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Abstract

Suicide is a multifaceted psychiatric phenomenon with various biopsychosocial drivers.
Suicide can be further categorized into suicidal ideation and self-harm, with self-harm
encompassing both fatal and non-fatal suicide attempts. There is ongoing debate as to
the merit of differentiating nonsuicidal self-injury from other suicidal behaviours (such
as suicide attempts). This differentiation is commonly attributed to the difference
in the underlying intent of the action. Empirical studies based on ideation-to-action
theories of suicidal behaviour have had little success in the identification of specific
yet stable risk factors for suicide. Generally, suicidal behaviours are used as diagnos-
tic criteria for other psychiatric disorders—namely major depressive disorder, bipolar
disorder, and borderline personality disorder. Furthermore, the interplay between sui-
cidal thoughts and behaviours and the genetics of depression is not well understood.
Overall, there is a movement away from traditional risk prediction frameworks and
toward suicide resilience as a novel research concept to frame future studies. In or-
der to address these research gaps, three cross-sectional studies were conducted using
data from the Toronto Adolescent and Youth Cohort study, the Canadian Longitu-

dinal Study on Aging, and the UK Biobank. First, the data-driven, operationalized
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constructs of self-harm based on intent (i.e., into distinct categories of suicidal be-
haviour and nonsuicidal self-injury) were shown to be clinically differentiable in a
population of treatment seeking, transitional-aged youth. Second, suicidal thoughts
but not behaviours were shown to mediate associations between genetic risk for de-
pression and peripheral biomarkers (specifically white blood cell count, neutrophil
count, and triglyceride levels). Lastly, machine learning models developed within
a resilience-based, Whole Person Modelling framework prioritized age, age at first
sexual intercourse, and educational attainment as top predictors of suicide attempt
resilience. These studies further our understanding of suicidal behaviours and the
genetic underpinning of depression. Collectively, they highlight the biopsychosocial
factors of resilience to suicide attempts in the context of depression and provide candi-
date targets for future studies. Focused individual-level interventions guided by these
population-level findings may help decrease rates of suicidal behaviours by bolstering

resilience, particularly in relation to depression.
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“In the midst of winter, I found there was, within me, an invincible summer.”
- Albert Camus
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Chapter 1

Literature Review

1.1 Suicide

Suicide is a global public health concern, with the World Health Organization (WHO)
estimating over 700,000 deaths by suicide in 2019 and epidemiological studies placing
the age-standardized suicide rate at approximately 9.0 per 100,000 individuals, vary-
ing across demographic factors such as country of residence and sex (World Health
Organization, 2021). Suicide is de ned as a death caused by self-directed injurious
behaviour conducted with the intent to end one's life. Suicide research also encom-
passes the study of suicidal behaviours (e.g., non-fatal suicide attempts, interrupted
or aborted attempts, or preparatory behaviours), nonsuicidal self-injury, and suicidal
ideation (SI; i.e., having thoughts and preoccupations with death). Sl is sometimes
further broken down into passive and active Sl, generally di erentiated by the pres-
ence of an actionable plan in the case of active Sl (B. Harmer et al., 2025). The de-
lineation of nonsuicidal self-injury from other suicidal behaviours is less established,
with ongoing debate regarding the utility of this distinction compared to a broader
categorization of \self-harm" (De Leo, 2022). Establishing a consistent nomencla-
ture in the eld of suicide research importantly aids in decreasing the heterogeneity
of outcome measures and has implications on understanding epidemiological rates,
mechanisms of action, and e cacy of treatment and prevention strategies.

Movement toward conceptualizing suicidal behaviours as a disorder with varying
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degrees of severity and symptom manifestations outlined by this nomenclature is be-
coming apparent in suicide literature (Fehling and Selby, 2020). For example, the
Diagnostic and Statistical Manual of Mental Disorders, Fifth Edition (DSM-5) pro-
posed suicidal behaviour disorder (SBD) as a condition for further study (American
Psychiatric Association, 2013). As it stands, suicidal behaviours serve as diagnostic
criteria for other psychiatric diagnoses, particularly that of major depressive disorder
(MDD), bipolar disorder, and borderline personality disorder. A limiting factor for
the adoption of SBD is the lack of clinically relevant risk factors that substantiate
the need for SBD as an independent diagnosis. As of the most recent update of the
DSM-5, the Diagnostic and Statistical Manual of Mental Disorders, Fifth Edition,
Text Revision (DSM-5-TR), SBD has been removed as a condition for further study
(Oliogu and Ruocco, 2024). However, symptom codes for suicidal behaviour and
nonsuicidal self-injury were introduced (First et al., 2023).

Current research into the identi cation of risk factors for the purpose of enacting
preventative measures has yielded mixed results (Franklin et al., 2017) or are speci c
to either very constrained populations (such as in MDD patients (Yin et al., 2022;
Mamdani et al., 2022; Jiang et al., 2021) or in front-line healthcare workers such
as physicians (Kakarala and Prigerson, 2022; Sood et al., 2022)) or speci c factors
(such as job insecurity (Blomqvist et al., 2022) or meteorological conditions (Fran-
gione et al., 2022)) that are derived from very narrow domains|traditionally either
social, psychiatric, or psychological and rarely in a cross-domain fashion. This is
further complicated by the observed sex di erences wherein deaths by suicide are
more common in males while suicide attempts are more common in females (Canetto
and Sakinofsky, 1998; Bachmann, 2018). Qualitative reviews of suicide literature by
experts often highlight a prior suicide attempt as a risk factor for subsequent suicide
attempt or death (Franklin et al., 2017). This poses a challenge in identifying rst
time attempters. On the other hand, this also presents an opportunity to identify
biological mechanisms which may reveal therapeutic potential for at-risk individuals.
Current work in identifying such a target has found some success, for example with

brain correlates (Campos, P. M. Thompson, et al., 2021), genetic and epigenetic tar-
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gets (Mullins, Kang, et al., 2022; Guintivano et al., 2014), or with micro-ribonucleic

acid involvement (Kouter and Paska, 2020). Other simpler blood-derived measures
have also been shown to act as potential biomarkers for both suicidal behaviours
(Velasco et al., 2020; Y. Yang et al., 2016) and suicide death (e.g., in MDD patients
(Mamdani et al., 2022) and bipolar patients (Le-Niculescu et al., 2013)). However,
the interactions between suicide risk and clinically relevant biomarkers (that do not

require complex acquisition or processing) are not well understood in the general

population (Blasco-Fontecilla and Oquendo, 2016; Niculescu et al., 2015).

1.1.1 Stress-Diathesis Model of Suicidal Behaviour

Diathesis as a medical concept has long standing roots, stemming from the Greek
ideas of predisposition, humour, and temperament. The concept was rst formally
applied to suicide in 1986 (Rubinstein, 1986). The stress-diathesis model conceptu-
alizes individual predispositions as vulnerabilities that increase an individual's like-
lihood to respond pathologically to an environmental stimulus (often psychological
stress) (Heeringen, 2012). These vulnerabilities can be wide ranging, for example: ge-
netic predispositions identi ed via genome wide association studies (Mullins, Kang,
et al., 2022), psychiatric predispositions stemming from co-morbid psychiatric diag-
noses such as MDD (Jiang et al., 2021), or social predispositions such as socioeconomic
status and social isolation (Naher, Rummel-Kluge, and Hegerl, 2019).

