overcome is the base
rate problem. In line with Bayes’ Theorem, events
like suicide that have a very low base rate can only be
predicted using methods that have an extraordinary
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ability to discriminate between lower and higher
risk groups [10]. Some researchers have argued that
in the face of base rate issues, and the limited
predictive value of current methods, future studies
should focus on more common outcomes such as
suicide attempts [11]. However, there is strong evi-
dence that suicide attempts are distinct to suicide
deaths. For example, suicide attempts are more
strongly associated with female sex and younger
age while suicide occurs more frequently among
men and older people [12].

Another central issue in suicide prediction
research has been the nature and quality of the risk
factor variables. For example, a lifetime history of
suicidal ideation or behaviour are commonly used as
predictor variables when current or recent suicidal
thoughts and behaviour might be more pertinent
[13] because suicidal ideation is known to fluctuate
over short periods of time, and even highly lethal
suicidal behaviour can occur with little planning
[14]. However, a lack of distinction between static
risk factors (such as previous suicide attempts or
childhood trauma) and dynamic or fluctuating risk
factors (such as depressed mood, hopelessness, agi-
tation, intoxication)may not be themost important
limitation of risk factor data. Recent research has
suggested that the recording of historical data about
suicide attempts is less accurate than might be
imagined [15] and one recent study found that
suicide prediction is enhanced if more accurate data
about past hospitalization is available [16].

Suicide prediction using established
statistical techniques

Putting aside concerns about the nature and quality
of suicide risk factors, in recent years the statistical

limitations of both individual risk factors and com-
binations of risk factors have come into focus. After
performing a meta-analytic review of over 50 years
of suicide research into the association between risk
factors and suicide, Franklin et al. [1] emphasized the
surprisingly modest predictive strength of well
known risk factors in longitudinal studies and in a
related study Ribeiro et al. [3] found that a history of
self-injurious thoughts and behaviours ‘only pro-
vide marginal improvement in diagnostic accuracy
above chance’. Similarly a recent meta-analytic
review of studies reporting the association between
suicidal ideation and later suicide found a meta-
analytic area under the curve (AUC) of .676 and
positive predictive value (PPV) of 1.7% over a mean
study duration of 9.1 years [17]. These metrics were
associatedwith pooled sensitivity for suicide of 40%,
and studies outside of specialist psychiatric settings
had a lower sensitivity such that four in five of
suicides would be missed if suicidal ideation was
used as the sole test of later suicide.

It is likely that the number and complexity of
contributing suicide factors places a limit on the
statistical association between any single risk factor
and suicide. To test this hypothesis, Large et al.
examined 50 years of studies that used two or more
clinical risk factors in longitudinal studies of suicide
prediction. Overall they found that a higher risk
category was associated with an odds ratio of 4.84
compared with the lower risk category with a sensi-
tivity of 56% and PPV of 5.5% over 5 years of follow-
up [2]. The authors found that models that included
a greater number of suicide risk factors were not
associated with better predictive metrics. This sur-
prising finding led them to conclude that risk assess-
ment using multiple factors has much the same
statistical limitations as individual risk factors
[18]. However, the vast majority of the studies
included in the meta-analysis used experimenter
derived scales or regression models to combine sui-
cide risk factors. The inability of researcher designed
risk scales or regressions methods to utilize complex
and possibly contingent interactions between risk
factors may have accounted for the disappointing
results.

In 2019, a review by Belsher et al. [19
&&

] exam-
ined 17 studies with suicide prediction models that
had been tested in both experimental and validation
models. This study concluded the ability of such
models to predict future suicidal events was near
zero. These authors suggested that any predictive
model that is accurate should be evaluated within
clinical frameworks to assess the potential impact
on clinical pathways and other outcomes, such as
adverse events and costs to the service. Further the
authors suggest that policy makers and researchers

KEY POINTS

� The low base rate of suicide deaths limits the predictive
power of any model, machine learning or otherwise.

� Continued research in predictive models may be of
clinical utility in some subpopulations if an outcome
with a high enough base rate is chosen and if a
meaningful positive predictive value can be achieved.

� Clinicians and policy makers must be aware of the risks
of the application of machine learning algorithms to
clinical problems.

� Machine learning offers an opportunity to analyse
large amounts of data from novel sources, such as
smartphone, wearables, that may add to increased
understanding of the suicidal phenotypes.

Provision of services to people with mental illness
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should consider what an acceptable PPVmay be, and
if it is too low to actually inform change in clinical
care then such modelling should be abandoned.

Suicide prediction using machine learning

In recent years, there has been growing interest in
using machine learning, used here synonymously
with artificial intelligence to predict suicide

(Table 1) [20
&&

,21
&

,22,23,24
&

]. While these studies
examine a diverse group of patients, and used dif-
feringmethods, two observations can bemade. First,
the AUC results seem to be only modestly greater
than those reported in studies using more conven-
tional predictive methods. Second, the sensitivities
in the highest risk group vary, but might not greatly
exceed the sensitivity of 56% derived by meta-anal-
ysis of more conventional studies. Third, the PPV

Table 1. Studies using machine learning to predict suicide

Study description Base rate
of suicide

Model AUC, and sensitivity
and PPV of highest

risk category

Amini et al. 2016 457 Suicides among a cohort of
5414 people with suicide
attempts in Hamadan province,
Iran (2008–2010)

8.4% Support vector
machines

AUC¼0.72
Sensitivity¼53%
PPV¼13.1%

Artificial neural
networks

AUC¼0.75
Sensitivity¼75%
PPV¼14.7%

DelPozo-Banos et al. 2604 Suicides and 52080
controls identified in Welsh
database of routine health
records (2001–2015)

4.5% Artificial neural
networks

AUC¼0.8
Sensitivity¼64.5%
PPV¼14.3%

Choi et al. 2018 2546 Suicides among a national
cohort of 819951 South
Koreans (2004–2013)

0.3% Support vector
machines

AUC¼0.69

Deep neural networks AUC¼0.68

Gradus et al.
2020

10152 Male and 3951 female
suicides and 130591 male and
134592 female controls from
Danish health registries (1995–
2015)

Men¼7.8%
Women¼2.9%

Classification trees Men
AUC¼0.80
Sensitivity¼32%
PPV¼48%

Women
AUC¼0.88
Sensitivity¼54.4%
PPV¼31%

Kessler, Stein
et al. 2017

240 Suicides among a cohort of
238888 USA military veterans
who had mental health
outpatient visits but had not
been psychiatrically admitted
(2004–2009)

0.1% Naive Bayes, random
forests, support vector
regression and elastic
net penalized
regression

AUC¼0.59
Sensitivity¼22.4%
PPV¼0.4%

Kessler, Hwang
et al. 2017

6360 Suicides among 2112008
USA military veteran controls
(2009–2011)

0.3% Penalized logistic
regression, Bayesian
additive regression
tree

Sensitivity¼2.7%
PPV¼8.1%

Simon et al. 2018 1240 Suicides among two
cohorts of 2960929 insured
patients, USA (2009–2011)

0.04% Penalized LASSO Mental health specialty
visits: AUC¼0.86

Sensitivity¼48%
PPV¼0.26%

Primary care visits
AUC¼0.83
Sensitivity¼43%
PPV¼0.13%

Note that sensitivity was tabulated because it reflects the capture of suicides in the high-risk group and PPV was tabulated because it is associated with the number
of high risk false positive cases per predicted suicide. AUC, area under the curve; LASSO, least absolute shrinkage and selection operator; PPV, positive
predictive value.

Can machine-learning methods really help predict suicide? McHugh and Large
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was limited, in most studies about 1% among the
cohort studies with a base rate that was not inflated
by case–control methodology. Moreover, two stud-
ies explicitly compared the predictive metrics of
machine learning methods and more conventional
statistical approaches. Choi et al. [25

&&

] found that
Cox regression and the machine-learning methods
of support vector machine and deep neural net-
works produced similar AUC statistics of 0.688,
0.687 and 0.683 respectively. Amini et al. [26] also
compared a variety of prediction methods examin-
ing logistic regression decision trees, support vector
machine and artificial neural networks finding
similar AUC statics of 0.752, 0.725, 0.719 and
0.748, respectively.

Other studies have examined the utility of
machine learning to predict suicide attempts.Walsh
et al. [27,28

&

] examined the predictive accuracy of a
machine-learning algorithm to detect suicide
attempts in adults, and later adolescents, from hos-
pital health record data and found an AUC of 0.8–
0.9. Barak-Corren et al. used Bayesian modelling to
predict future suicidal behaviour (attempts or
deaths) using a retrospective cohort design of elec-
tronic health records of 1728549 individuals who
had visited a large healthcare centre three or more
times over a 15-year period. The authors reported
the model had an accuracy of approximately 90%
[29]. However, this apparent level of overall accu-
racy was associated a sensitivity (33–45%), specific-
ity (90–95%) and positive predicative value of (3–
5%) – figures that are quite similar those derived
using traditional statistical techniques. The reported
accuracy in each of these studies benefited from a
relatively higher base rate of suicide attempt when
compared with suicide. In addition, reporting ‘accu-
racy’ may be misleading. Accuracy refers to the true
positives and true negatives divided by the total
number of Individuals, thus when the base rate of
an outcome is low (i.e. low number of true positives)
a high level of accuracy can still be achieved by a
large number of true negatives as is generally the
case in suicide research.

Potential imitations of machine learning
prediction studies

Some authors believe that prediction studies using
machine learningmay have been limited by the way
they reported their findings. In addition to the
difficulty of interpreting accuracy, Fazel and
O’Reilly [30

&

] highlight that the calibration of the
models is rarely reported limiting the interpretation
of the metrics of sensitivity, specificity and AUC.
This lack calibration reporting has been raised con-
sistently as a limitation of machine-learning outside

suicide research [31
&&

]. In a recent review of predic-
tion studies in neurosciences, Poldrack et al. (2019)
raised another limitation of prediction studies using
machine learning, which is the practice of using the
same or overlapping data to train themodels on and
then to test [32

&&

]. This methodological issue may
limit the generalizability of the findings and may be
a particularly relevant in suicide research because
health services can be highly specific to the popu-
lations they serve [33

&

].
It is also uncertain how the detection of suicide

risk from electronic health data can be applied in
practice [19

&&

]. However, lead researchers in the field
of machine learning and suicide believe that
machine learning predictive models may be worth-
while even if they have statistical limitations
because of the low cost. For example a clinician
might be reminded to screen a patient for suicidal
risk on the basis of an artificial intelligence algo-
rithm that works seamlessly with themedical record
[34]. However, the utility such an application is
questionable given guidelines for primary care
already include screening for common mental dis-
orders and suicidal ideation in high risk groups [35].

While it may be that machine learning can
achieve somewhat stronger suicide predictions than
more conventional methods, this does not mean
that machine-learning tools are not vulnerable to
the pitfalls that have hindered the adoption earlier
suicide predictionmethods. For example, the goal of
clinical risk prediction is rarely to predict whether
individuals will engage in suicidal behaviour in the
next 12 months, as is a common outcome in predic-
tive studies [36]. Rather, the clinical goal of a suicide
risk assessment is usually to identify people who are
sufficiently high risk to justify a set of clinical inter-
ventions over much shorter periods. When studies
of very short-term prediction are conducted, they
will be faced with an even more challenging base
rate problem.

One ethically concerning suggestion is that pre-
dictive analytics could be used to rule out those who
do not truly have risk despite presenting for mental
healthcare [33

&

]. In medicine a ‘rule out’ test, must
have high sensitivity, so as not to exclude suicide
cases, a sensitivity that has not been achieved by
machine learning (Table 1). More broadly machine
learning does not impact the distinction between
statistical validity and the clinical utility. In the past
it has been argued that the low PPV of suicide risk
assessment limits the range of indicated treatments
to those that are benign and tolerable to the numer-
ous false positives. Following on from this critics
have suggested risk assessment is not useful in guid-
ing treatment because benign and tolerable inter-
ventions should also be offered to low risk groups
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among whom many if not most suicides will occur
[37,38]. We fear that the distinction between statis-
tical validity and clinical utility might be lost in the
enthusiasm for machine learning, particularly given
the difficulty clinicians and policy makers may have
in understanding the statistical methods. For exam-
ple, the reported high degree of accuracy reported in
some studies may sound more convincing than
other less intuitive predictive metrics that might
be less remarkable. This enthusiasm for new meth-
ods might even trump concern about the lack the
transparency in decisions from ‘black boxes’ of
machine learning [30

&

].

Applications of artificial intelligence and
prediction beyond identifying risk

Some authors suggest that the identification of
individuals at risk may be less relevant in clinical
services than practice of managing risk factors. Tor-
ous and Walker suggest that artificial intelligence
may be useful in identifying risk where previous
suicide attempt or diagnosis of mental illness are
not present. These authors also identify opportuni-
ties for using artificial intelligence to efficiently
disseminate interventions, particularly in the areas
of safety planning, lethal means reduction and pro-
viding supportive contacts [39]. Artificial intelli-
gence might be a driver of more sophisticated
interventions such virtual counsellors, although
such technology is still in the early stages, and early
reviews by users suggest these methods will not be
alternatives to face to face therapy in the near future
[40

&

].
Artificial intelligence might also be used to ana-

lyse continuously collected data, including data
extracted or monitored on social media. To date
the understanding of proximal and fluctuating risk
factors for suicide has been limited by practical
research considerations. An increased capacity to
study proximal factors using technology has been
identified as a major direction of future research
[41]. Use of smartphones, wearable devices, social
media and other connected devices to conduct eco-
logical momentary assessment might allow for col-
lection of data in the real-world settings and across
different time periods. Such sources create complex
data sets which would be unanalysable without
machine learning and might hold opportunities
for both the understanding of suicidal behaviour
and its prevention.

CONCLUSION

Machine learning is likely to afford opportunities in
mental health, but the application of artificial

intelligence should be carefully considered to avoid
repeating the mistakes of existing methodologies.
The application of artificial intelligence without a
thorough understanding its limits may build in bias
into new models. Prediction studies using machine
learning have not yet added convincingly to our
understanding of suicide and superiority in accuracy
of machine learning over other methods is yet to be
established. Prediction studies based on electronic
health records are likely to be limited by the quality
of the input data but novel data sources fromoutside
health systems might add meaningfully to predic-
tion and understanding of suicide. Predicting future
suicidal behaviour is likely to be an elusive goal, but
this should not detract from the importance of
delivering suicide prevention interventions.
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3.2.1 Abstract 

Purpose 

Machine learning (ML) has shown promise in modelling future self-harm but is yet to be applied to 

key questions facing clinical services. In a cohort of young people accessing early intervention youth 

mental health care, this study aimed to establish 1) the performance of models predicting deliberate 

self-harm (DSH) compared to suicide attempt (SA), 2) the performance of models predicting new 

onset or repeat behaviour, and 3) the relative importance of factors predicting these outcomes. 

Methods 

802 young people aged 12-25 years attending early intervention youth mental health services had 

detailed social and clinical assessments at baseline and 509 completed 12 months follow-up. Four ML 

algorithms, as well as logistic regression, were applied to build four distinct models. 

Results 

The mean performance of models predicting SA (AUC: 0.82) performed better than the models 

predicting DSH (AUC: 0.72), with mean positive predictive values (PPV) approximately twice that of 

the prevalence (SA prevalence 14%, PPV: 0.32, DSH prevalence 22%, PPV: 0.40). All ML models 

outperformed standard logistic regression. The most frequently selected variable in both models was a 

history of DSH via cutting. 

Conclusion 

History of DSH and clinical symptoms of common mental disorders, rather than sociodemographic 

factors, were the most important variables in modelling future behaviour. The performance of models 

predicting outcomes in key sub-cohorts, those with new-onset or repetition of DSH or SA during 

follow up, was poor. These findings indicate that the performance of models of future DSH or SA 

may depend on knowledge of the individual’s recent history of either behaviour. 
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Abstract
Purpose  Machine learning (ML) has shown promise in modelling future self-harm but is yet to be applied to key questions 
facing clinical services. In a cohort of young people accessing primary mental health care, this study aimed to establish (1) 
the performance of models predicting deliberate self-harm (DSH) compared to suicide attempt (SA), (2) the performance 
of models predicting new-onset or repeat behaviour, and (3) the relative importance of factors predicting these outcomes.
Methods  802 young people aged 12–25 years attending primary mental health services had detailed social and clinical 
assessments at baseline and 509 completed 12-month follow-up. Four ML algorithms, as well as logistic regression, were 
applied to build four distinct models.
Results  The mean performance of models predicting SA (AUC: 0.82) performed better than the models predicting DSH 
(AUC: 0.72), with mean positive predictive values (PPV) approximately twice that of the prevalence (SA prevalence 14%, 
PPV: 0.32, DSH prevalence 22%, PPV: 0.40). All ML models outperformed standard logistic regression. The most frequently 
selected variable in both models was a history of DSH via cutting.
Conclusion  History of DSH and clinical symptoms of common mental disorders, rather than social and demographic factors, 
were the most important variables in modelling future behaviour. The performance of models predicting outcomes in key sub-
cohorts, those with new-onset or repetition of DSH or SA during follow-up, was poor. These findings may indicate that the 
performance of models of future DSH or SA may depend on knowledge of the individual’s recent history of either behaviour.