Conversely, diathesis is related to the concept of resilience, de ned by the Amer-
ican Psychological Association as \the process and outcome of successfully adapting
to di cult or challenging life experiences, especially through mental, emotional, and
behavioural exibility and adjustment to external and internal demands." (Vanden-
Bos and American Psychological Association, 2015). A resilient individual does not
uctuate externally in response to environmental stressors despite some presumed
level of diathesis (E. J. Thompson, Kazantseva, and Gaysina, 2017). This is of course
not a dichotomous distinction and the degree of vulnerability|or amount of diathe-
sis|an individual experiences is better considered as a spectrum. Thus, the level of

stress needed to result in a pathological response, such as suicidal behaviour, also
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varies in a continuous manner (Turecki, Brent, et al., 2019). The multi-system model
of resilience proposes a three-level system that allows for externally observed adaptive
functioning|internal resilience, coping and pursuits, and external resilience (J. J. W.
Liu, Reed, and Girard, 2017; J. J. W. Liu, Reed, and Fung, 2020). These systems
describe how individual variability (i.e., in psychological personality traits or physio-
logical stress-response) lead to the accumulation of a reservoir of internalized capac-
ities and factors that lead to resilience in response to a particular stressor, challenge,
or trauma. The interplay between stress and individual diathesis, however, can also
vary across the lifespan, or even more acutely, across mental states (D. Bolton and
Gillett, 2019). Overall, this model provides a conceptual framework that captures
the multifaceted drivers of suicide (i.e., a polygenic architecture constituting a multi-
factorial genetic diathesis, or aberrant personality traits constituting a multi-factorial

social diathesis).

1.1.2 Ideation-to-Action Theories of Suicide

The current leading theories of suicide are predominantly concerned with the tran-
sition between suicidal ideation and suicide attempts. Broadly, these theories can
be described under the general \ideation-to-action" framework (Klonsky, Sa er, and
Bryan, 2018). In this section, This section brie y summarizes the Interpersonal The-
ory of Suicide (IPTS (Van Orden et al., 2010), rst published in 2010), the Integrated
Motivational{Volitional model (IMV (O'connor, 2011; O'Connor and Kirtley, 2018),

rst published in 2011 and re ned in 2018), and the three-step theory (3ST (Klonsky
and May, 2015; Klonsky, Pachkowski, et al., 2021), rst published in 2015).

The IPTS focuses on the constructs of thwarted belongingness and perceived bur-
densomeness and posits that the combination of these two interpersonal factors gives
rise to the desire for suicide. The IPTS introduces the concept of acquired capability
as the facilitator of the transition from ideation (i.e., desire for suicide) to action (i.e.,
suicide attempt). Acquired capability results from the combination of lowered fear
of death and elevated pain tolerance. This can result from frequent exposure and

subsequent habituation to painful and provocative experiences (PPEs). PPEs can
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take the form of what are now considered risk factors for suicide such as adverse life
events, traumatic events, and self-harm. The IPTS provides a theoretical basis for
empirically testing these suicide-related constructs (Robison et al., 2024).

The IMV is similar to the IPTS, but focuses on defeat and entrapment as opposed
to belongingness and burdensomeness as drivers of suicidal ideation in the motiva-
tional phase. The IMV then highlights volitional moderators (VMs) that govern the
volitional phase (i.e., the transition from ideation to action). Beyond acquired ca-
pability (i.e., increased fearlessness and pain tolerance), VMs also include access to
means for suicide, exposure to suicidal behaviour, suicidal planning, impulsivity, men-
tal imagery, and past suicidal behaviour. The IMV also includes a pre-motivational
phase that is comparable to the PPEs proposed by the IPTS.

The 3ST focuses on pain (usually but not exclusively psychological) and hope-
lessness as drivers of suicidal ideation. The rst stage refers to the arising of suicidal
ideation from these constructs. The second stage relates to connectedness|a similar
interpersonal factor to those proposed by the IPTS|as a protective factor for suicidal
ideation. The 3ST proposes that the transition from ideation to action occurs when
the combination of pain and hopelessness exceeds connectedness (i.e., stage two).
Finally, stage three relates to the capacity to attempt suicide, speci cally through
dispositional, acquired, and practical contributors to capacity. Dispositional contrib-
utors broadly relate to predisposing risk factors such as genetics and can encompass
the PPEs described by the IPTS and the pre-motivational factors described by the
IMV. Acquired contributors refer to the acquired capability proposed by the IPTS
(i.e., increased fearlessness and pain tolerance), and practical contributors refer to
logistical factors such as access to lethal means.

These theories under the ideation-to-action framework provide the basis for em-
pirical studies of suicide. They span multiple domains of research such as biological
(i.e., dispositional contributors like genetics and in ammation), psychological (i.e., ac-
quired capability which often co-occur with other psychiatric disorders such as MDD),

and social (i.e., belongingness, burdensomeness, and connectedness) domains.
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1.2 Suicide in the Context of Depression

The current nosology of suicide considers suicidal ideation and attempts as diagnos-
tic criteria for other psychiatric disorders, chiey MDD and borderline personality
disorder (Oquendo and Baca-Garcia, 2014), though suicide rates are also found to be
elevated in bipolar disorder (H. Kim et al., 2025; Chesney, Goodwin, and Fazel, 2014).
Several meta-analyses of suicide death have shown the importance of depression in
suicide risk. For example, in individuals with diagnosed depression, more severe
depression is associated with suicide death (OR=2.20, 95% CI=1.05{4.60) (Hawton,
Casanas | Comabella, et al., 2013). Suicide death in the general population was found
to be associated with mood disorders, including depression (RR=12.3, 95% CI=8.9-
17.1) (Too et al., 2019). This is further supported by psychological autopsies that
further characterize suicide decedents associating mood disorders with suicide death
(OR=14.34, 95% CI=9.10-22.57; MDD OR=9.14, 95% CI=5.53{15.09) (Conner et
al., 2019).

There are several leading hypotheses around the etiology of depression that span
from the molecular level to the societal level. Both preclinical and clinical evi-
dence suggest that disruptions in monoamine neurotransmission (i.e., serotonin, nore-
pinephrine, and dopamine) are associated with the pathophysiology of MDD (Cui et
al., 2024; Jauhar, Cowen, and Browning, 2023; Moret and Briley, 2011; Belujon
and Grace, 2017). The success of neuropharmacological treatments that primar-
ily target these molecules (i.e., selective serotonin re-uptake inhibitors, serotonin-
norepinephrine re-uptake inhibitors) further supports the monoamine hypothesis of
MDD (C. J. Harmer, Duman, and Cowen, 2017). Novel theories aim to expand on this
monoamine hypothesis, for example with the inclusion of synaptic plasticity (C. E.
Page et al., 2024).

Another hypothesis implicates hyperactivity of the hypothalamic-pituitary-adrenal
(HPA) axis in MDD (Varghese and E. S. Brown, 2001). Corticotropin-releasing hor-
mone (CRH) is released by the hypothalamus as a response to stress which in turn

causes the release of adrenocorticotropic hormone (ACTH) by the pituitary gland.
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ACTH then stimulates glucocorticoid (such as cortisol) release into the bloodstream
by the adrenal cortex (Mikulska et al., 2021). Elevated cortisol has been observed in
patients with depression (Dziurkowska and Wesolowski, 2021; Nandam et al., 2019)
and associated with depressive behaviours in rodent and macaque models of MDD
(Nandam et al., 2019; Qin et al.,, 2016). However, research is limited on the e ec-
tiveness of modulating cortisol levels as a treatment for MDD (V. K. Patel et al.,
2024).