Keywords  Suicidal behaviour · Suicide attempt · Deliberate self-harm · Machine learning · Youth · Adolescence

Introduction

Self-harm and suicidal behaviours are common in young 
people and are associated with significant morbidity and 
increased risk of repeat suicidal behaviour and premature 
death by suicide [1, 2]. Population studies of young people 
who engage in self-harm have suggested that the major-
ity of self-harm resolves without intervention [1]. Yet in 
clinical populations of young people, there is evidence 
that early self-harm and suicidal behaviour predicts onset 
and chronicity of major mental illness [2]. Evidence from 
population studies may be inappropriately applied to sui-
cide prevention in clinical populations if the relationship 
between particular risk factors, or processes, and suicidal 
behaviour differ between these two settings. For example, 
male gender is commonly cited as a significant risk fac-
tor for suicide in the population, but appears to be less 
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associated with increased death due to suicide in clini-
cal settings [3]. It has also been argued that the phenom-
enological differences between non-suicidal deliberate 
self-harm and suicide attempts that have been reported in 
population samples may not be as readily apparent in clini-
cal populations [4]. In population samples, non-suicidal 
self-harm is associated with less lethality or severity, more 
repetition and a greater likelihood of cutting than overdose 
or other high-risk methods [5, 6]. Kapur et al. have argued 
that in clinical settings, episodes of non-suicidal self-harm 
are not so easy to distinguish from episodes of self-harm 
with suicidal intent, as they may be in non-clinical popula-
tions [4]. In clinical populations having multiple, interact-
ing risk factors is the norm, rather than the exception, and 
understanding how those factors interact is complex [7].

Studies of complex processes have been aided by devel-
opments in machine learning (ML), which allows for the 
analysis of the high-dimensional data sets, where the number 
of potential predictors exceed the outcome of interest. Initial 
ML studies in suicide research have focused on identify-
ing those at risk of suicidal behaviour in generalist settings 
such as emergency departments or military health services, 
rather than in mental health services [8, 9]. Though impor-
tant, these findings may over-emphasise the clinical utility of 
such models in mental health services where the prevalence 
of suicidal ideation and behaviour and associated risk factors 
is higher, and identification of suicidality via assessment 
and screening is much more likely to be standard practice 
[10, 11].

Theories of suicidal behaviour, such as the Ideation-to-
Action framework, have also emphasised the limited clini-
cal utility of research that identifies predictors of suicidal 
behaviour relative to healthy controls, as these features will 
not necessarily distinguish those with suicidal ideation from 
those who engage in a suicidal act, which is the focus of clin-
ical services [6]. These limitations are important in machine 
learning, because performance metrics such as accuracy are 
influenced by the ratio of those with the outcome to those 
without, that is the prevalence of the outcome in a popu-
lation [12, 13]. Recent reviews of predictive modelling of 
future suicidal behaviour have emphasised the importance 
of understanding sample and setting when interpreting per-
formance metrics [13] and have recommended developing 
predictive models specific to sub-populations where positive 
predictive value is likely to be high enough to meaningfully 
guide adoption of clinical interventions within services [14, 
15].

The current study draws on the approach used by Iorfino 
et al., which applied a set of machine learning (ML) algo-
rithms to routinely collected clinical information to develop 
predictive models of self-harm and suicidal behaviour in 
young people accessing mental health care services [16]. 
Although the use of routinely collected administrative data 

and/or clinical information in electronic health records 
(EHR) has been a focus of much machine learning health 
research, variables collected in EHRs can have limitations. 
For example, many EHRs may include diagnostic data, 
but not validated measures of symptoms or psychological 
constructs.

In the current study, a set of machine learning algorithms 
were applied to a comprehensive assessment battery contain-
ing validated self-report and clinician measures of social, 
clinical and psychological risk factors collected in a cohort 
of young people accessing community-based mental health 
services [17]. The set of algorithms was used to build four 
distinct ML models designed to address key questions facing 
clinical services delivering suicide prevention interventions. 
The study first aimed to establish performance of models 
predicting DSH or SA in the entire cohort, and whether 
performance differed by outcome. The second aim was to 
establish the performance of models predicting outcomes in 
key sub-groups, those with new-onset DSH or SA, and those 
who repeat DSH or SA. Finally, the study aimed to assess 
the relative importance of clinical and psychosocial factors 
predicting these outcomes.

Methods

This study describes a longitudinal cohort study of 802 
young people aged 12–25  years old accessing primary 
youth mental health care, known as the Transitions study 
[17]. The Transitions study was designed to assess a range 
of clinical, social and functional outcomes (including sui-
cidal behaviour) of young people accessing youth-specific 
primary mental health services, known as ‘headspace’ clin-
ics [17, 18]. Young people can self-refer, or be referred by 
clinicians, family members or school counsellors. Although 
the services provided by individual headspace clinics varies, 
the clinics included in this study contained a mix of primary 
mental health care and more specialised mental health ser-
vices. Therefore, the presentations of young people attend-
ing these clinics ranges from non-specific and early-stage 
presentations to more discrete episodes of mental illness, 
including major mood disorder and psychosis [17].

The current study includes 802 young people who 
attended one of four clinics in Melbourne or Sydney, 
between January 2011 and August 2012. 509 young people 
completed a follow-up assessment at 12 months. Participants 
were invited to participate in the study by a trained research 
assistant (RA) after their initial clinical visit. Further details 
of the study methodology have been previously published 
[17]. The Strengthening the Reporting of Observational 
Studies in Epidemiology (STROBE) guidelines were used 
[19].
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Social and clinical assessment

The assessment battery included validated measures of 
clinical and psychosocial risk factors, which included both 
interviewer-led and self-report measures [17]. Measures 
included as part of the baseline assessment are detailed in 
Table 1 and are also detailed in the original study protocol 
[17]. Participants completed comprehensive assessments at 
two timepoints, baseline and 12-month follow-up. Assess-
ment interviews were conducted by RAs, who were trained 
in use of study assessment measures and achieved an inter-
rater reliability of at least 0.8 for interview-led measures. 
Demographic factors collected included age, gender, sexual 
orientation, ethnicity and country of participant’s birth and 
parent’s birth.

Self‑harm and suicidal behaviour outcome 
measures

Questions assessing deliberate self-harm (DSH) and suicide 
attempts (SA) in the 12 months prior to each timepoint were 
interviewer-led and were previously adapted by Patton et al. 
from the Beck Suicide Inventory [20]. Further details of the 
assessment are included in Supplementary material Table 1. 
To ensure that participants who engaged in both deliberate 
self-harm and suicide attempts were not double counted, 
those who engaged in a suicide attempt were analysed in 
the suicide attempt group. History of DSH and/or suicide 
attempt was coded into three categories based on presence 
of a behaviour in the 12 months prior to each assessment; 
(1) those without self-harm, (2) a deliberate self-harm group
(with DSH but had no suicide attempts); and (3) a suicide
attempt group (those who reported having made a suicide
attempt and may or may not have engaged in DSH also).

Statistical analysis

Baseline social and clinical factors were analysed by out-
come at 12 months, using chi-squared tests for categorical 
predictors and ANOVA for continuous predictors. The Bon-
ferroni method was used to adjust for multiple testing. Post 
hoc tests were carried out using Scheffe’s test to determine 
where significant differences were. The baseline characteris-
tics of the 293 participants who did not complete follow-up 
assessment were compared to the remaining sample, using 
t-tests for continuous variables and chi-squared tests for cat-
egorical variables (Supplementary table 3). Missing data
from the 509 participants who did complete follow-up were
inspected and found to be consistent with a missing-at-ran-
dom pattern (Supplementary table 2). No variable was miss-
ing more than 10% of data. Missing data were imputed using
the ‘multivariate imputation by chained equations’ (‘mice’)

package in R [21]. Five imputations were run, using predic-
tive mean matching for continuous variables and logistic 
regression for categorical variables, both used all available 
data. Imputed datasets were modelled separately, and coef-
ficients, standard errors and test statistics were pooled. All 
analyses were performed in R (version 3.6.3) [22].

Model building

We applied four different machine learning algorithms, as 
well as logistic regression, to build four different machine 
learning (ML) models representing different clinical samples 
to address our key questions (Fig. 1). The term ML model is 
used here to refer to a set of algorithms. Each algorithm was 
run for 100 trials and thus, the performance of each model 
represents the mean performance metrics over 500 trials (i.e. 
5 algorithms × 100 trials).

Model 1 compared the group of participants who reported 
DSH at follow-up (but no SA), to all participants who 
reported no self-harm during follow-up. Model 2 compared 
all participants who reported SA during follow-up, to all 
who reported no self-harm during follow-up. Model 3 and 
4 analysed predictors of specific sub-groups, those who 
repeated DSH or SA during care, or those who had new-
onset DSH or SA during care. Model 3 sampled only partici-
pants who reported no self-harm at baseline and compared 
those who reported new-onset DSH or SA at follow-up with 
those who had no self-harm at follow-up. Model 4 sampled 
only participants who reported either DSH or SA at baseline 
and compared those who went on to repeat either behaviour 
during follow-up to those who reported no further DSH or 
SA.

Machine learning algorithms and regression

Each ML model was built by applying multiple machine 
learning algorithms to the set of 50 potential predictors 
(Table 1). This approach is designed to improve predictive 
performance of a model, as well as the validity of variable 
selection out of a large number of potential predictors [12]. 
We followed the methods described in Demetriou et al. [23].
The algorithms selected were Area Under the Curve Ran-
dom Forests (AUCRF), Boruta, Least absolute shrinkage 
selection operator (LASSO) regression, elastic-net regres-
sion and logistic regression. In this study LASSO and elas-
tic-net regression were forms of logistic regression given the 
binary outcome. Both AUCRF and Boruta are variants of the 
random forest (RF) algorithm. For each RF model we gener-
ated 1000 decision trees. For both RF (AUCRF and Boruta) 
and the penalised logistic regression techniques (LASSO 
and elastic-net regression), we used the internal fivefold 
cross-validation to identify the optimal lambda and alpha 
coefficient. Lambda controls the strength of penalization in 
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Table 1   Social and clinical assessment battery

Domain Sub-domains Measure Interpretation

Demographics
Age In years
Gender Male, female, other
Sexuality Heterosexual or same sex attracted

Clinical symptoms (clinician-rated)
 Depression Mood and cognitive symptoms QIDS-8 [21] Higher score denotes greater symp-

tom severity
Suicidal ideation QIDS, item 12 Yes/no, where a score of 2 or more 

indicates yes Sleep and energy Initial insomnia QIDS, item 1
Mid-nocturnal insomnia QIDS, item 2
Early morning wakening QIDS, item 3
Hypersomnia QIDS, item 4
Fatigue QIDS, item 14
Psychomotor slowing QIDS, item 15
Psychomotor agitation QIDS, item 16

 Mania Mania symptoms YMRS, 11 items [22] Higher score indicates greater 
symptom severity in the last 48 h

 Clinical stage Stage 1A Clinical staging model [23] Non-specific symptoms
Stage 1B Attenuated syndrome
Stage 2 +  First episode of discrete disorder 

or persistent, recurrent mental 
illness)

Clinical symptoms (self-reporta)
 Rumination Rumination Rumination scale, 10 items [24] Higher score indicates greater 

rumination
 Psychological distress Psychological symptoms SPHERE-12, 6 items [25] Higher score indicates greater 

symptom severitySomatic symptoms SPHERE-12, 6 items
 Anxiety Generalised anxiety symptoms GAD, 7 items [26] Higher score indicates greater 

symptom severity
Frequency, severity and impact of 

anxiety symptoms
OASIS, 5 items [27] Higher score indicates greater 

symptom severity
 Disordered eating and associated 

behaviours
Preoccupation with weight or 

shape
Purging
Weight loss

SCOFF, 5 items [28] Higher score indicates greater 
symptom severity

 Substance use Alcohol WHO-ASSIST, Q2 [29] High risk/ low risk
High risk indicates at least monthly 

use in last 3 months
Cannabis
Tobacco
Other illicit drugs (excluding 

above)
WHO-ASSIST, Q1 High risk/ low risk

High risk indicates any history of 
use over the lifetime

Psychological and developmental factors (self-reporta)
 Personality Reward-responsiveness BIS/BAS, 24-item scale [30] Higher score indicates higher 

expression of traitFun-seeking
Drive
Behavioural inhibition

 Childhood abuse Physical abuse CTQ, sub-scales [31] Higher score indicates greater 
severity of abuse historySexual abuse

Emotional abuse
 Parenting Care PBI [32]

Paternal
Maternal

Higher score indicates greater expe-
rience of sub-domainOver-protectiveness

Authoritarian
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LASSO and elastic-net regression and alpha controls the 
balance between L1- and L2-regularisation in elastic-net 
regression. Logistic regression, using a backwards stepwise 
approach, was included to allow for comparability between 
the other four algorithms and traditional statistical approach.

Another common problem faced in suicide research 
using machine learning is the issue of unbalanced data-
sets [12]. To account for unbalanced samples the synthetic 
minority over-sampling technique (SMOTE) algorithm 

was used [24], which allows for the number of patients in 
the minority class to be doubled by synthetic generation 
of cases. Borderline samples were identified via Gower 
distance and removed in order to increase the separation 
between sample classes [25]. Additionally, random under 
sampling of the majority class was used to balance with 
the minority class.

Somatic symptoms: refers to symptoms that may occur as part of a somatisation process whereby psychological distress is experienced as physi-
cal symptoms, including musculoskeletal pain, fatigue, poor sleep and/or gastrointestinal symptoms (nausea, diarrhoea, constipation)
ABS Australian Bureau of Statistics, BIS/BAS behavioural inhibition/behavioural activation system, CTQ childhood trauma questionnaire, GAD-7 
generalised anxiety disorder scale, NEET Not in education or employment, PB parental bonding instrument, QIDS quick inventory of depressive 
symptoms, SPHERE somatic and psychological health report, SOFAS social and occupational functioning assessment scale, OASIS overall anxi-
ety severity and impairment scale, WHO-ASSIST World Health Organisation Alcohol, Smoking and Substance Involvement Screening Test
a self-report unless otherwise indicated

Table 1   (continued)

Domain Sub-domains Measure Interpretation

Social factors (self-reporta)
 Current employment or educa-

tion
Education or employment, full-

time or part-time
NEET [33] Yes/no, where no indicates not in 

either employment or education
Social and occupational function-

ing
Level of functioning (clinician-

rated)
SOFAS [34] Higher score indicates higher 

functioning
 Financial stress Difficulty paying rent or utilities 

in last 6 months
ABS 2006 census [33] Higher score indicates greater 

severity of stress
 Recent adverse life events Adverse life events Brugha life stress scale, 11 items 

[35]
Higher score indicates greater 

severity of stress
 Social support Support from friends Schuster Social support scale, 20 

items [39]
Higher score indicates greater expe-

rience of sub-domainSupport from family
Conflict with friends
Conflict with family

Fig. 1   Machine learning model 
building. Model 1 predicts all 
participants who report DSH 
at follow-up (n = 100, yellow 
group) relative to those with no 
self-harm at follow-up (n = 352, 
blue group). Model 2 predicts 
participants who report SA at 
follow-up (n = 57, red group) 
relative to those with no self-
harm at follow-up (n = 352) 
(blue group). Model 3 samples 
only those without self-harm 
at baseline (n = 292). Model 4 
samples only those with either 
DSH or SA at baseline (n = 217)
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Model validation and performance

Models were built and trained using 10 repeats of tenfold 
cross-validation, to address the risk of over-fitting the data 
as can occur in high-dimensional data sets [26, 27]. In each 
fold, samples were trained on 90% of data, and tested on 
10% of data. The test set remained unaltered to assess the 
ML models’ performance on the real-world prevalence of 
deliberate self-harm and suicide attempts. Where the out-
come variables were balanced, neither SMOTE nor random 
under sampling was implemented.