Others view MDD through a more social and psychological perspective, placing
emphasis on stress factors that lead to the onset of the disease (Z. Fu et al., 2021). For
example, childhood trauma and stressful life events have been associated with chronic
depression and depressive symptoms (Negele et al., 2015; Bj rndal et al., 2024). HPA
axis dysregulation is one hypothesis attempting to explain the biological mechanisms
that link stress and MDD. It is also widely accepted that there are genetic factors
underlying MDD etiology (Flint, 2023). Epigenetic modi cation is another mechanis-
tic hypothesis aiming to explain the relationship between stress and MDD (C. Park
et al., 2019). Commonly studied epigenetic modi cations include DNA methylation
and histone acetylation. The former involves the addition of methyl groups directly
onto DNA molecules, and the latter involves the addition of acetyl groups to parts of
the histone core. These modi cations a ect downstream transcriptional activity giv-
ing rise to variations in gene expression (H. Sun, P. J. Kennedy, and Nestler, 2013).
Both methylation and acetylation have been associated with depressive behaviours
in both animal models and in humans (C. Park et al., 2019; H. Sun, P. J. Kennedy,
and Nestler, 2013; Pena and Nestler, 2018).

One hypothesis that has recently gained traction and is of particular interest to
this thesis is the in ammatory hypothesis of MDD (Yirmiya, 2024; C.-H. Lee and
Giuliani, 2019; Beurel, Toups, and Nemero , 2020). Converging evidence from both
human participant and animal model studies point to an association between systemic
in ammation of the central and peripheral nervous systems and MDD. The inter-
leukin family of cytokines (i.e., IL-1 , IL-1 , IL-6, IL-17 (R. Das et al., 2021; Farooq

et al., 2017; Blzniewska-Kowalska et al., 2023)), tumour necrosis factor alpha (El-
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gellaie et al., 2023), and C-reactive protein (Orsolini, Pompili, et al., 2022) measured
in blood, plasma, and serum are commonly studied peripheral in ammatory mark-
ers for MDD. Several central nervous system biomarkers measured in cerebrospinal
uid (CSF) (Mousten et al., 2022; S rensen, Borbye-Lorenzen, et al., 2023; S rensen,
Orlovska-Waast, et al., 2022) and in vitro (Borsini et al., 2020) have also been asso-
ciated with MDD. Other aspects of the central nervous system including de ciencies
in the blood{brain barrier (Medina-Rodriguez and Beurel, 2022) and impairments
in microglial function (H. Wang et al., 2022; Singhal and Baune, 2017; Brites and
Fernandes, 2015) have also been the focus of emerging research.

Several studies have investigated the same pathophysiological mechanisms that un-
derlie depression in the context of suicide (e.g., monoamines, HPA axis dysregulation,
neuroin ammation (Sera ni, Costanza, et al., 2023; Pandey, 2013)). Levels of in am-
matory cytokines both in vivo (e.g., serum, blood, plasma, CSF) and postmortem have
been associated with suicidal behaviour, most robustly with elevated levels of IL-6
(Baldini et al., 2025; Ganarca et al., 2016). The e ects exerted by these in amma-
tory cytokines may be mediated by a dysregulated kynurenine pathway. Decreased
kynurenic acid and elevated quinolinic acid (an N-methyl-D-aspartate receptor ago-
nist) have been observed in suicidal patients. These two neuroactive metabolites have
been previously suggested to underlie the pathophysiology and neurobiology of depres-
sion (S. J. Brown, X.-F. Huang, and Newell, 2021). Postmortem analyses comparing
suicide decedents with evidence of depression at time of death to matched healthy
controls that died suddenly suggest di erential methylation patterns in grey matter
tissue associated with astrocytic dysfunction may drive depressive psychopathology
(Nagy et al., 2015). Evidence of low-grade cerebral neuroin ammation|particularly
the recruitment of circulating monocytes|was also observed in the dorsal anterior
cingulate cortices of these depressed suicide decedents (Torres-Platas et al., 2014).
In a similar study comparing depressed decedents to psychiatrically-normal controls,
depressed individuals who died by suicide showed decreased astrocyte density in hip-
pocampal sub- elds C2 and C3 associated with the duration of their depression (Cobb
et al., 2016).
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The role of microglia in particular was rst identi ed by Steiner et al. as a poten-
tial common neurobiological abnormality across both depression and suicide (Steiner
et al., 2008). Schnieder et al. extended these ndings, reporting no di erences in
microglial activation across psychiatric diagnoses of schizophrenia or a ective disor-
ders. However, elevated activated microglia density in ventral prefrontal white matter
among suicide victims was observed. Activated microglia were often clustered near
blood vessels, suggesting vascular involvement in suicide-related neuroin ammation
(Schnieder et al., 2014). In a case-control study, Torres-Platas et al. found no over-
all di erence in microglial density between suicide victims with major depression
and non-psychiatric controls. However, the ratio of primed to resting microglia was
signi cantly higher in the suicide group, along with greater macrophage accumula-
tion around blood vessels and upregulation of immune genes (ionized calcium-binding
adapter molecule 1 and monocyte chemoattractant protein 1) (Torres-Platas et al.,
2014). Brisch et al. found that depressed patients who had not died by suicide
showed reduced microglial reactivity, contrasting with both suicide victims and con-
trols (Brisch et al., 2017).

Across these studies, psychiatric diagnosis alone did not consistently predict mi-
croglial changes. However, suicide was consistently associated with increased mi-
croglial activation, morphological transformation, and perivascular immune responses,
suggesting that microglial alterations may be speci cally linked to suicidal behaviour
rather than to psychiatric illness (Suzuki et al., 2019; H. Wang et al., 2022). Un-
derstanding the shared etiologies, endogenous, and exogenous drivers of suicide and
depression and how they relate to each other as co-morbid risk factors has clinical
implications on the diagnoses, treatment, and prevention of both outcomes (Orsolini,

Latini, et al., 2020; Harwitz and Ravizza, 2000).

1.2.1 Shared Genetic Etiology

Another avenue of studying the common and shared etiology of psychiatric disorders is
genetics (Andreassen et al., 2023). Genetic studies of both suicide and depression have

found strong genetic correlations and shared genetic architecture between the two
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disorders (Kootbodien et al., 2023; Mullins, Kang, et al., 2022). Modern molecular
genetics that facilitate these studies began in the 1970s with the invention of rst
generation sequencing methods: Maxam{Gilbert sequencing and Sanger sequencing
(Heather and Chain, 2016; Kockum, Jesse Huang, and Stridh, 2023). Two decades
later, the human genome project was established to fully sequence the human genome
(Collins and Fink, 1995). The rst draft of the human genome was published in 2001
(Lander et al., 2001).

The next major advancement came in the form of microarray technology in the
1990s. Works from Stephen Fodor at the A ymax Research Institute and Patrick
Brown at Stanford University showed that it was possible to identify variants simul-
taneously to greatly increase the resolution of genotyping compared to rst generation
sequencing (Fodor et al., 1991; Schena et al., 1995). Advancements since the con-
ception of these methods have largely focused on massive parallel sequencing, called
next generation sequencing (Kockum, Jesse Huang, and Stridh, 2023). Modern next
generation sequencing methods are becoming increasingly available at lower costs,
facilitating a proliferation of whole exome sequencing and whole genome sequencing
studies (Goh and M. Choi, 2012; Bagger et al., 2024). This has also led to the rise
of genetic ancestry testing by direct-to-consumer companies (Jorde and Bamshad,
2020). Genetic ancestry in this case often refers to genetic similarity, which is a
measure of relatedness between individuals calculated from their observed genetic
variants (S. Wang et al., 2021). Genetic ancestry is often presented as an individ-
ual's genetic similarity to a prede ned set of individuals (called a population). Thus,
genetic similarity is biased to the selection of reference populations and their subjec-
tive labels. These reference populations must be labelled with consideration to avoid
harm and stigmatization. For example, using race and ethnicity to refer to these
genetically similar populations con ates the socially de ned groups with biologically
driven strati cation. This can be harmful to certain racial and ethnic groups when
the biological strata are associated with negative and stigmatizing outcomes (Nelson
et al., 2022; Mersha and A. F. Beck, 2020). Another limitation of this perspective is

the ability to describe admixed individuals, or individuals with genetic structures that
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are similar to and traceable to multiple source populations (Gopalan et al., 2022).
Movement away from con ating population descriptors with genetic ancestry has re-
cently been gaining traction (Nelson et al., 2022; Ali-Khan et al., 2011; Committee
on the Use of Race, Ethnicity, and Ancestry as Population Descriptors in Genomics

Research et al., 2023).

1.2.1.1 Genome-wide Association Studies

Genome-wide association studies (GWAS) statistically associate a given phenotype
with individual genetic variants across the human genome. The most commonly
tested genetic variant is the single-nucleotide polymorphism (SNP), where at a given
base pair location (or locus), an individual's nucleotide can di er from another indi-
vidual's or from a reference genome (U elmann et al., 2021). These variations occur
at di erent allele frequencies. The minor allele frequency (MAF) is calculated as
the proportion of the second most common allele in a given population and SNPs
with MAF <0.05 are often called rare variants as opposed to common variants (i.e.,
SNPs with MAF>0.05). The relative contributions of rare and common variants to
phenotypic variation is not fully understood (Gibson, 2012). The in nitesimal model
proposes that almost all variants contribute some e ect and GWAS detect the largest
e ect sizes; this is also referred to as polygenicity (Visscher et al., 2021). The rare
allele model, on the other hand, proposes that diseases are largely attributable to
rare susceptibility genotypes that are not frequent enough at the population level
for GWAS to detect. (Gibson, 2012). Both models, however, do not consolidate
the di erence in SNP-based heritability observed from GWAS and heritability esti-
mates calculated from twin and family based studies, commonly referred to as the
\missing heritability” problem (Matthews and Turkheimer, 2022). The broad sense
heritability model attributes this missing heritability to non-additive components of
heritability that GWAS are underpowered to detect. For example, interaction e ects
at the gene level (gene-by-gene or epistasis), interaction e ects at the environmental
level (gene-by-environment), or epigenetic modi cation (methylation and acytelation)

are potential drivers of this discrepancy (Gibson, 2012).
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With the increasing availability of large scale population-based studies, meta-
analytic approaches to GWAS aid in discovery of the genetic etiology of diseases
and disorders by increasing the study sample size. This has led to the identi cation
of hundreds of variants associated with depression and depressive symptoms (Major
Depressive Disorder Working Group of the Psychiatric GWAS Consortium et al.,
2013; Wray et al., 2018; Howard et al., 2019; Adams et al., 2024). Ancestry-specic
GWAS with appropriately matched reference panels also provide novel, more nuanced
insights that are missed in meta-analytic approaches that often exclude smaller groups
of genetically dissimilar participants. For example, ve associations with depression
were identi ed in East-Asian individuals that were not found in White individuals
(Giannakopoulou et al., 2021). On the other hand, novel cross-ancestry methods are
being developed to alleviate the need to exclude or separately analyze individuals
based on genetic similarity (Meng et al., 2024; Major Depressive Disorder Working
Group of the Psychiatric Genomics Consortium, 2025).

A genome-wide meta-analysis of both clinically and broadly-de ned depression
identi ed 44 independent risk loci (Wray et al., 2018). Some notable genes that these
lead SNPs can be found in and around include olfactomedin 4 (OLFM4), neuronal
growth regulator 1 (NEGR1), RNA binding fox-1 homolog 1 (RBFOX1), and leucine-
rich repeat and bronectin type Il domain containing 5 (LRFN5). OLFM4 plays a
role in innate in ammatory responses and is most commonly associated with digestive
diseases and with cancer and tumour progression (W. Liu and Rodgers, 2016; X.-Y.
Wang et al.,, 2018; Wei et al., 2024). Preclinical studies of NEGR1 have shown
alterations in behaviour, monoaminergic neurotransmission, and synaptic function
associated with the gene (Katyayani Singh, Loreth, et al., 2018; Katyayani Singh,
Jayaram, et al., 2019; Kaare et al.,, 2022; Y.-Q. Zhang et al., 2025). RBFOX1 is
implicated in HPA axis dysregulation through the alternative splicing of the PAC1
receptor gene which has downstream e ects on CRH transcription (Leggieri et al.,
2025; Amir-Zilberstein et al., 2012). Finally, LRFN5 encodes for proteins that are
essential in synapse formation, maturation, and maintenance (Y. Choi et al., 2016;

J. Nam, Mah, and E. Kim, 2011). LRFN5 alongside OLFM4 has been investigated
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as potential diagnostic biomarkers for MDD (Xu et al., 2023).

The rst GWAS of suicide attempt found two associated genetic loci, one in the
major histocompatibility complex on chromosome six and the other in an intergenic
region on chromosome seven. The intergenic locus|previously associated with risk-
taking behaviour, smoking, and insomnia|was independently replicated in a popula-
tion of war veterans (Mullins, Kang, et al., 2022). Suicide attempt was also found to
be highly genetically correlated with MDD (4 =0:78 SE =0:04,p=4:11 10 %),
even after conditioning on MDD as an exposurer{ = 0:53,SE = 0:06,p = 8:9
10 19), indicating large pleiotropic e ects that are common to both suicide attempts
and MDD. Other GWAS have also identi ed positive genetic correlations between
MDD and suicide death, attempt, and behaviour. These associations were similarly
decreased after conditioning on MDD but remained signi cant (Q. S. Li et al., 2023).
Evidence for bi-directional causality between MDD and suicide attempt and death
were also observed, with a stronger relationship between SNP e ects of MDD and
suicide attempts (Q. S. Li et al., 2023). More recent cross-ancestry meta-analytic
GWAS of suicide attempt found 12 novel signi cant loci (Docherty et al., 2023).

Overall, GWAS will only improve in their ability to detect variants associated
with diseases and disorders as biobanks continue to collect more data and improve
their standardization and data harmonization e orts (Zhou et al., 2022) and novel
methods are developed to handle cross-ancestry and admixture individuals (Y. R. Li
and Keating, 2014; Atkinson et al., 2021).