The performance of each algorithm within a model 
was compared using metrics including Area Under the 
Receiver-Operating Curve (AUROC), Area under the Pre-
cision–Recall Curve (AUPRC), sensitivity, specificity, brier 
score and positive predictive value. AUROC is a measure 
of the ability of a statistical model to discriminate between 
a binary outcome at all possible thresholds between 0 and 
1. The ROC curve plots the true positive rate (also referred 
to as sensitivity or recall) against the false-positive rate 
(1 − specificity). An AUROC of 0.5, indicates a statistical 
model is no better at predicting an outcome than chance. 
An AUROC > 0.8 would generally be considered a strong 
performance, and 0.7–0.8 as good, 0.6–0.7 as sufficient and 
0.5–0.6 as weak [28]. The area under the precision–recall 
curve is considered a more valid measure of performance of 
imbalanced datasets when detecting positive cases is impor-
tant [29] The AUPRC plots the precision against recall, and 
hence the baseline for comparison should be the prevalence 
of the outcome in the sample. For example, if the prevalence 
of an outcome is 20%, then an AUPRC of 0.6 would be con-
sidered good, whereas if the prevalence is 60% an AUPRC 
of 0.6 would indicate the performance of the algorithm is 
no better than chance. Brier score measures discrimination 
and calibration, that is the magnitude of error in the prob-
ability estimates [30]. A brier score ranges from 0 (perfect 
accuracy) to 1 (perfect inaccuracy). Positive predictive 
value (PPV) was calculated for each algorithm to allow for 
an assessment of how clinically useful such an algorithm, 
and the ML model it informs, may be. PPV is influenced by 
the prevalence of an outcome in the sample and is depend-
ent on a specific probability threshold, unlike AUROC and 
AUPRC.

Variable selection

As each of the five algorithms produced 100 trials, we 
present summarised statistics for variable selection. For 
AUCRF and Boruta, a variable is deemed selected if it is 
present in the final iteration of the random forest trial algo-
rithm. For the remaining regression-based techniques, a 
variable is deemed selected if the coefficient is not zero.

The frequency with which a variable was selected was 
summed across the 500 trials and ranked against other 
variables for each ML model. Final variable importance 
was determined based on whether a variable was selected 
in greater than 70% of trials per algorithm. Variables were 
also ranked by frequency of selection in descending order, 
with those ranked 1–10 indicating greatest importance.

Results

Of the 802 participants who completed the baseline assess-
ment, 509 participants (mean age 18.3 years, 69% females) 
completed the follow-up assessment at 12 months. Factors 
associated with the 37% (293/802) lost to follow-up were 
being of male gender, having lower baseline social and 
occupational functioning, being of earlier clinical stage 
and being more likely to report lifetime drug use (Supple-
mentary table 3). Bivariate associations between baseline 
clinical and social variables and outcome group are pre-
sented in Supplementary Table 4.

Prevalence and method of self‑harm and suicide 
attempts at baseline

At baseline, 26.7% (214/802) reported engaging in deliber-
ate self-harm but no suicide attempts and 15.8% (128/802) 
reported having made a suicide attempt (Table 2). All 
those who reported a suicide attempt had also engaged 
in an episode of deliberate self-harm. Therefore 42.3% 
(342/802) engaged in at least one episode of deliberate 
self-harm in the 12  months prior to baseline. Cutting 
or burning was the most common method of deliberate 

Table 2   Prevalence of suicidal behaviour at baseline and follow-up

Baseline Follow-up

No self-harm Deliberate self-harm Suicide attempt No follow-up Total

No self-harm, n (%) 251 (54.6) 30 (6.5) 11 (2.4) 168 (36.5) 460 (100)
Deliberate self-harm, n (%) 67 (31.3) 45 (21.0) 23 (10.7) 79 (36.9) 214 (100)
Suicide attempt, n (%) 34 (26.6) 25 (19.5) 23 (18.0) 46 (35.9) 128 (100)
Total 352 100 57 293 802
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self-harm, reported by 70% (238/342) of those who self-
harmed, while overdose or poisoning was the most com-
mon method of suicide attempt, reported by 50% (64/128) 
of those who reported a suicide attempt. Engaging in mul-
tiple methods of self-harm or suicidal behaviour was also 
common, with more than 38% (130/342) reporting engage-
ment in two or more methods.

Prevalence and rates of repetition of self‑harm 
and suicide attempts at follow‑up

Of the 509 participants assessed at follow-up 11.2% (57 of 
509) reported having made a suicide attempt and engaged 
in deliberate self-harm and 19.6% (100 of 509) reported 
an episode of deliberate self-harm without suicide attempt 
in the 12-month follow-up period. All those who made 
a suicide attempt also reported an episode of DSH. The 
proportion of young people with DSH or SA at baseline, 
who repeated DSH or SA in 12 months of follow-up was 
high (53.5%,116/217). Of those who completed follow-
up and had no history of self-harm or suicide attempts at 
baseline, 14% (41 of 292) reported new-onset self-harm 
or suicidal behaviour (DSH without SA 10.3%, SA 3.8%) 
in the follow-up period.

Risk of DSH or SA during follow-up varied by type 
of baseline self-harm behaviour (i.e. intent and method 
used) (Fig. 2A). Young people who reported having made 
a suicide attempt at baseline assessment were twice as 
likely to report having made a suicide attempt during 
follow-up than those who had engaged in DSH only at 
baseline (OR 15.4, CI 6.9–34, vs. OR 7.8, CI 3.6–16.9); 
however, it should be noted that both ORs were associated 
with a wide confidence interval, which overlapped. DSH 
via cutting or burning at baseline was associated with the 

greatest odds of either DSH or SA during follow-up (see 
Fig. 2B). Suicide attempt at baseline by cutting or burning 
and DSH by poison or overdose were both also associated 
with an increased OR of suicide attempt during follow-up.

Machine learning algorithms and model selection

The mean and standard deviation for performance metrics 
of each algorithm, AUCRF, Boruta, Elastic-net regression, 
LASSO and logistic regression, are described in Table 3. 
The performance of each algorithm on the training data-
set is available in Supplementary material (Supplementary 
Fig. 1A–D). The elastic-net regression algorithm was associ-
ated with a slightly better mean AUROC in each ML model, 
aside from Model 3 where it was ranked behind LASSO 
and Boruta. Logistic regression, which was included for 
comparison, was ranked 5th in terms of performance met-
rics in each ML model, aside from Model 1, where Boruta 
was ranked last and logit performance was on par with the 
AUCRF. Aside from logistic regression, which was associ-
ated with reduced performance, other algorithms had similar 
performance.

Model performance

The mean performance of models predicting either DSH 
(Model 1) or SA (Model 2) were both strong. The ML model 
predicting SA was associated with greater mean perfor-
mance metrics than the model predicting DSH (SA: AUC: 
0.82 sensitivity: 0.72, specificity: 0.78, DSH: AUC: 0.72 
sensitivity: 0.62, specificity: 0.73). The mean positive pre-
dictive value (PPV) of the ML model predicting SA was 
approximately twice that of the prevalence (SA prevalence 

DSH

OR (95% CI)

SA

OR (95% CI)

SA: Poison/overdose 1.85 (0.8-4.6) 1.5 (0.6- 4.2)

SA: Other 0.45 (0.2-1.3) 0.6 (0.2-2.0)

SA: Cut/burn 2.54 (0.5-11.9) 8.3 (1.8-37.1)

DSH: Poison/ 
overdose

0.9 (0.2-5.0) 6.7 (1.5-29.4)

DSH: Other 2.84 (1.5-5.4) 1.6 (0.6-3.9)

DSH: Cut/burn 5.4 (3.2- 9.1) 8.5 (4.3-16.6)

A. B.

Fig. 2   Method of behaviour at baseline and likelihood of further DSH 
or SA. Samples only those young people who reported DSH or SA 
at baseline (n = 342) and includes those lost to follow-up. A presents 
the proportion of young people in each outcome group by method of 

DSH or SA at baseline, and B presents the odds ratio of either out-
come, DSH or SA, according to baseline behaviour and method. Ref-
erence group for odds ratio calculations was those who completed 
follow-up and reported no further self-harm
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14%, PPV: 0.32), as was the ML model predicting DSH 
(prevalence 22%, PPV: 0.4).

Model 3 which tested the ability of the algorithms to 
predict new-onset DSH or SA during follow-up amongst 
participants who reported no history of DSH or SA at 
baseline performed poorly (AUROC 0.55, AUPRC: 0.16, 
sensitivity: 0.26, specificity: 0.76). Both AUROC and 
AUPRC indicated that Model 3 is little better than chance 
at predicting new-onset DSH or SA. Model 4 which tested 
the ability of the algorithms to predict repetition of DSH 

or SA among those who reported either behaviour at base-
line, performed slightly better (AUROC 0.63, sensitivity: 
0.53, specificity: 0.67). The mean positive predictive 
values of Models 3 and 4 were only slightly greater than 
prevalence (Model 3 prevalence 14%, PPV: 0.17, Model 4 
prevalence 53%, PPV: 0.63).

Variable selection

Models 1 and 2 were used for variable selection as the 
performance metrics of these models indicated they were 

Table 3   Performance metrics of each algorithm by model

Each algorithm was run over 100 trials, thus results of 500 trials were used to calculate mean and standard deviation of each performance met-
ric. In the ML models with samples that were unbalanced in terms of outcome groups (Models 1–3) random under sampling of controls and 
synthetic generation of cases were used to adjust for this. ML Model 4 which compared participants with repeat DSH/SA versus those without 
repeat behaviour was balanced by outcome so these techniques were not required
AUCRF area under the curve random forest, AUROC area under the receiver-operator curve, AUPRC area under the precision–recall curve, BL 
baseline, DSH deliberate self-harm, FU follow-up, ML machine learning, PPV positive predictive value, SA suicide attempt, SD standard devia-
tion

ML model Sample Algorithm AUROC, mean 
(SD)

AUPRC, mean 
(SD)

Brier score, 
mean (SD)

Sensitivity, 
mean (SD)

Specificity, 
mean (SD)

PPV, mean 
(SD)

 Model 1 
(n = 452)

DSH at 
follow-up 
(n = 100) vs. 
No self-harm 
at follow-up 
(n = 352)

Prevalence of 
outcome 22%

AUCRF 0.71 (0.10) 0.39 (0.10) 0.20 (0.02) 0.57 (0.16) 0.75 (0.08) 0.40 (0.11)
Boruta 0.68 (0.11) 0.37 (0.11) 0.21 (0.03) 0.56 (0.16) 0.74 (0.08) 0.38 (0.10)
Elastic-net 0.74 (0.09) 0.42 (0.12) 0.20 (0.03) 0.62 (0.16) 0.74 (0.08) 0.41 (0.09)
LASSO 0.74 (0.09) 0.42 (0.11) 0.20 (0.03) 0.62 (0.15) 0.75 (0.07) 0.42 (0.09)
Logit 0.71 (0.09) 0.39 (0.11) 0.24 (0.05) 0.61 (0.15) 0.70 (0.08) 0.37 (0.07)

 Model 2 
(n = 409)

SA at follow-
up (n = 57) 
vs. No 
self-harm at 
follow-up 
(n = 352)

Prevalence 
of outcome 
13.9%

AUCRF 0.79 (0.09) 0.32 (0.12) 0.17 (0.03) 0.71 (0.18) 0.75 (0.07) 0.32 (0.09)
Boruta 0.80 (0.10) 0.34 (0.13) 0.17 (0.03) 0.69 (0.19) 0.76 (0.08) 0.33 (0.11)
Elastic-net 0.82 (0.09) 0.36 (0.11) 0.17 (0.04) 0.71 (0.20) 0.78 (0.07) 0.35 (0.11)
LASSO 0.82 (0.09) 0.35 (0.11) 0.18 (0.04) 0.70 (0.20) 0.78 (0.07) 0.35 (0.10)
Logit 0.68 (0.11) 0.10 (0.09) 0.29 (0.08) 0.61 (0.18) 0.72 (0.09) 0.27 (0.09)

Sub-group analyses
 Model 3 

(n = 292)
New-onset 

DSH or SA 
(n = 41) vs. 
No history 
of self-harm 
at BL or FU 
(n = 251)

Prevalence of 
outcome 14%

AUCRF 0.57 (0.14) 0.17 (0.06) 0.23 (0.04) 0.39 (0.25) 0.69 (0.10) 0.17 (0.10)
Boruta 0.58 (0.15) 0.17 (0.06) 0.22 (0.03) 0.41 (0.25) 0.70 (0.10) 0.18 (0.10)
Elastic-net 0.57 (0.15) 0.18 (0.08) 0.26 (0.06) 0.43 (0.26) 0.67 (0.12) 0.18 (0.12)
LASSO 0.58 (0.14) 0.18 (0.08) 0.26 (0.05) 0.43 (0.25) 0.67 (0.12) 0.18 (0.11)
Logit 0.51 (0.14) 0.12 (0.07) 0.41 (0.10) 0.45 (0.24) 0.58 (0.11) 0.15 (0.08)

 Model 4 
(n = 217)

Repeat DSH or 
SA (n = 116) 
vs. No repeat 
DSH or SA 
(n = 101)

Prevalence 
of outcome 
53.4%

AUCRF 0.61 (0.11) 0.59 (0.09) 0.26 (0.04) 0.50 (0.14) 0.66 (0.15) 0.64 (0.13)
Boruta 0.62 (0.11) 0.59 (0.09) 0.27 (0.04) 0.50 (0.14) 0.67 (0.14) 0.64 (0.12)
Elastic-net 0.64 (0.11) 0.60 (0.08) 0.25 (0.03) 0.47 (0.15) 0.71 (0.15) 0.66 (0.12)
LASSO 0.62 (0.12) 0.59 (0.09) 0.25 (0.03) 0.45 (0.17) 0.71 (0.16) 0.38 (0.19)
Logit 0.55 (0.12) 0.54 (0.08) 0.35 (0.07) 0.46 (0.14) 0.61 (0.16) 0.58 (0.12)
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accurate enough to be used for variable selection. Models 
3 and 4 were no better at predicting outcomes than chance, 
thus using these models for variable selection was not appro-
priate. Figure 3 presents a heatmap of the frequency of vari-
able selection by each algorithm in Model 1 (Fig. 3A) and 
2 (Fig. 3B). History of deliberate self-harm via cutting at 
baseline was the most frequently selected predictor in both 
models, being selected in all 500 trials of algorithms predict-
ing DSH at follow-up and 408 trials of algorithms predicting 
SA at follow-up. While half of the variables ranked 1–10 by 
frequency of selection across algorithm trials were common 
to models of both outcomes (DSH via cutting, suicidal idea-
tion, general psychological distress, rumination and younger 
age), there was also evidence for a distinct pattern of vari-
able selection between the models predicting DSH or SA. 
Symptoms of generalised anxiety, fatigue, somatic symp-
toms, a history of suicide attempt by cutting, more advanced 
clinical stage (> stage 1B), and eating disorder symptoms, 
were variables important to the prediction of SA (i.e. Model 

BIS/BAS: Behavioural Inhibition/ 
Behavioural Activation System, CTQ:
Childhood trauma questionnaire, DSH:
Deliberate self-harm, GAD-7: Generalised 
Anxiety Disorder scale, NEET: Not in 
education or employment, OASIS: Overall 
Anxiety Severity and Impairment Scale, PBI: 
Parental Bonding instrument, QIDS: Quick 
Inventory of Depressive Symptoms, 
SPHERE: Somatic and Psychological Health 
Report (Psych- Psychological symptom sub-
scale, Somatic- somatic symptoms sub-
scale), SOFAS: Social and occupational 
functioning assessment scale, YMRS: Youth 
Mania Rating Scale, WHO-ASSIST: World 
Health Organisation Alcohol, Smoking and 
Substance Involvement Screening Test. 

7

Frequency of variable selection represents 
the sum of 100 trials of each algorithm 
(AUCRF, Boruta, LASSO, Elastic-net and 
logistic regression), there for 500 trials per 
Model in total.  Variables ranked 1-10 by 
frequency of selection across the 500 trials 
are labelled.  
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Fig. 3   Heatmap displaying frequency of variable selection by each 
algorithm in ML Model 1 and Model 2. Frequency of variable selec-
tion represents the sum of 100 trials of each algorithm (AUCRF, 
Boruta, LASSO, Elastic-net and logistic regression), there for 500 tri-

als per Model in total. Variables ranked 1–10 by frequency of selec-
tion across the 500 trials are labelled. A presents variable selection in 
Model 1 (deliberate self-harm) and B presents variable selection in 
Model 2 (suicide attempts)

Suicidal idea�on
Female gender

Depressed mood
Lack of hypersomnia

Life�me drug use

Generalised anxiety
Rumina�on

Deliberate
Self-harm
(Cu�ng)

Suicide a�emptsDeliberate self-harm

Fig. 4   Variables important to the prediction of DSH and/or SA. 
Important variables were those that were selected in at least 70% of 
algorithm trials
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2, Fig. 3B) but not DSH (i.e. Model 1, Fig. 3A). Variables 
that were ranked within 1–10 in models of DSH but not SA 
were an absence of hypersomnia, female gender, depressive 
symptoms (QIDS-8), a history of recreational drug use, and 
deliberate self-harm by engaging in high-risk behaviours.