1.2.1.2 Polygenic Risk Scoring

Polygenic risk scores (PRSs) were developed as a way to leverage the abundance
of associations readily identied by GWAS (Lewis and Vassos, 2020). A PRS of
a speci c outcome is calculated as a weighted sum of an individual's allelic dosage
based on a chosen reference genome (i.e., the number of copies of a particular gene
that is discordant with the reference allele, ranging from 0 to 2 because humans
are diploid organisms). The weights are taken as the e ect size (either odds ratios

or beta coe cients for binary and continuous traits, respectively) resulting from a
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GWAS of the desired outcome. PRSs can be constructed under additive assumptions
(i.e., taking odds ratios directly as weights) or multiplicative assumptions (i.e., by rst
logarithmically transforming the odds ratios) (S. W. Choi, T. S.-H. Mak, and O'Reilly,
2020). Under the in nitesimal model, it follows that a PRS using all variants tested
in the GWAS would explain the most variance in the measured outcome. However, in
practice, GWAS signals are noisy, in part due to measurement error (Barendse, 2011),
but also due to the large number of statistical tests performed (Martin et al., 2009).
Certain allele frequencies across sections of the genome also tend to be correlated due
to biological processes such as linkage disequilibrium that govern inheritance of these
patterns in the genome (Rogers, 2014). PRS calculations must account for these
factors. Several methods have been developed to do sojcommonly used methods
include PRSice (Euesden, Lewis, and O'Reilly, 2015; S. W. Choi and O'Reilly, 2019),
LDPred (Vilhpimsson et al., 2015), and PRS-CS (T. Ge et al., 2019). PRSice uses
clumping to identify lead SNPs within linkage disequilibrium blocks and thresholding
to decrease the number of SNPs and thus increase the signal-to-noise ratio; LDPred
applies point-normal mixture priors on e ect sizes and infers the posterior mean e ect
size of each SNP; and PRS-CS similarly infers posterior mean e ect sizes but within
a Bayesian regression framework and continuous shrinkage priors instead.
Development of PRSs originated in the eld of psychiatry, particularly in studies
of schizophrenia (Lewis and Vassos, 2022; International Schizophrenia Consortium et
al., 2009). Their applications were then extended to common disorders such as coro-
nary artery disease, atrial brillation, type 2 diabetes, in ammatory bowel disease,
and breast cancer (Khera et al.,, 2018). PRSs can also serve as genetic proxies for
measurements that are di cult to obtain in vivo. For example, results from GWAS of
post-mortem neuropathology can be used to calculate polygenic risk for neuroin am-
mation and tested in neurodegenerative disorders such as Alzheimer's disease (Tio,
Hohman, et al., 2023; Felsky, Patrick, et al., 2018). PRSs show promise in clinical
applications, especially in mental health settings as risk assessment tools (Anderson
et al., 2019; Murray et al., 2021; Torkamani, Wineinger, and Topol, 2018).

PRSs can also be used to investigate the genetic underpinnings of depression and
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suicidal behaviour. Depression PRSs have been shown to signi cantly predict life-
time suicide attempts in U.S. Army soldiers (OR=1.22, 95% CI=1.10{1.36), even
after accounting for personal and familial history of depression (Stein et al., 2021).
This suggests that PRSs can independently capture genetic vulnerability to suicide
attempts. In children aged 9{10 (from the Adolescent Brain Cognitive Develop-
ment study (Casey et al., 2018)), depression PRSs were associated with lifetime
suicide attempts (OR=1.55, 95% CI=1.10{2.18, p=0.0127), while suicidal ideation
was associated with PRSs for attention de cit hyperactivity disorder (OR=1.15, 95%
CI=1.05{1.26, p=0.00371) (P. H. Lee et al.,, 2022). However, in the same cohort,
PRSs for suicide attempt, based on GWAS conducted in adults, were found to be
only nominally associated with suicidal ideation (beta=0.36, p=0.017), likely due to
the di erences in youth and adult suicidality (Zai et al., 2025). In individuals with
diagnosed MDD, bipolar disorder, and schizophrenia, PRSs for MDD were found
to be associated with suicide attempts (MDD p=0.0006; BIP p=0.0002; and SCZ
p=0.0006) (Mullins, Bigdeli, et al., 2019). In individuals with diagnosed alcohol
use disorder, MDD PRSs alongside PRSs for nonsuicidal self-injury, broad-sense self-
harm ideation, nonfatal suicide attempt, and death by suicide were all associated with
suicidal ideation and suicide attempt (betas=0.08-0.44, false discovery r&t6.023).
Together, the PRSs explained 6.2% of the variance in suicide attempts (Colbert et al.,
2023).

Moving forward, genetic ancestry-related barriers such as the applicability of PRSs
developed primarily in white European samples to other populations need to be ad-
dressed (Riefski and Terry, 2023). For example, while depression PRSs calculated in
a Peruvian cohort signi cantly predicted depression, post-traumatic stress disorder,
and suicidal ideation and self-harm, only a modest amount of phenotypic variation
was explained (up to 0.6% with a minimum p=39 10 °) (Shen et al., 2020). Other
intersectional factors such as age, sex, and income level and how they interact with
and a ect the predictive abilities of PRSs also need to be considered (Cudic et al.,
2025). Finally, sex-chromosomes are largely excluded from GWAS and thus from PRS

calculations as well. Novel analytical methods that can handle sex-chromosomes in
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these association studies are needed to better understand the genetic etiology of dis-
eases (L. Sun et al., 2023; Bellavance, L. Wang, and Gagliano Taliun, 2024; Gorlov

and Amos, 2023; \Accounting for sex in the genome" 2017).

1.3 The Biopsychosocial Model

Biological theories, such as common mechanisms of in ammatory cytokines and
shared genetic etiology, are only one perspective on depression and suicide. Given the
psychiatric complexities that are shared and unique to the two phenomena, a more
integrative approach is needed. Depression and suicide are also both greatly a ected
by environmental and societal level factors such as sociodemographics (including age,
sex & gender, and race & ethnicity) (Pirkis, Bantjes, et al., 2024; Committee on
Pathophysiology & Prevention of Adolescent & Adult Suicide et al., 2002).

The biopsychosocial model was rst conceptualized by George Engel in 1977 as
an extension to the biomedical model of health and disease (Engel, 1977). Since
its conception, it has garnered much traction, particularly in the eld of psychiatry
(Borrell-Carrb, Suchman, and Epstein, 2004; Heeringen, 2012). Briey, the model
suggests integration of social, psychological, and behavioural dimensions of illness
with biological phenomena. Beyond providing a more comprehensive perspective to
the etiology of disease (i.e., di erent behavioural and phenotypic manifestations of
the same biological perturbations), these dimensions also impact clinical care, such as
in chronic pain management (Meints and Edwards, 2018) and long-term care (Dijk-de
Vries et al., 2012). However, some argue that the biopsychosocial model is an extreme
response to the biological reductionism in psychiatry and is too vague and expansive
of a framework to guide real scienti ¢ discovery (Kendler, 2010). To address these

concerns, more constrained and explicit frameworks of research must be developed.

1.3.1 Whole Person Modelling

One such approach is Whole Person Modelling, a trans-disciplinary approach to

understanding mental health phenomena (Felsky, Cannitelli, and Pipitone, 2023).
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Whole Person Modelling builds upon the theories of the biopsychosocial model by
explicitly outlining precise study design criteria that enable the scienti ¢ study of

mental health outcomes. The three tenets of Whole Person Modelling are as follows:

1. The analysis ismultivariate and quantitative, meaning it considers at least one
key outcome of interest statistically modelled by two or more additional vari-

ables.

2. The analysis ishiopsychosocialmeaning variables included in the analysis en-
compass measurements of biological, psychological, and social or other environ-

mental phenomena.