Figure 4 presents variables selected in at least 70% of 
algorithm trials. Those selected in algorithms predicting 
DSH were suicidal ideation (446/ 500), female gender (374/ 
500), depressive symptoms (QIDS-8) (371/500), absence of 
hypersomnia (365/500), and lifetime drug use (350/500). 
After DSH by cutting, only two other variables were selected 
in at least 70% of algorithm trials predicting SA, generalised 
anxiety symptoms (GAD-7) (377/500) and ruminative think-
ing (358/500).

Discussion

Machine learning models predicting deliberate self-harm 
and suicide attempts differed in terms of their ability to pre-
dict future events, as well as in the variables selected to do 
so. Both models predicting either DSH or SA performed 
well, though the model predicting SA was superior with 
greater mean AUROC, as well as greater mean sensitivity 
and mean specificity. While a number of variables were fre-
quently selected in both, there was also evidence that some 
factors were important to either DSH or SA models but not 
both (Fig. 4). Our findings suggest risk factors within clini-
cal populations of young people are different to those of 
population samples of young people. For example, our find-
ings suggest that in clinical samples, method of self-harm 
or suicidal behaviour may be as important as whether the 
behaviour is associated with suicidal intent in determining 
future risk of suicide attempt. For example, cutting, with 
or without suicidal intent was more important in predicting 
future suicide attempt than other methods where suicidal 
intent was present. Similarly, deliberate self-harm (without 
suicidal intent) via poisoning was more frequently selected 
by algorithms predicting future suicide attempts, but not 
deliberate self-harm. In population samples, overdose and 
poisoning are usually more strongly associated with suicide 
attempts than non-suicidal self-harm [6], and our findings 
suggest that in clinical samples an overdose should be con-
sidered a greater risk of future suicidal behaviour regardless 
of whether suicidal intent is expressed.

Aside from age and a history of self-harm or suicide 
attempts the highest-ranking variables in each model were 
almost entirely validated symptom scales of common mental 
disorders, rather than other social or demographic factors. 
Although social factors are important risk factors at a popu-
lation level, our findings suggest that common symptoms of 
mental disorder play a pivotal role in the expression of self-
harm and suicidal behaviour in clinical settings. Rather than 

indicate that social factors are not important contributors to 
suicide risk it appears that such risk factors were similarly 
prevalent in young people in clinical settings with or without 
self-harm or suicidal behaviour. There was also evidence for 
a distinct pattern of predictors between the two outcomes. 
Gender was an important variable in the model of DSH but 
was not frequently selected in the prediction of SA, adding 
further evidence to the more limited effect of gender on sui-
cidal behaviour in clinical services [31, 32]. More advanced 
clinical stage (> stage 1B), somatic symptoms, generalised 
anxiety and symptoms of disordered eating and disturbance 
of body image ranked highly in the prediction of SA but 
not DSH. These symptom clusters are often associated with 
more severe disorders in young people that tend to follow a 
more chronic or relapsing course. For example, fatigue and 
somatic symptoms are associated with more severe variants 
of depression, including bipolar depression and treatment 
resistant depression [33]. Co-morbid symptoms of gener-
alised anxiety or disordered eating may increase treatment 
resistance [33].

Our findings of the importance of clinical symptoms to 
future self-harm or suicidal behaviour suggest that lead-
ing theories of suicidal behaviour may require adaption 
to clinical settings. Theorists have suggested that mental 
disorders contribute to suicidal behaviour via their effect 
on suicidal ideation or in certain conditions by increas-
ing agitation, but not beyond that [34]. In the context of 
clinical services, it must be considered that a diagnosis 
of a major mental illness such as a moderate to severe 
major depressive episode, can account for many features 
of the leading ideation-to-action theories, including the 
experience of hopelessness, worthlessness, withdrawal 
from relationships and perceived isolation. The expe-
rience of mental illness, which is often episodic and 
relapsing in course, may also increase the likelihood of 
experiencing prolonged or recurrent symptoms and, thus, 
result in greater degree of social and functional impair-
ment and have a greater impact on an individual’s sense 
of belonging and development of intimate relationships. 
Further research into the impact of symptom improvement 
on future suicidal behaviour in cohorts of young people 
accessing clinical care is needed.

Our second aim was to understand how predictive mod-
elling performed when predicting new-onset or repeat DSH 
or SA. Models of new-onset or repeat DSH or SA were 
developed by sampling sub-groups of participants to under-
stand how the models performed when baseline DSH or SA 
is known, which is often the case in clinical services. Both 
models performed poorly and were only slightly better at 
predicting outcome than chance. These findings re-affirm 
the importance of previous self-harm or suicidal behav-
iour in determining risk of future behaviour and suggest 
that performance of predictive modelling on heterogenous 
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samples where history of suicidal behaviour is not con-
trolled for may be inflated. Despite this, the prevalence of 
repeat DSH or SA (53.4%) in those who reported either 
at baseline was high enough to justify a set of enhanced 
clinical interventions for this group. On the other hand, 
the incidence of new DSH or SA, in those without either 
behaviour at baseline was similar to the incidence in the 
age-matched population [35]. Understanding what type of 
clinical suicide prevention interventions should be deliv-
ered to this sub-group remains a challenge. More longi-
tudinal data on outcomes in this group may help clarify 
how suicide prevention should be prioritised relative to 
other clinical priorities. As highlighted by Bossarte et al. 
[36] future ML studies may move away from a focus on 
prediction of future suicidal behaviours, and instead focus 
on predicting response to treatment.

There were a number of limitations in this study. 
Although analysing high-dimensional data sets without 
over-fitting is considered a distinct advantage of machine 
learning, the smaller sample size of the sub-group analyses 
remains a limitation. A number of techniques were used to 
reduce the risk of over-fitting (cross-validation, test–train 
splitting, SMOTE). However, dimensionality reduction 
prior to predictive modelling, for example through principal 
component analysis, is another approach recommended to 
improve performance metrics and validity, and reduce any 
effect of collinearity [37]. The use of additional approaches 
to dealing with imbalanced data, such as weighting the algo-
rithm loss function to penalise false-negative results more 
than false-positive results may have increased the robustness 
of the analysis [38].

As a rule, variable selection should be interpreted with 
caution in machine learning studies as ML has a limited abil-
ity to examine associations between predictors. In the cur-
rent study some validated measures, were broken down into 
key symptom clusters and included as separate variables. 
This was decided a priori to examine specific symptom clus-
ters that have been shown to have an association with sui-
cidal behaviour independent of the disorder measured by the 
parent scale [39, 40]. However, this may have increased the 
interaction between variables, and thus reduced the validity 
of the variable selection process.

It should also be noted the current study focus on a 
community-based mental health service for young peo-
ple (12–25 years) and collected history of DSH or suicide 
attempt via clinical interview. Loss to follow-up was also 
greater in those at an earlier clinical stage. This may limit 
the generalisability of the findings to other clinical mental 
health settings, such as emergency departments, or cohorts 
of different ages, or in samples with suicidal behaviour 
that has been confirmed by assessment during a hospital 
presentation.

Conclusion

Modelling of future self-harm and suicidal behaviour should 
be specific to particular clinical settings and clinical ques-
tions. This is crucial as the performance of predictive models 
is related not only to the prevalence of the outcome of inter-
est in the sample but also on whether a service or clinician 
has prior knowledge of the individual’s history of deliberate 
self-harm or suicide attempts. Predictors of DSH or SA in 
clinical populations of young people differ from those of 
population samples. Method of DSH or SA used may be as 
important to prediction of future behaviours as the expres-
sion of suicidal intent. While a history of DSH via cutting 
was the most important variable in predicting both out-
comes, other highly ranked predictors represented a greater 
experience of clinical symptoms. Given the significant role 
clinical symptoms play in predicting deliberate self-harm or 
suicide attempts in young people accessing clinical services, 
the key suicide prevention in this cohort should be the deliv-
ery of high-quality clinical care that aims for recovery, of 
which amelioration of symptoms is one component.
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3.3 Chapter summary

Chapter 3 explored the application of machine learning (ML) modelling to prediction of suicidal 

behaviours. In Chapter 3.1 a narrative review of the field summarised initial studies applying machine 

learning to suicide prediction and concluded that despite the reported highly accurate performance of 

these models, many of the same limitations apparent in earlier statistical approaches to modelling 

remained. Regardless of whether machine learning, or statistical approaches were used models

predicting suicide deaths were likely to be of limited clinical utility given the low PPV associated 

with models predicting rare outcomes. Another limitation of the field identified in Chapter 3.1 was the 

use of administrative data rather than variables that represent validated clinical constructs, such as 

clinical symptoms or diagnosis.

Building on these findings, Chapter 3.2 then applied a machine learning approach to a comprehensive 

set of validated social, psychological, and clinical measures collected in a clinical cohort of young 

people with a high base rate of SI or SB. Predictive models of future suicide attempts (SA) were 

associated with slightly superior performance than those predicting future deliberate self-harm (DSH).

Models predicting new-onset or repeat DSH/SA performed poorly, however the PPV of models

predicting repeat behaviour were high enough to justify assertive clinical interventions. After a history 

of previous DSH or SA, clinical symptoms of common mental disorders were the most important 

predictors in modelling future behaviour.

In Chapter 4 the opportunities presented by incorporating new forms of data into models of suicidal 

behaviour are explored. Cognitive domains, measured by behavioural tasks, represent potential 

biomarkers of a number of mental disorders and outcomes, including suicidal behaviour. Chapter 4.1

reviews the evidence for an association between impulsivity and suicidal behaviour in young people.

Chapter 4.2 then explores the impact of adding neurocognition into standard clinical assessment on

predicting future suicidal behaviours.
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Chapter 4: Neurocognition in the suicidal behaviour of young people

4.1 A meta-analytic review of impulsivity in the suicidal behaviour of young 

people

McHugh, C., Lee, R.S., Hermens, D., Corderoy, A., Large, M.M., Hickie I.B. (2019) 

and Suicidal Behaviour in young people: A systematic review and meta-

Journal of Psychiatric Research. 116 (3): 51-60. DOI:

10.1016/j.jpsychires.2019.05.012
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4.1.1 Abstract 

Background

Impulsivity is considered a possible phenotype underlying the expression of self-harm and suicidal 

behaviours. Yet impulsivity is a not a unitary construct and there is evidence that different facets of 

impulsivity follow different neurodevelopmental trajectories and that some facets may be more 

strongly associated with such behaviours than others. Moreover, it is unclear whether impulsivity is a 

useful predictor of self-harm or suicidal behaviour in young people, a population already considered 

to display heightened impulsive behaviour. 

Methods

A systematic review and meta-analysis of studies published in Medline, PubMed, PsychInfo or 

Embase between 1970 and 2017 that used a neurocognitive measure to assess the independent 

variable of impulsivity and the dependent variable of self-harm and/or suicidal behaviour among 

young people (mean age < 30 years old).

Results

6183 titles were identified, 141 full texts were reviewed, and 18 studies were included, with 902 

young people with a self-harm or suicidal behaviour and 1591 controls without a history of these 

behaviours. Deficits in inhibitory control (13 studies, SMD 0.21, p-value= 0.002, 95% confidence 

interval (CI) (0.08- 0.34), prediction interval (PI)=0.06-0.35) and impulsive decision-making (14 

studies, SMD 0.17, p-value=0.008, 95% CI (0.045-0.3), PI=0.03-0.31) were associated with self-harm 

or suicidal behaviour. There were no significant differences between measures of different facets of 

impulsivity (ie. delay discounting, risky decision-making, cognitive or response inhibition) and self-

harm or suicidal behaviour.

Conclusion

Multiple facets of impulsivity are associated with suicidal behaviour in young people. Future suicide 

research should be designed to capture impulsive states and investigate the impact on different 

subtypes of impulsivity.    
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4.2 Neurocognitive predictors of suicidal behaviour in help-seeking 

young people 

McHugh, C.M., Iorfino, F., Crouse, J.J., Tickell, A., Nichles, A., Zmicerevska, N., Ho, N., 

Lee, R., Hermens, D.F., Scott, E. and Hickie, I.B., 2021. Neurocognitive functioning predicts 

suicidal behaviour in young people with affective disorders. Journal of Affective 

Disorders, 281, pp.289-296. DOI: 10.1016/j.jad.2020.11.077 



4.2.1 Abstract

Background

Neurocognitive impairment is recognised as a risk factor for suicidal behaviour in adults attending 

mental health care. The current study aims to determine whether neurocognitive deficits also predict 

ongoing or emergent suicidal behaviour in young people with mood and anxiety syndromes.

Methods

Participants were aged 12-30 years and presented to early intervention-focused youth mental health 

clinics prior to July 2018. In addition to clinical assessment, standardised neurocognitive assessment 

was conducted at baseline. Clinical data was extracted from subsequent visits using a standardised 

proforma. 

Results

Of the 635 participants who met inclusion criteria (mean age 19.6 years, 59% female, average follow

up 23 months), 203 (32%) reported suicidal behaviour at entry to care, while 104 (16%) participants 

reported suicidal behaviour during the period of subsequent mental health care. A number of 

neurocognitive domains differentiated those with suicidal behaviour during care from clinical controls 

including greater cognitive flexibility, faster processing speed, better working memory, delayed 

memory and visuospatial memory. Better general neurocognitive function remained a significant 

predictor (OR=1.85, 95% CI 1.27- 2.75) of suicidal behaviour in care, after controlling for social and 

clinical risk factors. 

Limitations

The neurocognitive battery used was designed for use with affective and psychotic disorders and may 

not have detected some deficits more specific to suicidal behaviour.

Conclusion 

Contrary to expectations, better neurocognitive functioning is a predictor of ongoing or emergent 

suicidal behaviour in young people with affective disorders who present for care. While other sub-

populations with suicidal behaviour, such as older populations or young people with psychotic 

disorders, tend to experience neurocognitive deficits which may limit their capacity to engage in some 

interventions, young people with affective disorders do not. 
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4.3 Chapter summary

Chapter 4 examined the role of neurocognition as a potential biomarker of suicidal behaviour in the

developing brain. Chapter 4.1 tested the hypothesis that impulsivity remains a useful predictor of

suicidal behaviour and self-harm in young people, despite an increase in impulsive decision-making 

and behaviour being a known feature of normative adolescence and early adulthood. Measures of 

impulsivity were associated with a small to moderate effect on suicidal behaviour, relative to healthy 

controls, but not clinical controls. There was no evidence that effect was moderated by the sub-type of

either impulsivity or SB (whether associated with suicidal intent or not). Chapter 4.2 found the

addition of a broader set of neurocognitive domains to a predictive model of SB in a clinical YMH 

population slightly improved performance, and that a general measure of cognition was more useful 

than including separate domains.

Chapter 4 established that despite small sample sizes, there is emerging evidence of a unique 

neurocognitive profile in young people with suicidal behaviour. However, cognition as a state-based 

predictor of SB in young people remains relatively understudied, given the failure to measure suicidal 

behaviours and cognition in temporal proximity. In both studies, cognitive deficits were evident in 

clinical controls and, in Chapter 4.2 deficits were more marked in clinical controls than in those with 

SB. This finding reinforces the importance of a holistic approach to reducing harms. Given such

deficits are known to increase the risk of a range of outcomes, including premature mortality, chronic 

mental illness and persistent social and functional impairment, the final chapter of the thesis uses data

linkage to examine a broader range of adverse outcomes in this cohort. Chapter 5 will examine 

mortality outcomes, from all-causes and specific to suicide or accidental death, as well as the 

prevalence of emergency department and hospital admissions for suicidal behaviour, accident and

injury, drug and alcohol use and physical health reasons. 
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Chapter 5: Mortality outcomes in young people accessing mental 

health care 

McHugh, C., Iorfino, F., Karunaratne, N., Song, Y.S., Zmicerevska, N., Skinner, A., Scott, 

E. and Hickie, I.B. 2023, Premature mortality in young people accessing early intervention youth

mental healthcare: data-linkage cohort study. BJPsych Open. 9, e76, 1–9. 
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5.1 Abstract 

Background: 
Understanding premature mortality risk from suicide and other causes in youth mental health cohorts is 

essential for delivering effective clinical interventions and secondary prevention strategies.  

Aims: 
To establish premature mortality risk in young people accessing early intervention mental health 

services and identify predictors of mortality.  