3. The analysis istrans-disciplinary and integrative, meaning that neither data

types nor speci ¢ variables are considered independently of one another.

Whole Person Modelling studies also bene t from the growing e orts of large-scale
and longitudinal psychiatric research (Newson et al., 2024). With large population-
based longitudinal cohort studies becoming increasingly available (sebttps://
www.landscaping-longitudinal-research.com/ for a list of over 3,000 longitudi-
nal mental health datasets as a result of a project commissioned by the Wellcome
Trust), machine learning approaches are required to handle the increasingly large
number of variables in unconstrained, non-linear, and interactive models (i.e., tenet
three). This growing statistical complexity necessitates explainable machine learning.
Explainability refers to the ability of a model to be interrogated regarding how a nal
decision is reached. In other words, the impact each individual variable used in the
modelling process must be quanti able (i.e., in an explicit set of rules for a rule-based
algorithm) (Roscher et al., 2020; Belle and Papantonis, 2021). Such measures are nec-
essary for identifying relevant domain knowledge to further scienti ¢ understanding

of the phenomenon being modelled.
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1.3.2 Aging & the Lifespan, Sex & Gender, and Race & Eth-
nicity

Aging & the lifespan, sex & gender, and race & ethnicity are commonly studied

factors that drive health inequalities. For example, ageism in mental health settings

(Dix et al., 2024), the gender gap in mental health service use (Pattyn, Verhaeghe,
and Bracke, 2015; Roxo, Silva, and Perelman, 2021), and well-documented racial-
ethnic disparities in access to mental health care (Blanco et al., 2007; Cook et al.,
2017; Marrast, D. U. Himmelstein, and Woolhandler, 2016; Thomeer, Moody, and

Yahirun, 2023) highlight these sociodemographic disparities. This section will expand

upon how each of these three constructs relate to suicide and depression.

1.3.2.1 Aging & the Lifespan

Mental disorders vary greatly in their age-dependent prevalence rates and median
age of onset (GBD 2019 Mental Disorders Collaborators, 2022; Uhlhaas et al., 2023;
Solmi et al., 2022). Dierences in age of onset for mental disorders are important
to understand for both accurate lifetime risk estimation and for early intervention
and prevention (Kessler, Amminger, et al., 2007). Age-dependent development, par-
ticularly that of the brain, has been proposed as a potential explanation for the
observed di erences in ages of onset, with particular emphasis placed on childhood
and adolescent life stages (Uhlhaas et al., 2023). Age-disaggregated data from the
Global Burden of Disease Study further support the importance of childhood and
adolescence as an interventional time frame (Kieling et al., 2024).

On the other hand, depression in later life poses great challenges in terms of
functioning, co-morbidity, treatment, and clinical management (Ste ens, 2024; C. F.
Reynolds 3. and Kupfer, 1999). Late life depression, while not o cially recognized
in the DSM-5-TR, is commonly accepted as depression in individuals 65 years or
older (Sekhon, J. Patel, and Sapra, 2025). Geriatric depression often presents with
more somatic and psychotic symptoms, and less negative mood (Husain-Krautter

and Ellison, 2021). This is further complicated by cognitive impairment, which is
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associated with late life depression and can often mask depressive symptoms (Butters
et al., 2008; Koenig, Bhalla, and Butters, 2014; Muhammad and Meher, 2021; Ly
et al., 2021). Biological factors that are implicated in MDD etiology, such as brain
network connectivity, also change with age (Szymkowicz et al., 2023). Overall, more
research is needed to support the distinction of late life depression from MDD across
other life stages (Haigh et al., 2018; Newmann, 1989).

Similarly, suicide rates increase with age and are highest particularly among el-
derly men (GBD 2021 Suicide Collaborators, 2025; Shah, 2012; Bilsen, 2018). Sui-
cide in older adults is associated with depression (Fernandez-Rodrigues et al., 2022),
potentially driven by loneliness (i.e., as a result of bereavement or loss of social sup-
port) and declining physical health and independence (De Leo, 2022; De Leo and
Giannotti, 2021; Chattun et al., 2022). De cits in emotion regulation, cognition, and
decision making have also been investigated as risk factors for suicide in older adults
(Kiosses, Szanto, and Alexopoulos, 2014). Understanding how these risk pro les
change throughout the lifespan from developmentally important life stages such as
adolescence, through adulthood and into late life is needed to inform age-appropriate

suicide prevention strategies.

1.3.2.2 Sex & Gender

Sex and gender are closely related yet distinct constructs. Traditionally, sex is under-
stood through the biological perspective|more speci cally as a binary construct of
male and female based on Y-chromosome absence (i.e., males carry a Y-chromosome
while females do not) (Kritika Singh and Wendt, 2024). This is also referred to as
sex assigned at birth. Gender on the other hand, is understood as a multidimensional
cultural and social construct encompassing gender identity, transgender status, and
gender expression (Restar et al., 2024). However, this binary perspective of sex is
being challenged. Sex, similar to gender, can be viewed as a multidimensional con-
struct encompassing more than Y-chromosome presence, allowing for the inclusion
of intersex people. Furthermore, expanding this perspective on sex allows for the

inclusion other biological factors beyond genetics that are associated with sex, such
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as hormone pro les and in-utero experiences (Berenbaum and Beltz, 2016; Com-
mittee on Understanding the Biology of Sex and Gender Dierences et al., 2001).
This allows for a more uid mental model of sex that, like gender, can change over
time and should be measured longitudinally (J. S. Williams et al., 2023; Restar et
al., 2024). Including more precise and nuanced measures of sex and gender during
study design is needed to better understand the distinct associations between these
constructs and mental health. Furthermore, transphobia has been associated with
several adverse mental health outcomes; depression with both internalized transpho-
bia and transphobia-based violence (Conn et al., 2023; Klemmer, Arayasirikul, and
Raymond, 2021); and increased psychological distress and suicidality with structural
transphobia (Price et al., 2024). Further research is needed on these topics to identify
interactive and protective factors that can mitigate the harmful e ects of transphobia.
Gender di erences in suicide attempts and suicide mortality are well documented.
Termed the \gender paradox”, this phenomenon highlights how females have higher
rates of suicidal ideation and behaviour (including non-fatal suicide attempts) but
have lower suicide mortality rates when compared to males. This is a culturally-bound
phenomenon and is most often observed in Western countries (Canetto and Sakinof-
sky, 1998). Globally, MDD incidence show a sex-based di erence as well, with females
always having a higher incidence than males. This di erence was more pronounced
at younger ages and in more developed countries (S. Li et al.,, 2023). A potential
driver of these observed sex-based di erences may lie in sex-speci c factors such as
the use of hormonal contraception and the experience of menopause. Hormonal con-
traceptions have been linked to increased mood problems, potentially through the
amount and type of progestogen included in them (Mu and Kulkarni, 2022; Gawron-
ska et al., 2024). Similarly, menopause has been found to increase vulnerability to
depression and anxiety, potentially via estrogen uctuations (Alblooshi, Taylor, and
Gill, 2023). The use of hormone replacement therapy to alleviate menopause-related
symptoms has also been observed to alleviate depressed mood (Gnanasegar et al.,
2024; Zweifel and O'Brien, 1997). A clinical trial on the use of transdermal estra-

diol and micronized progesterone found that the hormone replacement therapies were
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more e ective than placebo in preventing the onset of clinically signi cant depres-
sive symptoms in women who were initially non-depressed during perimenopause and

early postmenopause (J. L. Gordon et al., 2018).