Methods:  
State-wide data registers of emergency department (ED), hospital admissions and mortality, were linked 

to the Brain and Mind Research Register, a longitudinal cohort of 7081 young people accessing early 

intervention care, between 2008 and 2020. Outcomes were mortality rates and age-standardised 

mortality ratios (SMR). Cox regression was used to identify predictors of all-cause mortality and deaths 

due to suicide or accident. 

Results:  
There were 60 deaths (Male 63.3%) during the study period, 25 (42%) due to suicide, 19 (32%) from 

accident or injury, 8 (13.3%) where cause was under investigation. All-cause SMR was 2.0 (95% CI 1.6-

2.6), but higher for males (5.3, 95% CI 3.8-7.0). The mortality rate from suicide and accidental deaths 

was 101.56 per 100,000 person-years. Poisoning, whether intentional or accidental, was the single 

greatest primary cause of death (26.7%). Prior ED presentation for poisoning (HR 4.40, 95% CI 2.13- 

9.09) or psychiatric admission (HR 4.01, 95% CI 1.81- 8.88) were the strongest predictors of mortality.  

Conclusion:  
Premature mortality in young people accessing early intervention mental health services is greatly 

increased relative to population. Prior health service use and method of self-harm are useful predictors of 

future mortality. Enhanced care pathways following ED presentations should not be limited to those 

reporting suicidal ideation or intent.  
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Longitudinal studies of cohorts accessing mental health services
have found increased risk of premature mortality due to suicide,
as well as deaths attributable to accident and injury, substance use
and cardiometabolic disease.1,2 In health systems globally, an
increased focus on early intervention has led to new cohorts of
young people accessing mental health services. Youth mental
health cohorts experience high rates of suicidal ideation, thoughts
and behaviour (SITB) and non-suicidal self-harm, as well as
increased rates of other risk factors associated with increased mor-
tality across the lifetime, such as alcohol and substance use, poorer
physical health and higher rates of accident and injury. Although
previous register-based studies of hospital and out-patient popula-
tions have found that young people with psychiatric disorders are
at increased risk of premature mortality, it is not clear whether
this elevated risk is present in youth cohorts accessing commu-
nity-based early intervention mental health services, who are typic-
ally considered to be at earlier stages of illness than those accessing
hospital-based or out-patient mental health services.3

Suicide remains a leading cause of death of young people in the
population,4 and many countries have reported increased demand
for mental health services from young people experiencing SITB
and non-suicidal self-harm. Increased demand has been evident
in youth mental health services and in emergency departments,
where rates of suicidal ideation and/or behaviour and non-suicidal
self-harm-related presentations have been increasing.5–7 Given that
previous suicidal behaviour remains one of the strongest risk factors

for future suicidal behaviour,8,9 these presentations are a compelling
target of secondary intervention for health services.

Yet how clinical presentations for suicidal ideation and/or
behaviour or non-suicidal self-harm relate to mortality risk from
suicide and other causes varies both between and within popula-
tions. In the UK, cohort studies of adults presenting to emergency
departments with self-harm, which includes both suicide attempts
and self-harm without suicidal intent, have shown greatly increased
risks of premature mortality from related causes of death, such as
suicide or accident and injury, as well as other physical health
causes relative to the general population.2 Over a median of
6 years follow-up, all-cause mortality risk was elevated in males
(standardised mortality ratio (SMR) 4.1, 95% CI 3.8–4.3) and
females (3.2, 2.9–3.4), with accidental deaths being associated
with the greatest increase in mortality risk.2 Hawton et al (2020)
found a similarly increased risk of premature mortality in a
cohort of children and adolescents presenting to emergency depart-
ments with self-harm, also defined to include both suicide attempts
and non-suicidal self-harm.10 In both cohorts, male sex was asso-
ciated with almost twice the absolute risk of premature mortality.
However, female sex was still associated with a greater increase in
mortality risk relative to females in the general population. In
both cohorts, older age at the time of presentation for non-fatal
self-harm predicted greater risk of premature mortality.

A detailed understanding of cause-specific mortality risk and
predictors of premature mortality within a population is essential
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for delivering effective clinical and population-level interventions.
Characterising health service use prior to death may also identify
opportunities for targeted interventions relevant to youth mental
health cohorts. For example, a history of psychiatric admission
has been shown to increase risk of premature mortality from
suicide and other causes, with the greatest risk of suicide occurring
soon after discharge.11 On the other hand, the risk of premature
death from other causes, including physical health causes, increases
over time. Other factors known to moderate the risk of mortality
following presentations for SITB or self-harm include the method
of self-harm used, a diagnosis of major mental illness or alcohol
or substance use disorder, and a history of repeat presentations
with self-harm.12

The first aim of this study was to estimate premature mortality
risk in a cohort of young people accessing early intervention youth
mental healthcare by determining SMRs as well as all-cause and
cause-specific mortality rates. Mortality from suicide, accident or
injury and other physical health causes was included. The second
aim was to establish the most common primary and contributing
causes of death. Finally, the study aimed to identify whether prior
health service use is a useful predictor of death from suicide or
accidental and injury.

Method

Participants and setting

The study used data from the Brain and Mind Research Register
(BPRR), a longitudinal cohort study of 7081 young people present-
ing to the youth mental health clinics of the Brain and Mind Centre
in the Sydney suburbs between October 2008 and October 2020.13,14

The early intervention clinics consist of primary mental healthcare
(headspace) and more specialised mental health services, including
psychiatrists and psychologists. They are accessed by young people
aged 12–30 years old, presenting at early clinical stages (non-specific
symptoms) through to full-threshold disorders. The study included
young people aged 12–30 years to reflect the cohort of young people
accessing care via headspace services.

Inclusion criteria for the BPRR were: (a) age between 12 and
30 years at first presentation to the service, and (b) attendance of
at least one visit to the service. Exclusion criteria for the BPRR
were: (a) medical instability or lack of capacity to give informed
consent (as determined by a psychiatrist), (b) history of neurological
disease (e.g. tumour, head trauma, epilepsy), (c) medical illness
known to affect cognitive and brain function (e.g. cancer, electro-
convulsive therapy in the past 3 months), (d) clinically evident intel-
lectual disability, and/or (e) insufficient English to participate in the
research protocol.

Data linkage

The BPRR was linked to three external databases held by the Centre
for Health Record Linkage in New South Wales (NSW),
Australia.14,15 These databases were the Register of Births, Deaths
and Marriages (RBDM), the Australian Coordinating Registry
Cause of Death Unit Record File (ACR-COD URF), the
Emergency Department Data Collection (EDDC) and the
Admitted Patient Data Collection (APDC). Gender and age were
selected from the BPRR. Other exposures of interest, such as emer-
gency department presentations and hospital admissions, were
selected from the EDDC and APDC. The EDDC uses diagnostic
codes primarily from Systematized Nomenclature of Medicine
Clinical Terms (SNOMED CT) but also from the ICD-9-CM,
ICD-10-CM and ICD-10-AM. In Australia, emergency department
diagnostic codes are applied by clinicians at the point of care rather

than by professional clinical coders. Clinicians begin by entering
diagnostic terms (or the presenting problem) as free text, with the
closest matching SNOMED CT term then presented for selection.
As a result, diagnostic codes tend to reflect presenting symptoms
rather than true diagnoses.16 This has limited consequences for
the aims of the current study, as psychiatric diagnoses are made for-
mally only by specialised services, often over a number of visits. The
current study aimed to capture broad categories of emergency
department presentations related to outcomes of interest. Two
authors (C.M.M. and N.K.) with clinical training in emergency
department care and mental health independently reviewed the
diagnostic terms and grouped presenting symptoms into several
predetermined categories including (a) suicidal ideation, behaviour
or self-harm; (b) accident and injury; (c) drug and alcohol use;
(d) medical or physical illness; or (e) other. Interrater reliability
was 98%. Any discrepancies between coders were resolved via con-
sensus. Only one reason for presentation was recorded for each
emergency department presentation.

This study defined suicidal behaviour and non-suicidal self-
harm in clinical populations of young people as occurring along a
spectrum of intent and lethality, in keeping with previous defini-
tions by Hawton et al.10 Self-harm is used to describe an intentional
act associated with an intent to harm oneself, whether or not it
was associated with an intent to end one’s life. This approach to
combining suicidal behaviour and non-suicidal self-harm was
used given that the expression (and recording) of intent associated
with an act of self-harm in emergency department settings may be
influenced by factors including an individual’s desire to avoid
restrictive interventions, therapeutic rapport and/or clinician skill.
The EDDC also does not require clinicians to formally differentiate
between these constructs. Given these factors, the use of the broader
construct of suicidal behaviour and self-harm was considered
more valid than the use of specific terms such as non-suicidal
self-injury, which at present are not typically used in clinical settings
in Australia and thus are not likely to be accurately recorded.
Intentional self-poisoning was included as a subtype of self-harm.
Suicidal behaviour refers to self-harm associated with any suicidal
intent. In categorising the primary diagnostic terms associated
with an emergency department presentation, the suicidal ideation,
behaviour or self-harm category was applied if the terms intentional
self-injury or intentional self-poisoning were used. Any self-poison-
ing which was specifically labelled as accidental was included in the
‘accident and injury’ category. Many self-poisoning presentations
were not specifically labelled as intentional or accidental. In such
instances, poisoning or overdose with known drugs of misuse or
recreational drugs were categorised as ‘drug and alcohol’ presenta-
tions. Pharmaceutical drug poisoning or overdose, where patterns of
misuse were not accepted to have a recreational component, were
considered ‘suicidal or self-harm’ presentations.

Variables of interest selected from the APDC were mental health
unit (psychiatric) admissions and intensive care unit (ICU) admis-
sions. ICU refers to admissions to the general hospital ICU, not
mental health admissions. ICU admissions were included as an
exposure of interest given their association with high-risk suicidal
behaviour and increased mortality. The total numbers of admissions
and emergency department presentations per individual were
counted, as well as lifetime history of each category of emergency
department presentation. Childhood presentations (age <12 years)
to an emergency department for any mental health reason (e.g.
SITB, other psychiatric symptoms, or drug- and alcohol-related)
were included in determining lifetime history of these presentation
types; however, for presentations related to medical or physical
illness or common injuries, lifetime history was defined as over the
age of 12 years. Emergency department presentations and hospital
admissions that occurred on the same date as death were excluded.
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Outcome measures

The primary outcome measure was mortality from all causes and
mortality due to suicide or accident. Date of death was extracted
from the NSW RBDM. Underlying cause of death and contributing
causes were extracted from the ACR-COD URF. The ACR-COD
URF uses ICD-10 codes only. Deaths were considered suicides if
coded as intentional (X60–X84) or self-inflicted but with undeter-
mined intent (Y10–Y34), in keeping with the convention used
within the suicide research literature.10,17 Deaths where cause had
not yet been allocated an ICD code within the ACR-COD URF
were included as suicide or accident deaths, as according to the
ACR-COD URF a delay in cause of death being assigned indicates
a coronial investigation is required to determine a specific cause
of an unnatural death (i.e. suicide, accident or injury-related).18

Therefore, these deaths without an ICD code were analysed with
suicide and accident or injury deaths.

Suicide deaths were further subcategorised by method, includ-
ing self-injury (ICD-10 codes X70–X84, Y20–Y34) and intentional
self-poisoning (X61–X69, Y11–Y19). Accidental deaths (V01–X59)
were subcategorised into accidental poisoning (X40–X49), transport
accidents (V01–X59) or other external causes of accidental injury
(W00–X59). Contributing causes of death are presented where
they are distinct from the primary cause of death and are referred
to as secondary causes.

Ethics approval for the BPRR was granted by the University of
Sydney Human Research Ethics Committee (2012/1626).
Participants in the BPRR consented to their routinely collected clin-
ical information being used for clinical research for a period of 5
years and to being contacted about additional research. The BPRR
ethics approval (2012/1626) stipulated that additional consent
would be necessary if the participant was required to return to the
clinic for additional assessment for research. The current study
did not require any additional assessments or further contact with
participants. Ethics approval for the current study linking the
BPRR to external data-sets was granted by the NSW Population
and Health Services Research Ethics Committee (PHSREC)
(2019/ETH12201). A waiver of consent was granted by the
PHSREC as the following National Statement on Ethical Conduct
in Human Research (2007) criteria were met: (a) the purposes of
the study could not be met without temporary reidentification;
(b) contacting participants for reconsent was not practicable,
given the large number of participants and that the key outcome
of interest was death; and (c) there was no reason to believe partici-
pants would not have consented to the use of their routinely col-
lected data for this study, given they had previously consented to
more sensitive information being accessed, such as their individual
medical records.

Analysis
Mortality rates and SMR

SMR was calculated using indirect methods of standardisation by
age category (15–19, 20–24, 25–29, 30–34, 35–39, 40–45 years)
and sex. The group used to determine the expected number of
deaths (the denominator) was the general population of NSW in
the year that marked the mid-point of the study.19 Mortality rates
were calculated using the person-time method, which is the
number of deaths divided by the person-years of follow-up. For cal-
culation of the SMR, the date of the individual’s first health service
visit after the age of 12 years old was used to calculate years of
follow-up. If the date of the individual’s first youth mental health
clinic visit was missing, these cases were omitted from the calcula-
tion of years of follow-up. Mortality rates for specific causes of
death, including suicide, accident and injury, and those relating to

medical illness and where cause was under investigation were also
calculated using this method.

Cox regression

For survival analysis, the follow-up time was calculated from the
date of the last health visit (youth mental health clinic visit, emer-
gency department presentation, mental health unit admission or
ICU admission) to the date of death or the end of the study.
Where the first youth mental health clinic date was missing and
there was no history of other health visit types, it was not possible
to accurately calculate follow-up time; thus, these individuals were
not included in the Cox regression.

Cox proportional hazards regression modelling was conducted
for emergency department presentations and hospital admissions,
adjusted for gender. Exposure variables of interest were gender
and lifetime history of emergency department presentation for sui-
cidal ideation or behaviour, or mental health, drug and alcohol, acci-
dent and injury or medical reasons. Hospital admission variables of
interest included lifetime history of mental health unit admission or
ICU admission. Modelling was conducted first with all-cause mor-
tality as the outcome and subsequently with deaths due to suicide,
accident and injury, or cause under investigation as the outcome
of interest. Partial residuals were plotted in order to check that pro-
portional hazards were constant over time.

Sensitivity analysis

A sensitivity analysis was conducted to assess the effects of different
constructs of self-poisoning on the prediction of mortality out-
comes. In the sensitivity analysis, self-poisoning presentations
were considered as distinct from other forms of self-harm. All
types of self-poisoning, whether intentional, accidental or of
unknown intent, were considered as one category distinct from
other types of accident, injury or drug and alcohol presentations.
Thus, the following categories of emergency department presenta-
tions were considered: (a) self-poisoning, (b) suicidal ideation or
self-harm (without poisoning), (c) other accident and injury
(excluding accidental poisoning), (d) drug and alcohol (excluding
self-poisoning), (e) mental health, (f) physical illness and (g) other.

Results

Of the 7081 individuals in the cohort, 60 individuals (male n = 38,
63.3%) were deceased by the study end date (Table 1). Follow-up
time was missing for 910 individuals (male n = 408, 44.8%), of
whom eight individuals were deceased (mean age at death 25.9
years, s.d. 5.7).

The median duration of follow-up from first health service visit
was 7.39 years (interquartile range (IQR) 3.77 years). The total
person-years of follow-up from first health service visit was
50 219. Cause of death was available for 52 individuals (M = 31,
59.6%). The mean age at death was 27.16 years (s.d. 6.15). The
median duration of follow-up time from last health service visit
and end date (either death or end of study) was 36.8 months
(IQR 13.5–78.3).

Mortality rates

Of the 60 individuals who died during the study period, 25 (42%)
died owing to suicide; 19 deaths (32%) were due to accident or
injury, eight (13%) deaths had a medical cause and eight (13%)
deaths were of unknown cause (Table 2). The all-cause mortality
rate in the BPRR cohort was 119.47 deaths per 100 000 person-
years. All-cause SMR for the entire BPRR cohort was 2.0 (95% CI
1.6–2.6); the SMR for males was (5.3, 3.8–7.0), which was higher
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than that for females (0.91, 0.7–1.6). The highest cause-specific
mortality rate was from suicide, at 49.78 per 100 000 person-
years, followed by accident or injury, at 37.83 deaths per 100 000
person-years.

The mean age at death was older for suicide deaths (27.5 years,
s.d. 6.2), than accident or injury deaths (25.7 years, s.d. 5.8). The
mean age of deaths from medical causes or where cause was
under investigation was 28.4 (6.5) years. Deaths where cause was
under investigation were most frequently associated with male
gender (n = 7, 87.5%), followed by deaths from accident or injury
(n = 13, 68.4%), suicide (n = 14, 56%) and medical causes (n = 4,
50%).

Cause of death

The most frequent method of suicide death was hanging, account-
ing for 15 (60%) deaths, followed by intentional self-poisoning
with four (16%) deaths (Table 2). The most common cause of acci-
dent or injury death was poisoning, which accounted for 12 (60%)
deaths, followed by motor vehicle accident with six (31.6%) deaths.
Medical causes included cardiac disease, neurological causes,
obesity and sepsis.

Mental illness was identified as a contributing cause in 12 (48%)
suicides and four (21%) accident or injury deaths. Drug and alcohol
use and poisoning were secondary causes in seven (28%) suicide
deaths and three (15.8%) accidental deaths. Accident or injury
was a secondary cause in three (12%) suicide deaths.

Health care use prior to all-cause mortality

Of the 60 individuals deceased from all causes during the study
period, 47 (78.3%) had at least one prior presentation to the emer-
gency department; 23 (38.3%) had a history of an emergency
department presentation related to suicidal ideation, behaviour or
self-harm; 24 (40%) had presented for another mental health
reason; 17 (28.3%) had presented owing to drug or alcohol use; 23
(38.3%) had presented for an accident or injury; and 37 (61.7%)
had presented for a medical reason (Table 3). Thirty (50%) indivi-
duals had previously had a mental health unit admission, and 12
(20%) had been admitted to a hospital ICU in the past. Ten
(16.7%) had no history of either an emergency department presen-
tation or a hospital admission.

The health service visit types associated with the greatest risk of
all-cause mortality were emergency department presentation for
suicidal ideation, behaviour or self-harm (hazard ratio (HR) 2.00,
95% 1.02–3.91) and admission to a mental health unit (HR 2.79,
95% 1.34–5.79) or ICU (HR 3.80, 95% 1.81–7.98) (Table 3).

Health care use prior to death due to suicide or accident

Table 4 presents the lifetime history of each type of health service
use by cause of death. The health service visit types associated
with greatest risk of death due to suicide or accident were emergency
department presentation for suicidal ideation, behaviour or self-
harm (HR 2.46, 95% CI 1.20–5.06), emergency department presen-
tation related to drug or alcohol use (HR 2.09, 95% CI,1.01–4.31)
and mental health unit admission (HR 4.11, 95% CI 1.85–9.17)
(Fig. 1). When deaths associated with medical causes were excluded,
a history of ICU admission was no longer associated with increased
risk of death.

The sensitivity analysis, which pooled poisonings that were
intentional, accidental or where intent was unknown, found that
history of presentation to the emergency department for any type
of poisoning was associated with the greatest risk of death from
suicide or accident (HR 4.40, 95% CI 2.13–9.09) (Fig. 2). Mental
health unit admissions remained a predictor (HR 4.01, 95% CI
1.81–8.88); however, other health service use such as emergency
department presentation for suicidal ideation, behaviour or self-
harm, or emergency department presentation for drug and
alcohol use (without poisoning), was no longer significant.

Discussion

Premature mortality in young people accessing early intervention
mental healthcare is greatly increased relative to the age-matched
population. Despite the earlier stage of illness, young people in

Table 1 Characteristics of deaths relative to remaining BPRR cohort

Deceased (n = 60) BPRR cohort alive (n = 7021) t-test

Age at first presentation, mean (s.d.)
years

22.17 (5.03) 19.5 (4.07) P < 0.001

Odds ratio CI (95%)
Gender, n (%) Male 38 (63.3) 3037 (43.3) 2.34 (1.37–3.99)

Female 21 (35) 3926 (55.9)
First presentation type
YMH clinic visit, n (%) 17 (28.3) 2876 (41.0) 0.80 (0.34–1.86)
ED presentation, n (%) 25 (41.7) 2800 (39.9) 1.21 (0.54–2.69)
Mental health unit admission, n (%) 8 (12.0) 216 (3.1) 5.0 (1.86–13.50)
Intensive care unit admission, n (%) 2 (3.0) 46 (0.6) 5.89 (1.22–28.5)
Unknown, n (%) 8 (12.0) 1083 (15.4)

Gender does not include young people identifying as transgender; this is for privacy reasons owing to the small number (n = 59). First presentation type refers to the first visit date recorded
on the linked BPRR-M&M (mortality andmorbidity) database. YMH (youthmental health) clinic visit refers to clinic visits at the two BPRR clinic sites. Other primary care or mental health visits
not recorded by the three linked data-sets may also have occurred. Unknown first visit type is the reference category for calculating odds ratios of first presentation types.

Table 2 Characteristics of deaths from suicide and accidental deaths

Suicide
(n = 25)

Accidental
(n = 19)

Gender, male (%) 14 (56.0) 13 (68.4)
Age at death in years, mean (s.d.) 27.5 (6.2) 25.7 (5.8)
Time since last visit in months, mean (s.d.) 26.0 (25.7) 29.04 (21.5)
Primary cause of death
Self-injury, n (%) 21 (84.0) −

Hanging 15 (60.0) −

Jumping from height 3 (12.0)
Other 3 (12.0)

Poisoning, n (%) 4 (16.0) 12 (60.0)
Transport accident, n (%) − 6 (31.6)
Secondary causes
Accident or injury, n (%) 3 (12.0) 3 (15.8)
Drug and alcohol, n (%) 5 (20.0) 3 (15.8)
Mental health, n (%) 12 (48.0) 4 (21.0)
Poisoning, n (%) 2 (8.0) 0
Medical, n (%) 0 4 (21.0)

Secondary causes are contributing causes of death other than a cause of the same type
as the primary cause. Contributing causes that were related to single individuals only are
not presented for privacy reasons; thus, totals may not add up. An individual could have
multiple contributing causes of death.
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this cohort have twice the risk of death relative to the age- and sex-
matched NSW population. For males in the BPRR cohort, the
elevated risk of premature death increased to five times that of
age-matched males in the population. This increased mortality
ratio was only slightly lower than that of adults diagnosed with psy-
chiatric disorders in in-patient or out-patient settings in a Danish
register-based study of over 7 million adults.3 Plana-Ripoli et al
(2019) reported that the mortality rate ratio (MRR) was highest
among young adults and peaked at around 33 years of age (MRR
7.25, 95% CI 7.06–7.44), with the gender differential (higher in
males) greatest in this period also.

Suicide was the leading cause of death in this cohort of young
people accessing youth mental health services, followed closely by
deaths due to accident or injury. Overall rates of suicide deaths in
this cohort remain much lower than in other high-risk clinical
populations, such as those discharged from psychiatric hospitals,
for which a meta-analysis by Chung et al (2017) estimated a rate
of 484 suicides per 100 000 person-years (95% CI 422–555).20

Although rates of suicide for males were double that of females in
the cohort, this represented less of a gender difference than that
seen in suicide rates at a population level, where rates are 3–4
times higher in males aged 15–35 years than females in the same
age group.21,22 This is consistent with previous findings that
suicide rates among psychiatric cohorts are associated with less of
a gender differential than population studies.20 In the current

study, greater all-cause mortality risk among males was driven by
a higher frequency of accidental deaths and deaths where cause
was under investigation. The distribution of gender in the BPRR
cohort also indicates that previous findings suggesting that men
are less likely to access mental healthcare15 are likely to apply in
primary youth mental health settings.

In young people accessing early intervention youth mental
healthcare, poisoning, whether intentional (suicidal) or accidental,
was the single greatest primary cause of death (26.7%). When con-
tributing causes were included, self-poisoning or substance use were
primary or contributing causes in 43.3% (26/60) of all deaths.
Although previous studies have identified an increased risk of
death from any type of poisoning in cohorts accessing mental
healthcare in adult psychiatric services or emergency depart-
ments,2,3 our findings confirm that such associations are present
in young people accessing early intervention youth mental health-
care at earlier stages of illness. The proportion of deaths where poi-
soning was the primary cause also appeared to be greater in the
BPRR cohort relative to other cohort studies, which report poison-
ing to be a primary cause in approximately 15% of deaths.17

Means restriction is one evidence-based suicide prevention
intervention with particular relevance to poisoning deaths.23

Previous reviews of means restrictions targeting pharmaceuticals,
including limiting pack size and restrictions on the sale of medica-
tions, have shown efficacy in reducing risk of suicide death from

Table 3 Health service use prior to mortality (all-cause)

All-cause mortality (n = 60) BPRR cohort alive (n = 7021)

Hazard ratioa (95% CI)n (%) No. of visits (%) n (%) No. of visits (%)

Emergency presentations
Total emergency department presentations 47 (78.3) 443 (100) 5343 (76.1) 38 031 (100)
Suicidal ideation or behaviour 23 (38.3) 55 (12.4) 1076 (15.3) 2307 (6.1) 2.00 (1.02–3.91)
Mental health 24 (40) 79 (17.8) 1763 (25.1) 5937 (15.6) 0.74 (0.37–1.46)
Accident and injury 23 (38.3) 57 (12.9) 3027 (43.1) 6957 (18.3) 0.53 (0.30–0.95)
Drug and alcohol 17 (28.3) 52 (11.7) 822 (11.7) 1925 (5.1) 1.60 (0.80–3.21)
Medical 37 (61.7) 178 (40.2) 4236 (60.3) 18 836 (49.5) 0.82 (0.43–1.57)
Hospital admissions
Total hospital admissions 708 (100) 27 927 (100)
Mental health unit admission 30 (50) 252 (35.6) 1474 (20.9) 8683 (31.1) 2.79 (1.34–5.79)
Intensive care unit admission 12 (20) 20 (4.6) 254 (3.6) 579 (2.1) 3.80 (1.81–7.98)
No admission or presentation history 10 (16.7) 1725 (24.6) 0.31 (0.07–1.38)

n refers to the number of individuals with a lifetime history of each visit or admission type. No. of visits refers to the total number of visits in the deceased or alive cohort. Mental health unit
admission includes voluntary and involuntary admissions. Intensive care unit refers to admissions to the general hospital intensive care unit, not a mental health admission. Total hospital
admissions includes any hospital admission type, including non-mental health admissions. Total number of mental health admissions and intensive care unit admissions are presented. Total
emergency department presentations refers to the number of individuals who had at least one emergency department presentation of any type. Each emergency department presentation
was only categorised as one subtype (e.g. mental health OR medical). However, an individual could have presented multiple times for a different primary presenting reason; therefore
emergency department visit subtypes do not sum to 100.
Emergency department presentations and hospital admissions exclude presentations or admissions that occurred at the time of death.
a. Hazard ratios have been adjusted for gender. Transgender young people were not included in the calculations of hazard ratios owing to the small number (n = 59). Hazard ratios also
exclude young people where follow-up time was missing (n = 910).

Table 4 Health service use prior to suicide and accidental death

Suicide and accident mortality (n = 51)

BPRR cohort alive,
n = 7021 (%) individuals

Suicide, n = 25 (%)
individuals

Accident and injury,
n = 19 (%) individuals

Cause under investigation,
n = 8 (%) individuals

Emergency department presentations,
all

16 (64.0) 16 (84.2) 5343 (76.1)

Suicidal ideation or behaviour 11 (44) 5 (26.3) 6 (75.0) 1076 (15.3)
Mental health 11 (44) 5 (26.3) 4 (50.0) 1763 (25.1)
Accident and injury 10 (40) 8 (42.1) 3 (37.5) 3027 (43.1)
Drug and alcohol 5 (25) 6 (24.0) 5 (62.5) 822 (11.7)
Medical 10 (40) 12 (63.2) 7 (87.5) 4236 (60.3)
Mental health admission 12 (48) 7 (36.8) 5 (62.5) 1474 (20.9)
Intensive care unit admission 2 (8) 1 (5.2) 4 (50.0) 254 (3.6)

n refers to the number of individuals with a lifetime history of each visit or admission type. Deaths due to medical causes (n = 8) are excluded. Denominators include young people of all
genders and those where follow-up time was missing.
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Sex

Variable

Female

Male

No

Yes

No

3443

n
Hazard ratio

 (95% CI)

2.92 (1.54–5.55)

2.46 (1.20–5.06)

0.64 (0.34–1.20)

2.09 (1.01–4.31)

0.57 (0.27–1.17)

4.11 (1.85–9.17)

1.76 (0.70–4.45)

0.48 (0.11–2.20)

Reference

Reference

Reference

Reference

Reference

Reference

Reference

Reference

P

0.001

0.014

0.164

0.047

0.124

<0.001

0.230

0.346

2663

5025

1081

3078

Yes

No

Yes

No

Yes

No

3028

5274

832

4342

1764

4634

1472

5847

259

5295

811

Yes

No

Yes

No

Yes

5210.50.2

Suicidal or self-harm

Accident or injury

Durg  & alcohol

Mental health

MHU admission

ICU admission

No presentations

Fig. 1 Hazard ratios for health service use and suicide- or accident-related deaths. Hazard ratio refers to the risk of suicide or accidental death
relative to non-deaths. Total N = 6106, including 43 deaths. Excludes deaths due to medical causes (n = 8), young people with no final visit date
recorded (n = 910) and people whowere transgender (n = 59). Health visit types refer to emergency department presentations, aside from those
labelled as admissions. MHU admission, mental health unit hospital admission; ICU admission, intensive care unit admission.

Sex

Poisoning

Variable

Suicidal or self-harm

Accident or injury

Durg & alcohol

Mental health

MHU admission

ICU admission

No presentations

Female

Male
No
Yes
No
Yes
No
Yes

No
Yes
No
Yes

No
Yes

No
Yes
No
Yes

3443
n

2663
5440

666
5150

956
3003

5596
3103

510
4311
1795
4634

1472
5847

259
5295

811

5210.50.2

Hazard ratio 
(95% CI) P

3.30 (1.72–6.33)

4.40 (2.13–9.09)

1.52 (0.74–3.10)

0.55 (0.29–1.03)

1.55 (0.50–3.44)

0.58 (0.28–1.21)

4.01 (1.81–8.88)

1.23 (0.48–3.14)

0.47 (0.10–2.13)

Reference

Reference

Reference

Reference

Reference

Reference

Reference

Reference

Reference

<0.001

<0.001

0.25

0.06

0.28

0.15

<0.001

0.67

0.33

Fig. 2 Poisoning presentations and risk of suicide- or accident-related deaths (sensitivity analysis). Results are presented of a sensitivity
analysis to test the effect of categorising all self-poisoning together, regardless of whether intentional or accidental; thus, the suicidal ideation or
self-harm or drug and alcohol presentations here exclude any forms of self-poisoning. Total N = 6106, including 43 deaths. Excludes deaths due
to medical causes (n = 8), young people with no recorded last visit date (n = 910) and/or those who are transgender (n = 59). Health visit types
refer to emergency department presentations, aside from those labelled as admissions. MHU admission, mental health unit hospital admission;
ICU admission, intensive care unit admission.
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poisoning, as well as reduced risk of suicide death from other
causes.24 The effects of means restriction interventions are strongest
where the target is associated with the greatest lethality. Much of the
evidence on means restriction of pharmaceutical drugs relates to
drugs where limitations have already been introduced, for
example, barbiturates, opioids or benzodiazepines, where strict lim-
itations on prescribing are in place. Thus, it is not clear what impact
further means restrictions would have in a youth cohort. The impli-
cations of restricting access to pharmaceuticals must be carefully
considered in populations accessing mental healthcare, as there
are already barriers to accessing adequate treatment, of which
pharmacological therapy is often a key part. It is also possible that
there are other indirect relationships between access to pharmaceu-
ticals and poisoning that need to be considered in youth mental
health cohorts. For example, Chitty et al (2018) previously reported
that prescription of psychotropic medication was associated with
reduced risk of co-ingestion of alcohol in intentional self-poisoning
and thus a reduced risk of lethality.25

Prior health service use and opportunities for
prevention

This study confirms that knowledge of previous health service use
remains a useful predictor of all-cause mortality and deaths due
to suicide and accident in young people accessing early intervention
services. Ameta-analysis by Franklin et al (2017) reported that prior
psychiatric hospital admission was associated with an odds ratio of
3.57 (95% CI 2.81–4.53) for suicide death, relative to no history of
psychiatric hospital admission.8 A previous Danish register-based
study by Hjorthøj et al (2012) also reported an increasing risk of
suicide by level of psychiatric care accessed in the previous 12
months.26 Increasing relative risk (RR) was associated with acces-
sing medication only (RR 5.8, 95% CI 5.2–6.6), out-patient treat-
ment only (RR 8.2, 95% CI 6.1–11.0), emergency room treatment
(RR 27.9, 95% CI 19.5–40.0) and, finally, psychiatric hospital admis-
sion (RR 44.3, 95% CI 36.1–54.4), relative to those with no psychi-
atric contact in the prior 12 months.