1.3.2.3 Race & Ethnicity

Race refers to physical di erences that groups and cultures consider socially signif-
icant. Historically, this was also a geographical categorization (i.e., Asian, African,
American, European) but now usually includes more nuanced origins (i.e., South-east
Asian as a more speci c racial category of Asia, African American as a more speci ¢
racial category of American, and Paci c Islander to refer to Oceania). Ethnicity is

a similar concept but refers to cultural characteristics such as linguistics, shared ex-
periences, and religions, instead of physical ones (National Research Council et al.,
2004). For example, Chinese can refer to both Asians in Asia and Asian Americans
in America, and Hispanic can refer to Spanish speaking people that live primarily
in Mexico, Spain, or South America. It is important to note that both concepts are
socially constructed and de nitions change over time as people's preferences and in-
clusion criteria for belonging in a community change with societal expectations (Ford
and Harawa, 2010). Race and ethnicity are self-appointed categorizations and should
not be externally prescribed, especially in broad generalizations with no consideration
of how doing so can mask intersecting identities (Sharghi et al., 2024). Unfortunately,
race and ethnicity have historically been misunderstood as biological in nature leading
to healthcare disparities (Umek and Fischer, 2020; Lujan and DiCarlo, 2024). More
recently, race and ethnicity have also been con ated with genetic ancestry despite
empirical evidence showing no genetic basis of race and ethnicity (Mersha and A. F.
Beck, 2020; Duello et al., 2021).

Suicide risk varies substantially across racial and ethnic groups, with growing dis-
parities especially in recent years. While non-Hispanic White populations had declin-
ing suicide rates from 2018{2020 (annual percentage change, APC=-3.8%, 95% CI:
[-7.1,-0.5]), rates rose signi cantly among non-Hispanic Black individuals (APC=6.1,
95% CI=5.0-7.3), Asian/Pacic Islanders (APC=1.5, 95% CIl=1.2-1.9), American
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Indians/Alaska Natives (APC=3.3, 95% CI=3.0-3.6), and Hispanics (APC = 3.8,
95% CI=2.7-5.0) (Karaye, 2022). Furthermore, survey data from the United States
show that Black and Hispanic individuals are less likely to report suicidal ideation
(OR=0.73, 95% CI=0.69{0.77; OR=0.75, 95% CI=0.71{0.79, respectively) but more
likely to report suicide attempts (OR=1.45, 95% CI=1.28{1.64; OR=1.19, 95% CI=1.04{1.37,
respectively) than White individuals (Bommersbach, Rosenheck, and Rhee, 2023).
Systematic reviews of suicide rates among individuals from ethnic minority back-
grounds show a modest elevated risk for suicide mortality in ethnic minorities (rela-
tive risk=1.3, 95% CI=0.9-1.7). In subgroup analyses, elevated risk was observed in
indigenous populations (relative risk=2.8, 95% CI=1.9{4.0; pooled suicide rate=23.2
per 100,000 95% Cl=14.7{36.6) (Troya et al., 2022).

While depression is often diagnosed more frequently in non-Hispanic White in-
dividuals, racial and ethnic minorities|particularly Black, Latino, Asian, and In-
digenous populations|tend to experience more severe, chronic, and disabling forms
of depression when it does occur (Flores et al., 2021). The disparity in MDD rates
across race and ethnicity may also be attributed to underdiagnosis and undertreat-
ment driven by structural barriers such as poverty, limited access to care, cultural
stigma, and provider bias (Akincigil et al., 2012). Additionally, di erences in symp-
tom expression and coping styles across cultures may obscure depression in clinical
settings (Shao, Richie, and Bailey, 2016). Social support, socioeconomic status, and
exposure to discrimination further shape risk and resilience across racial and ethnic
groups (T.-C. Yang and K. Park, 2019).

1.3.3 Population-based Cohort Studies

The growing availability of large-scale biorepositories provides the opportunity to
conduct disease-agnostic exploratory studies at scale (Beesley et al., 2020). This is
complemented by the increasing use of machine learning in biomedical context that re-
quire large sample sizes (Habehh and Gohel, 2021). While standardization e orts are
underway (Dagher, 2022; Brancato et al., 2024), each cohort (or population included

in the large-scale biorepository) comes with speci c characteristics that make them
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amenable to slightly di erent research questions. Studies have shown that biobank-

related research e orts tend to concentrate on a few well-characterized diseases such
as obesity, Alzheimer's disease, breast cancer, and diabetes (Dorantes-Gilardi et al.,
2025). When it comes to suicide and depression, there are three main considerations

for the use of population-level cohort studies:

1. Disease prevalence. The lifetime prevalence of MDD varies greatly by region
and age group, but is estimated to be as high as 21% (GBD 2019 Mental
Disorders Collaborators, 2022; Guterrez-Rojas et al., 2020). Suicide on the
other hand, is sometimes regarded as a relatively rare outcome, given known
di culties with under-reporting (Pirkis, Nicholas, and Gunnell, 2019; T llefsen,
Hem, and Ekeberg, 2012). As there is often no enrichment for speci ¢ diagnostic
criteria in recruitment for these population-level cohort studies, studying rare
diseases or rare outcomes in population-level cohort studies requires further

considerations (M. Garcia et al., 2018).

2. Availability of screening tools. Clinically validated screening tools that are
easily incorporated into cohort studies provide a quick and easy way to assess
disease status at scale. For example, the UK Biobank incorporates the nine item
patient-health questionnaire (PHQ-9) (Kroenke, Spitzer, and J. B. W. Williams,
2011) in its mental health questionnaire. Other commonly used screening tools
for MDD include the Beck Depression Inventory (A. T. Beck et al., 2011), Cen-
ter for Epidemiologic Studies Depression Scale (Radlo , 1977), Hamilton Rating
Scale for Depression (Max Hamilton, 2012), and the MontgomeAsberg De-
pression Rating Scale (Montgomery and Asberg, 2012). Suicide risk assessment
tools include the Ask Suicide-Screening Questions (Horowitz et al., 2012) and
the Columbia-Suicide Severity Rating Scale (Posner, G. K. Brown, et al., 2011)).
Item 9 on the PHQ-9 has shown some success for initial suicide risk screening,
though with modest results (Chung et al., 2023; P. J. Na et al., 2018). However,
these assessment tools are less commonly adopted, with suicide risk screening

often left to clinical judgment (Ryan and Oquendo, 2020). Therefore, cohort
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studies that do include suicide risk screening often do so with bespoke question-

naires, making data harmonization and replication across cohorts di cult.

3. Time scale of assessment. Previous studies have investigated the e ects of
study duration and frequency of observation and how these decisions a ect the
results of the study (Raudenbush and X.-F. Liu, 2001; Feely et al., 2020). At
the scale of population-level cohort studies, practicality must also be factored
in to the decisions regarding study design. Both MDD and suicidal behaviour
have chronic presentations that can be captured in less frequent assessment
schedules. However, more acute presentations such as depressive episodes or

suicide attempts can be missed.

Overall, large-scale population-based cohort studies, particularly those with ac-
companying biobanking e orts (e.g., blood sample collection, genotyping, imaging,
etc.) and linked electronic health record data, provide ample opportunity to study
complex traits like suicide, depression, and mental health at large (Coppola et al.,
2019; Govind, Gillespie, and Branjerdporn, 2023).