The sensitivity analysis, which combined all emergency depart-
ment presentations for poisoning, whether intentional or accidental,
found that previous emergency department presentation for poi-
soning was associated with the greatest risk of death from suicide,
accident or injury among all health service visit types, including
admission to a mental health unit. Previous emergency department
presentations for suicidal ideation, behaviour or self-harm, where
self-poisoning was not the method used, were not significant as pre-
dictors of future deaths. These findings differ from those of previous
UK cohort studies, which have found emergency department pre-
sentations for self-poisoning to be associated with reduced future
mortality risk relative to emergency department presentations for
self-injury.17 On the other hand, a cohort study by Carter et al
(2005) based in Australian emergency departments found a simi-
larly elevated risk of future mortality following emergency depart-
ment presentations for poisoning.17,27

Our results suggest that there may be further utility in providing
targeted follow-up care after emergency department presentation
for any type of poisoning, regardless of whether prior presentations
were associated with suicidal intent. Assertive follow-up care follow-
ing emergency department presentations for suicidal ideation or
behaviour is an evidence-based suicide prevention intervention
and is recommended practice in health systems across the
world.28 However, these interventions do not usually extend to poi-
sonings without suicidal intent. Accidental poisonings are strongly
associated with substance use.29 Common treatment paradigms for
drug and alcohol misuse are often based on an individual being pro-
active in seeking treatment.30 However, suicide prevention research

has shown that assertive follow-up by services, even with brief
contact interventions, can have an effect on reducing future suicidal
behaviour.31 Given that substance use and alcohol dependence are
strongly associated with mortality from suicide and accident
across the lifespan, designing and testing interventions that inte-
grate these approaches is likely to be worthwhile. For example,
assertive follow-up and brief contact interventions that have a hol-
istic, person-centred approach may be suitable for individuals at
earlier stages of change, including those who are pre-contemplative
about reducing drug or alcohol use. Ensuring that assessment and
treatment of drug and alcohol use are wholly integrated into early
intervention mental health services may increase the engagement
of young people with this aspect of care. Such an approach would
be supported by the development of clinical pathways and up-
skilling of front-line workers in assessment and treatment of
high-risk drug and alcohol use behaviours.

Clinical approaches to reducing premature mortality in this
cohort should be combined with population-level approaches,
including the development of public policy and infrastructure. For
example, in Australia, increasing rates of paracetamol overdoses
among young people have led the Therapeutic Goods
Administration to consider increasing restrictions on the sale of
paracetamol.32,33 The development of public digital infrastructure
at a health system level is likely to be another opportunity to
increase the quality and effectiveness of care and reduce adverse
outcomes such as premature mortality. For example, such infra-
structure could facilitate the identification of high-risk emergency
department presentations and the feasibility of delivering brief
contact interventions, while preserving the clinical workforce for
more intensive or in-person interventions.23 Expanding access to
other effective interventions in this clinical cohort, such as increased
access to specialist mental healthcare, psychological interventions
and care coordination, will also require high-quality digital
infrastructure.34,35

Limitations

This study had several limitations. Understanding of health service
use was limited by the inclusion of only emergency department pre-
sentations and hospital admissions. Use of other health services,
such as general practitioner visits or engagement with commu-
nity-based mental health clinicians including psychologists or
other therapists, was not measured. Greater analysis of other
types of health service use, such as primary care, may have
allowed for a greater understanding of engagement with services.
It is important to note that the study was observational and thus
not designed to test the efficacy or effectiveness of mental health ser-
vices in reducing mortality outcomes. The cohort was sampled from
two urban early intervention youth mental health clinics, which
means young people living in rural and remote areas were not
adequately represented. The study used a clinical approach to cate-
gorising emergency department visits, which may limit the external
validity of our findings; however, our results were consistent with
those of other research in the field.24

Implications

Premature mortality in young people accessing early intervention
youth mental healthcare is greatly increased relative to the age-
matched population despite the early stage of illness. The elevated
risk of premature mortality is especially marked for young males.
Suicide was the leading cause of death in this cohort of young
people accessing early intervention youth mental healthcare ser-
vices, followed closely by deaths from accident or injury. Self-poi-
soning or substance use was a primary or contributing cause of
death in almost half of deaths in this youth cohort. Previous
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emergency department presentation for self-poisoning, regardless
of whether it was associated with intent to self-harm, was the stron-
gest predictor of future mortality. These findings indicate that the
delivery of assertive aftercare following emergency department pre-
sentations should not be limited only to presentations identified as
suicidal behaviour or self-harm. More assertive patient-centred
follow-up and well-coordinated specialist care are indicated for all
types of self-poisoning and drug and alcohol use presentations,
given the association with increased mortality.
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Chapter 6: Discussion 

The overall aim of this thesis was to generate new scientific understanding of suicidal behaviour in 

young people accessing mental health services, which may be applied in clinical services in order to 

reduce the impact of suicidal behaviour. While the findings of each study within this thesis have been 

discussed in Chapters 2 – 5, this concluding chapter will first summarise the findings of these studies in 

relation to the explicit aims of this thesis. Subsequent sections of this chapter will consider the broader 

implications of these findings, their application to youth mental health services, the limitations of the 

research and consider future directions. 

6.1 Summary of findings 

Chapter 2 addressed the first aim of this thesis, to assess the predictive performance of key risk factors 

used to direct clinical suicide prevention in predicting suicide deaths. Chapter 2.1 tested the hypothesis 

that suicidal ideation could be used as a screening measure for later suicide. Meta-analysis was used to 

calculate a comprehensive set of performance measures, which highlighted the weaknesses of suicidal 

ideation as a screening tool given its low sensitivity and only moderate specificity for suicide death. 

While there were no significant differences based on the age of the sample, there were significant 

differences in the sensitivity and specificity between studies that sampled from the general population 

versus those that focused on psychiatric settings, such that SI is an even less effective screening tool in 

non-psychiatric samples. Chapter 2.2 tested the hypothesis that SB was a stronger predictor of future 

suicide death than SI, finding that although SB was a slightly stronger predictor than SI (OR 4.06 vs. 

3.06) the difference was non-significant (p=0.14). Suicidal behaviour, relative to SI, was associated with 

a greater OR in non-psychiatric settings, and a lesser OR in studies of affective disorders, relative to 

those with psychosis or mixed diagnoses. Taken together, Chapter 2 concludes use of these two risk 

factors to direct suicide prevention may be ineffective, and that the sample and setting have an important 

effect on the performance of predictive models. 

Chapter 3 addressed the second aim of this thesis, to explore the application of machine learning 

modelling to clinical suicide prevention in youth mental health services. Chapter 3.1 synthesised 

findings from initial machine learning modelling studies of suicidal behaviour and concluded that 

despite studies reporting highly accurate performance of models, many of the same limitations apparent 

in earlier statistical approaches to modelling remained. The clinical utility of such ML models remained 

low as indicated by the low positive predictive value (PPV). Given PPV reflects the prevalence of an 

outcome in a population, Chapter 3.1 concludes that future ML modelling studies 
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should focus on outcomes associated with a higher prevalence, such as suicidal behaviour (rather than 

suicide deaths) and report a comprehensive set of performance metrics in order to avoid misleading 

conclusions. Chapter 3.1 also identified the need for improved data quality, with many ML studies 

using administrative data, which maps poorly to clinical constructs, such as clinical symptoms or 

diagnosis, and may limit the translation of such models into clinical interventions. 

In Chapter 3.2 these insights were applied in a longitudinal study of young people accessing YMH 

services, which used machine learning to develop predictive models that tested the effect of the outcome 

measure and sample selected. Predictive models of suicide attempts were associated with superior 

performance (AUC: 0.82 sensitivity: 0.72, specificity: 0.78) relative to those predicting deliberate self-

harm (AUC: 0.72 sensitivity: 0.62, specificity: 0.73), however both were associated with a positive 

predictive value that indicated they were likely to be clinically useful (SA PPV: 0.32, DSH PPV: 0.40). 

Models predicting new-onset or repeat self-harm or suicidal behaviour performed poorly, however the 

PPV of models predicting repetition of self-harm were high enough (PPV: 0.63) to justify assertive 

clinical interventions. Although the outcome measured selected impacted model performance, Chapter 

3.2 found that whether an episode of self-harm or suicidal behaviour was associated with suicidal intent 

or not may have less predictive value than the method used to self- harm. For example, DSH via cutting 

(with no suicidal intent) was a more important variable in predictive models of future suicide attempts, 

than a history of suicide attempts by other methods, such as poisoning. Clinical symptoms of common 

mental disorders were the most important predictors in modelling future behaviour, with some evidence 

of distinct symptom profiles predicting SA versus DSH. 

Having explored the role of key risk factors that are assessed by either self-report, or clinician interview, 

and identified opportunities and limitations of traditional statistical and novel machine learning 

approaches, Chapter 4 aimed to address the third aim of this thesis, to explore the role of potential 

biomarkers of suicidal behaviour, specifically those identified with behavioural tasks in neurocognitive 

testing. In Chapter 4.1, a meta-analysis of 18 studies found that young people with a history of suicidal 

behaviour were significantly more impulsive than healthy controls, though the pooled effect size was 

small to moderate (SMD 0.19, 95% CI: 0.10-0.28, p <0.001). Impulsivity did not differentiate between 

young people with suicidal behaviour and psychiatric controls, though relatively few studies included 

psychiatric controls. There was no evidence that sub-types of impulsivity were more useful predictors 

than a broader construct of impulsivity. Similarly, there was no evidence that the type of self-harm or 

suicidal behaviour, whether NSSI, DSH, or suicide attempt, was a moderator of effect. As the first meta-

analysis examining impulsivity and SB in young people, and the first to focus on behavioural tasks 

rather than self-report, these findings were an important contribution to the literature. These findings 

should be considered with caution, however, given some sub-types of impulsivity were under-

represented and only two studies assessed impulsivity measured
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in close temporal proximity to suicidal behaviour (i.e. within 1-2 weeks). A number of limitations in the 

literature were identified including relatively few studies using psychiatric controls and evidence of a 

gender bias in sampling. Half of studies contained more than 70% females and those with more equal 

gender distribution trended towards a greater effect size. 

The latter half of Chapter 4 looked to applying these findings to a population of young people accessing 

early intervention youth mental health services in Australia. Chapter 4.2 found that incorporating 

neurocognitive assessment into clinical assessment led to a small, but significant improvement in 

prediction of self-harm or suicidal behaviour at 12 months follow up. Deficits of cognitive flexibility 

were a key predictor of future SB. Unexpectedly, young people with SB were found to have superior 

cognitive functioning on a range of cognitive tests measuring executive functioning relative to clinical 

controls, and population norms. This finding suggests the neurocognitive profile of young people with 

suicidal behaviour is unique, relative to older cohorts with suicidal behaviour. 

Chapter 5 addressed the final aim of this thesis, to characterise premature mortality risk in young 

people accessing early intervention mental health services, due to suicide and other causes, and identify 

health service use predictors of relevant mortality outcomes. Chapter 5, the first study of mortality 

outcomes in this clinical cohort in Australia, found despite being earlier in the course of illness young 

people in this cohort had a risk of premature mortality double that of the general age- matched 

population, which increased to five times population risk for young males in the cohort. 

While suicide was the leading cause of death in this cohort, followed by accident and injury, poisoning 

whether intentional or accidental, was a primary or contributing causes in 43% of deaths. Health service 

use predictors, including prior ED presentations for SI, SB or self-harm and prior mental health unit 

admission were the strongest predictors of future mortality. A sensitivity analysis that tested the effect of 

classifying all ED presentations for poisoning together, regardless of intent, found that poisoning 

presentations were associated with the greatest hazard ratio for future death due to suicide or accident. 

A number of key themes emerged in addressing the aims of this thesis. Firstly, the core features of 

suicidal behaviour and self-harm in young people accessing primary mental health services differ from 

that of other population or clinical cohorts. Secondly, given these differences, current suicide prevention 

strategies may be ineffective in reducing morbidity and mortality from self-harm and suicidal behaviour 

when applied to this cohort. Finally, there are a number of major opportunities to improve clinical 

suicide prevention presented by the digital transformation of mental health services and systems, which 

if implemented could improve clinical service delivery and advance suicide research. 

114



6.2 Suicidal behaviour in youth mental health services 

Young people accessing youth mental health services with suicidal behaviour represent a unique cohort 

with key differences to population or clinical cohorts previously reported in the literature. Firstly, the 

prevalence of self-harm and suicidal behaviour, and rates of repetition are higher than clinical cohorts of 

adults or in the population (56, 57). The elevated rates of self-harm and suicidal behaviour appear to 

translate to increased mortality risk, hospital admissions and emergency department presentations. This 

is an important finding given this cohort are generally earlier in the course of illness, and early 

intervention clinical services have previously been criticised for diverting resources away from cohorts 

considered to experience more severe forms of mental illness (46). 

There is significant overlap between self-harm without suicidal intent and suicide attempts in this cohort. 

In Chapter 3.2 all young people who reported a suicide attempt also reported engaging in non- suicidal 

self-harm, with 38% engaging in multiple methods of self-harm (i.e. cutting and poisoning). The risk of 

repetition was high regardless of whether the episode of self-harm at baseline was associated with 

suicidal intent. In Chapter 4.1 broader definitions of self-harm, which grouped non-suicidal self- harm 

and suicide attempts together were as useful as stricter definitions. In Chapter 5 classifying ED 

presentations by the method of harm (i.e. poisoning vs. injury) was more useful than classifying by 

intent (intentional or accidental). 

Previous research has strongly argued that self-harm associated with suicidal intent and without are 

different phenomena and required different interventions (58, 59). While we do not argue against 

differentiating between these two behaviours at a population level, our findings suggest there may be 

less utility to doing so in clinical cohorts of young people. We also do not argue against the importance 

of understanding the meaning of a particular act of self-harm within the context of a therapeutic 

encounter between clinician and consumer. Rather our findings suggest that in this cohort determining 

the method used in an episode of suicidal behaviour or self-harm may offer more utility for clinical 

services than determining the intent associated with the act, in terms of understanding future risk. 

The high burden of disease associated with self-harm and suicidal behaviour in this cohort suggests that 

all young people who have any history of self-harm or poisoning of any kind, should receive evidence-

based suicide prevention interventions. Given the poor sensitivity and specificity of both suicidal 

ideation and suicidal behaviour as screening tests for future behaviour, the absence of either, during a 

clinical assessment, does not meaningfully rule out future suicidal behaviour. This is an important 

finding given current suicide prevention frameworks rely on the expression of suicidal ideation or 

behaviour (i.e. the presence of suicidal intent), to guide the delivery of the intervention (39).  
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Currently clinical service models use the expression of suicidal ideation to determine which clinical 

pathway is taken. For example, an individual presenting to hospital with an episode poisoning, even if 

almost fatal, will receive no assertive aftercare if the individual denies it was a suicide attempt (60-62). 

Similarly, other types of poisoning, such as those related to alcohol or recreational drugs, may be 

advised to engage with drug and alcohol services, but will not receive any care coordination or assertive 

follow up to support their engagement with treatment. 

Secondly, key risk factors for suicidal behaviour at a population level appeared to be less pronounced in 

this clinical cohort. Research of population samples has repeatedly found males to be at greatly 

increased risk of suicide death relative to females, who are said to engage in self-harm more frequently 

but are not at increased risk of suicide death (63). Our findings are consistent with previous research 

showing that the association between gender and suicide death is of a lesser magnitude in cohorts of 

psychiatric inpatients (64) or those diagnosed psychiatric disorders (65). We found male gender 

associated with twice the rate of suicide death than female gender in Chapter 5, and female gender 

associated with twice odds ratio of non-fatal suicidal behaviour relative to males in Chapter 4.2. 

Previous large cohort studies by Plana Ripoli et al (2019) and Hawton et al (2015) have found that in 

clinical populations female gender was associated with a greater increase in risk of suicide relative to 

risk amongst the general female population, whereas the absolute risk remained higher in males (65, 66). 

Our findings also suggest that in this cohort, after a history of self-harm or SB, clinical symptoms of 

common mental disorders were the most important predictors in modelling future suicidal and self-harm 

behaviour. Symptoms of depression, anxiety and substance use were all useful predictors of SB in 

Chapter 3.2, as were ED and hospital visits in Chapter 5. These findings do not necessarily mean that 

young people in this cohort meet criteria for full-threshold psychiatric diagnoses, and in fact in Chapter 

3.2 and 4.2 diagnosis was not a useful predictor of outcome. Chapter 4 also found cognitive factors, such 

as elevated impulsive decision-making and reduced cognitive flexibility, were useful predictors of SB, 

although it is not clear whether these factors should be considered state-based or represent a trait-like 

disposition. 

In Chapter 3.2, measures designed to capture exposure to child abuse or neglect, family or relationship 

conflict, and adverse life events were not useful predictors of suicidal behaviour. This was an 

unexpected finding as at a population level, exposure to child abuse, neglect and family violence, is the 

risk factor associated with the greatest attributable risk of healthy life years lost from suicide and self-

inflicted harm, in both males and females (67). While our findings do not refute the association with 

childhood traumas and suicidal behaviour, it may suggest these factors are predictive of mental distress 

or illness in young people and may not differentiate those with or without suicidal behaviour in clinical 

settings. Our findings suggest that high-quality assessment of clinical symptoms and mental state 

remains crucial to suicide prevention in youth mental health services and that a transdiagnostic approach 

to assessment may be of most utility (68). 
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6.3  The role of high-quality clinical care in youth suicide prevention 

Key suicide prevention strategies, at national and state levels, contain relatively brief or superficial 

references to clinical care or treatment. For example, the current national strategy in Australia, as well as 

NSW and Victorian strategies (69, 70), stipulate the need to support individuals in the community to 

access clinical assessment, but lack specific detail on what assessment and clinical care pathways might 

entail. Whole of government strategy and policy that aims to address the social determinants of ill 

health, reduce stress and increase resilience within the population will remain a crucial part of reducing 

rates of mental illness and increasing mental well-being. However, it is unclear what effect these 

measures are expected to have on the prevalence of self-harm or suicidal behaviours in clinical 

populations. Addressing these upstream factors, such as child abuse and family violence, may reduce the 

proportion of the population experiencing mental distress and disorders requiring clinical care, and 

therefor reduce rates of suicidal behaviour in clinical populations. However, our findings emphasize the 

importance of maintaining a focus on delivering high quality clinical care that supports recovery and is 

effective at reducing symptoms of mental disorders in young people (71). 

Suicide prevention frameworks that are specific to health services, such as the influential Zero Suicides 

framework (39), guide services in implementing a systems approach to identification, assessment, and 

treatment of suicidal ideation or behaviour, as well as workforce development and program evaluation. 

The ZS framework has been associated with a significant reduction in suicide deaths when implemented 

in certain healthcare settings in the United States (72, 73) as well as a reduced risk of repeat suicide 

attempt (RR = 0.62; 95% CI 0.41–0.95) at 90 days follow up and an increase in time until re-

presentation when implemented in Australia (74). 

However, there are likely to be additional implementation considerations in YMH services. For example, 

under the recommendations of the Zero Suicide framework, for clients who screen positive to suicidal 

ideation, clinicians should use a structured suicidal ideation screening tool and full risk formulation at 

every subsequent visit until suicidal ideation resolves. However, in real world youth mental health 

services, it is not clear how these discrete symptoms should be managed in the context of other mental 

health symptoms or conditions. The framework also specifies the use of several structured 

psychotherapies specific for suicidal thoughts, including the Collaborative Assessment and Management 

of Suicidality (75), Dialectical behaviour therapy (DBT) (76) or Cognitive Behavioural Therapy for 

Suicide prevention (77). In this model suicidal ideation is the primary therapeutic target and it is not 

clear how this approach should be balanced with other clinical or client priorities within a patient-

centered model of care. Additionally, in Australia demand for psychological therapies has been excess to 

workforce availability in recent years, resulting in psychological therapies being the largely inaccessible 

for the majority of the population (78). 

Evidence from large-scale implementations of other systems-based approaches to suicide prevention 

have been encouraging (79). For example, the National Suicide Prevention trial in Australia (80), which 
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involved one of two systems-based suicide prevention interventions, Alliance against Depression (81) or 

Lifespan (82) delivered in 11 primary health networks across Australia found the intervention increased 

provider knowledge of suicide and pathways to care and led to a significant reduction in suicidal 

ideation in participants accessing care at trial sites. However, evaluation against key outcomes, including 

hospital admissions for suicide attempts and suicide deaths found no effect. While overall the systems-

based interventions were acceptable and well received by the community and providers, funding and 

resources remained a barrier to implementation. Evaluating such a complex, multicomponent 

intervention also proved a challenge, as many control sites had some form of suicide prevention care or 

adopted programs during the period of evaluation. The impact of other dynamic processes, including 

social and economic change, which are known impact rates of suicidal behaviour, are also particularly 

challenging to measure and typically are not consistent across settings or populations at any given time. 

6.4 Technology-enabled clinical assessment and care 

High quality care is guided by comprehensive clinical assessment that is accessible and integrated into 

the consumers journey of care (71). Our findings suggest that the use of comprehensive 

multidimensional assessment in youth mental health services (83), that captures a range of clinical 

symptoms, alcohol and substance use and ideally include neurocognitive assessment, is important for 

clinical suicide prevention. Other domains such as social and occupational functioning or physical health 

were not covered by this thesis but have previously been identified as central to high quality youth 

mental health care (84). While this recommendation may not be novel, for many clinical mental health 

services in Australia this remains unimplemented. The feasibility of comprehensive assessment and 

leveraging assessment to improve care at a service and system level (as outlined in Section 6.6) will be 

greatly enhanced by the increased adoption of digital tools in health care. 

Digital platforms can be used to collect a comprehensive set of validated measures in a manner that 

enhances experience and quality of care, while reducing burden on consumers of health care and 

services associated with data collection and administration. Use of digital platforms enables 

measurement-based care, which facilitates the delivery of evidence-based interventions and the 

longitudinal tracking of outcomes (85). Initial digital platforms were developed by academic institutions 

and private organisations and more recently have become a focus of government providers. In New 

South Wales for example, the Ministry of Health has begun roll out of its patient- facing digital 

platform, HOPE, which is designed to capture patient reported outcome measures (86). Although these 

opportunities have been recognised by governments and health organisations they have yet to be fully 

realised and many existing technologies have not been implemented widely in clinical service delivery 

(87, 88). For example, neurocognitive factors have been proposed as potential biomarkers for a range of 

mental health disorders (84, 89), and relative to other proposed biomarkers, such as those identified via 

neuroimaging, cognitive testing has the potential to be readily accessible and rolled out in a wide range 
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of settings. Testing can be delivered via tablets, and even smart watches, with results of a similar validity 

to expensive in-person testing (90, 91). Yet neurocognitive testing remains highly inaccessible in clinical 

services in Australia and continues to require highly skilled professionals to carry out intensive and 

lengthy assessments. 

Beyond assessment, optimising the use of digital platforms is also an opportunity to increase access to 

high quality evidence-based suicide prevention interventions. Key interventions for suicidal behaviour in 

young people include safety planning, access to aftercare and follow up, and means restriction. 

Leveraging digital platforms and devices would increase the feasibility of delivering brief interventions, 

like safety planning and psychoeducation, to all young people presenting for care regardless of the 

setting or skill level of the clinician or service provider. Similarly, the care coordination required in 

aftercare programs, which aim to provide enhanced follow up, could be facilitated by hybrid models that 

combine digital and in-person approaches. Given clinical symptoms are important predictors of future 

suicidal behaviour in clinical cohorts, the longitudinal tracking of symptoms until resolution, and 

stepping up level of intervention when needed, could be supported hybrid digital/in-person models of 

aftercare. While many interventions, such as safety planning or specific psychotherapies, are available in 

digital form they are not generally integrated with other platforms, including those used by providers. 

The integration of patient-facing platforms with existing digital health records and clinical software 

could improve communication of assessment and shared treatment planning (87, 88) and the value of 

health care delivered. 

6.5  Targeting a broader range of harms 

The high rates of adverse outcomes due to accident and injury, drug and alcohol use and emergency 

department presentations highlight the importance of taking a comprehensive approach to reducing 

premature mortality and morbidity in this cohort. Taken together, our findings suggest that designing 

interventions to address a broader construct of harm should be considered. Young people with mental 

health conditions are at increased risk of a range of harms, including being subject to violence and 

exploitation, homelessness, physical illness and chronic social and functional impairment (92). There 

may be shared mechanisms underpinning these harms, related to exposures such as early life trauma and 

socioeconomic disadvantage, substance use, untreated or inadequately treated, symptoms of mental 

disorders or neurocognitive vulnerabilities. Chapter 4 found some limited evidence of a distinct 

cognitive phenotype associated with the suicidal behaviour of young people and clinical controls which, 

though limited, could contribute to the increased risk of a broader range of harms in this cohort. 

Promisingly, other executive function deficits associated with suicidal behaviour in adults were not 

present, indicating an early intervention paradigm that targets secondary risk factors associated with 

cognitive impairments, such as substance use, may be effective. Interventions that target a broader 
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construct of harm and address shared mechanisms such as drug and alcohol use, would also likely 

increase the positive predictive value of such interventions, thus increasing the utility and value to the 

health system. 

The current approach of having different national strategies for Suicide Prevention, Mental Health and 

Drugs and Alcohol may inadvertently drive fragmented responses to delivering youth mental health care 

(93). National strategies typically inform health planning and funding, as well as monitoring and 

evaluation. Developing an integrated strategy would support a systems-based approach to targeting a 

broader construct of the harm that includes additional harms associated with mental health disorders. 

Such a strategy would support the development of a shared vision across the health system, a workforce 

with the relevant skill and the required digital infrastructure. 

6.6  Leveraging artificial intelligence for suicide prevention 

Digital transformation of mental health services presents major translational research opportunity for 

suicide prevention. The ability to capture new forms of high-quality data in a timely manner could have 

an outsized impact on our understanding of psychopathology, relative to other disciplines. 

Suicide research has historically been limited to the collection of clinical data at time points relatively 

distal to the discrete episode of suicidal behaviour or self-harm. As a result, state-dependent factors in 

suicidal behaviour have been entirely under researched. This is a crucial gap in the literature given 

suicidal ideation and associated intent is known to fluctuate in intensity over very short periods of time 

(94, 95). In addition to cognition, other state-dependent or behavioural factors associated with suicidal 

behaviour, such as sleep (96), social contact (97), and physical activity (98), may now be studied in 

populations with recent or current suicidal behaviour, on a larger scale than possible in the past, with 

data collected outside of clinical settings via smart phones, wearable devices or other digital products. 

The uptake of digital platforms by large health organisations, particularly government providers, and the 

integration of behavioural data, such as neurocognitive testing, into large data sets, will facilitate the 

application of artificial intelligence and computational modelling to the field (99). Collaboration 

between mental health clinicians and researchers, data scientists or engineers and health policymakers is 

paramount to ensuring the opportunities afforded by new forms of data are fully realised. 

Improving the quality of data collection in clinical services is also imperative. As outlined in Chapter 3.1 

many ML studies thus far have relied on administrative data, which maps poorly to clinical constructs, 

and is likely to limit the translation of such models into clinical interventions. Suicide research has 

progressed since the modelling of single risk factors (Chapter 2) however the opportunities are yet to be 

fully realised. In this thesis there was some limited evidence that more detailed definitions of clinical 

constructs impact the performance of models. In Chapter 2.2 there was evidence of a threshold effect in 

suicidal ideation. Measures that included greater detail allowed for a third category of analysis, that of 
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‘suicidal threats’, which was associated with greater risk than passive suicidal ideation. Similarly, in 

Chapter 2.2 studies that differentiated between groups who had experienced suicidal ideation without 

behaviour, and those with both, found that suicidal behaviour was associated with twice the risk relative 

to a group with suicidal ideation and no history of behaviour. In Chapter 3.2, the use of validated self-

report and clinician rated measures improved the predictive performance of models, relative to a 

previous study from our group that used the same method of analysis but relied on data extracted from a 

retrospective audit of clinician notes (100). 

While at present there is insufficient evidence that discrete categories of suicidal ideation, suicidal 

behaviour, and self-harm, should be used to direct interventions within clinical services, this may change 

as the quality of data collected improves. The collection of data that maps to clinical constructs is likely 

to lead to predictive models of greater utility to clinical services and health planners (101). Improving 

the availability and quality of large health datasets from clinical services also increases opportunities for 

international collaboration in mental health research. Larger datasets and open data approaches may 

increase the feasibility of cross-national research that can enhance our understanding of country-level 

factors, for example cultural factors or the effect of health system differences.  
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6.7 Limitations 

While the limitations of the studies included in this thesis have been discussed within each chapter, there 

are a number of limitations relevant to the thesis as a whole to acknowledge. Firstly, the studies draw on 

observational data from real-world clinical settings. While using data drawn from a clinical cohort was 

central in addressing the aims of this thesis, observational data from clinical settings may have 

limitations, such as sampling bias and generalisability. The cohort of clients accessing clinical services 

like headspace can change over time, for reasons not measured in clinical research. For example, health-

system factors such as workforce shortages or the development of new clinical services, may alter the 

characteristics of consumers accessing a service. Other potential sampling biases have been identified in 

previous work published by our group, which reported that select sub- cohorts of the BPRR (n= 7081), 

including the neurobiological cohort from which Chapter 4.2 is drawn from, may have been biased 

towards sampling young people with more severe clinical presentations (50, 51). In Chapter 4.2 young 

people with primary diagnoses of psychosis, schizophreniform or neurodevelopmental disorder, were 

excluded in order to focus primarily on mood and affective presentations. Excluding these presentations, 

which are often considered of greater severity, may have reduced this bias, however understanding how 

these potential biases impact generalisability is complex. Later studies of the thesis, such as Chapter 5, 

used the entire BPRR cohort linked to hospital and emergency department data sets to counter this. 

Another factor limiting the generalisability of findings from studies described in Chapter 3.2, 4.2 and 5, 

is the urban setting. The BMC youth clinics, and the additional sites included in the ‘Transitions’ cohort 

in Melbourne, provide early intervention mental services to young people in major urban capitals. As a 

result, important groups of young people known to be at elevated risk of suicidal behaviour, such as 

those living in rural or regional areas, are not adequately represented. While these headspace branded 

clinics have relatively high rates of engagement with some demographic groups of young people at 

increased risk of suicidal behaviour, such as LGBTQI young people, other groups such as Aboriginal 

and Torres Strait islander young people, have typically been less likely to engage with headspace (102). 
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6.8  Conclusion 

Young people accessing youth mental health (YMH) services with suicidal behaviour represent a unique 

cohort and differ from young people in population samples, or clinical cohorts of adults, previously 

reported in the suicide research literature. In early intervention YMH services the 12-month prevalence 

of self-harm and suicidal behaviour is high (42%) with rates of repetition at 12-month follow up of 54%. 

In contrast to population samples, in this cohort there is a significant overlap between non-suicidal self-

harm and suicide behaviour, in terms of co-occurrence, methods used and risk of repetition. This 

strongly suggests differentiating between types of self-harm based on intent (e.g., non-suicidal or 

suicidal) in YMH clinical settings is likely to be less useful and valid than previously suggested in 

studies based on population cohorts. The increased burden of disease associated with self-harm and 

suicidal behaviour translates into significantly elevated mortality risk, which is a particularly important 

finding given young people accessing YMH services are generally earlier in the course of illness. 

Elevated mortality risk was attributable to increased rates of suicide death, as well as higher rates of 

death due to poisoning, drug and alcohol use. Predictive modelling of suicidal behaviour, whether using 

statistical approaches such as regression, or novel machine learning algorithms, perform poorly in terms 

of sensitivity, specificity and positive predictive value, a result of the low base rate (i.e. prevalence) of 

suicide deaths. Predictive modelling of outcomes with a higher prevalence rate, for example episodes of 

self-harm or suicidal behaviour, is associated with a higher PPV, however still below the threshold 

considered acceptable for interventions other than those with few associated harms. These findings 

suggest that developing strategies and designing interventions to address a broader construct of harm 

should be considered. 

Systems-based approaches to suicide prevention that rely on the detection of suicidal ideation to direct 

the delivery of interventions are likely to be ineffective given the poor sensitivity of SI for future suicide 

death. Rather than a risk stratification approach to suicide prevention in youth mental health services, all 

young people accessing mental health services should receive evidence-based suicide prevention 

interventions that are cost-effective and where the benefits outweigh the risk of potential harms (e.g. 

safety planning) (34).  

High quality clinical assessment guided by transdiagnostic frameworks that capture a range of clinical 

symptoms, drug and alcohol use, cognition, as well as functioning and recovery, is a core component of 

clinical suicide prevention. Rather than assessment with the aim of predicting outcomes related to 

suicidal behaviour, the aim of such comprehensive clinical assessment is to guide the delivery of person-

centered, evidence-based care, relevant to the individual’s presentation. Leveraging the digital 

transformation of mental health services to develop system-wide approaches to assessment and delivery 

of interventions presents a major opportunity in suicide prevention. The optimal use of digital platforms 

and devices can increase the quality of clinical care, by improving access and consistency of 

interventions and capture new forms of high-quality data that can be used to further knowledge of 
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suicidal behaviour and improve the effectiveness of interventions (78).
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