1.3.3.1 The Toronto Adolescent and Youth Cohort Study

The Toronto Adolescent and Youth Cohort Study is an ongoing longitudinal cohort
study of transitional-aged, help-seeking youth presenting at the Centre for Addiction
and Mental Health. The study aims to recruit 1500 youth aged 11 to 24 years for
biannual assessments over ve years to identify developmental trajectories of mental
illness. Participants will be clinically assessed on their mental and physical health,
social and health equity, cognition, educational attainment, and health service uti-
lization. Biological samples and neuroimaging data will also be collected. The study
aims to understand the development of psychosis spectrum symptoms, functioning,

and suicidality (Quilty et al., 2024; Cleverley et al., 2024; Dickie et al., 2024).
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1.3.3.2 The Canadian Longitudinal Study of Aging

The Canadian Longitudinal Study of Aging was designed to address a variety of
aging-related research questions. Approximately 50,000 participants aged 45 to 85
years were randomly recruited between 2010 and 2015 to either the tracking cohort or
the comprehensive cohort. The former includes participants across all 10 Canadian
provinces with questionnaires being administered via phone interviews. The latter
includes randomly selected participants within 25-50km of 11 data collection sites in
seven provinces. Questionnaire responses from this cohort were collected either in-
person, or during an at-home interview. Clinical and physical assessments including
a battery of cognitive assessments (Tuokko et al., 2017), along with biological sample
collection were conducted at the nearest data collection site. Participants in the
comprehensive cohort had DNA samples from their blood genotyped (Forgetta et al.,
2022). Data that required in-person collection protocols were not collected from the
tracking cohort. All participants are followed-up with on a three-year interval for 20

years (P. Raina et al., 2019; P. S. Raina et al., 2009).

1.3.3.3 The UK Biobank

The UK Biobank is a large, population-based cohort of approximately half a mil-
lion participants. Recruitment occurred between 2006 and 2010 on a voluntary basis
across 22 study sites throughout the United Kingdom. Participants were between
40 and 69 years old at the time of recruitment. Anthropometric measurements were
collected at baseline along with responses to multiple questionnaires. Participants
also had national health record data (i.e., hospital in-patient data) linked to their
self-reported data (Bycroft et al., 2018). A subset of individuals also underwent
whole-body magnetic resonance imaging (MRI) scans, including functional MRI of
the brain (Littlejohns et al., 2020). Blood samples collected at time of recruitment
were also used for DNA genotyping, with a subset of participants' blood samples
also undergoing exome sequencing and whole genome sequencing (Halldorsson et al.,

2022). Repeat measures were collected via online follow-up questionnaires adminis-
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tered at di erent time points. For example, the mental health online follow-up survey
was rst administered in 2016 and again in 2022, with the latter being separated into
more in-depth \mental well-being" and \health and well-being" questionnaires. In-
person follow-up imaging visits are also ongoing. The UK Biobank o ers a deep
phenotypic resource suitable for modelling complex traits such as suicide and depres-
sion. However, concerns regards its population representativeness have been raised
both in terms of sociodemographic and health-related characteristics (Fry et al., 2017)

and genetic diversity (Schoeler, Speed, et al., 2023).

1.4 Machine Learning

Arti cial intelligence (Al) is a broad eld of computer science aimed at developing sys-
tems capable of performing tasks commonly associated with intelligent beings, such
as understanding speech and language, recognizing images and visuals, and making
decisions. Machine learning (ML) is a subset of Al focused on algorithms that learn
from data directly without explicit programming and iteratively improve their perfor-
mance. ML builds upon classical statistics, which provides the foundational tools for
analyzing data, estimating relationships, and making inferences under uncertainty.
ML emphasizes scalability to large datasets through training over large quantities of
data. Two major areas of ML application are natural language processing (NLP) and
computer vision. NLP involves algorithms built to parse and relate human language,
such as through the tokenization of a corpus of textual data (G. G. Chowdhury,
2003; Nadkarni, Ohno-Machado, and Chapman, 2011). NLP has a wide range of
uses including sentiment analysis (Medhat, Hassan, and Korashy, 2014), Al chatbots
(Adamopoulou and Moussiades, 2020; Chakraborty et al., 2023), and large language
models (Naveed et al., 2025; Thirunavukarasu et al., 2023). Computer vision or im-
age processing involves the analyses of visual data such as two dimensional images
and three dimensional video feed data (i.e., an array of two dimensional images in
sequence). Image processing places particular emphasis on the spatial and temporal

relationships within the data, with methods such as convolutional neural networks
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(Z. Li et al., 2022), long-short term memory (Hochreiter and Schmidhuber, 1997),
and vision transformers (Dosovitskiy et al., 2020) being developed to take advantage
of these relationships during training. Applications of image processing include facial
recognition (El Fadel, 2025), autonomous vehicles (Garikapati and Shetiya, 2024),
and medical imaging (McGenity et al., 2024; Pinto-Coelho, 2023). Generative Al
(GenAl) is a branch of Al that focuses on producing original outputs based on the
structure of the training data. Unlike traditional Al, GenAl models are not focused
on learning decision boundaries that minimize prediction errors (Storey et al., 2025);
instead, GenAl is focused on the synthesis and probabilistic generation of new data
(Sengar et al., 2024). GenAl can be applied to many elds, including natural lan-
guage processing and image processing. For example, GenAl is used in text-to-text
applications (i.e., ChatGPT which uses generative pre-training (Radford et al., 2018))
and in text-to-image applications (i.e., Dall-E which uses zero-shot text-to-image gen-
eration (Ramesh et al., 2021)). Caption generation has also been used in the context
of medical images to generate textual summary containing clinical and pathological
information (Selivanov et al., 2023).

ML models can be broadly characterized by the type of analysis being undertaken
and the class of algorithm being developed (Dhamala, B. T. T. Yeo, and Holmes,
2023):

" Descriptive: descriptive analyses aim to characterize the data by identifying
patterns within the data. For example, disease-subtyping based on data not
traditionally used as diagnostic criteria can characterize a disease based on
novel biological or clinical pro les. This approach has been successful for the
identi cation of data-driven biological subtypes of depression (Beijers et al.,

2019).

Predictive:  predictive analyses aim to nd associations between dependent
and independent variables in order to estimate a value for the dependent out-
come based on new, unobserved data. For example, predictive models have been

developed to estimate the chance of readmission to hospital for suicide-related
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behaviour based on electronic health record data at the time of hospitalization
(Edgcomb, Shaddox, et al., 2021).

" Prescriptive:  prescriptive analyses go beyond the forecasting that predic-
tive analyses conduct and factor in decision-making and potential outcomes
(Hallermeier, 2021). For example, Al has been used to investigate di erential
response to antidepressants in a clinical population (Sheu, Magdamo, et al.,
2023).

In terms of algorithmic variations, ML models can be categorized into unsuper-
vised, semi-supervised, or supervised algorithms, di erentiated by whether the data
used to train the model is labelled or not (Sarker, 2021). That is, whether each
observation in the dataset has a corresponding ground truth value of the quantity
being modelled. Another important algorithmic choice that greatly impacts the per-
formance of the ML model is hyperparameter optimization. This refers to the con-
guration of parameters that are not learned from the data during training, but are
rather set beforehand (Feurer and Hutter, 2019). Some examples include the learn-
ing rate for gradient descent, the number of hidden layers in a neural network, the
number of trees and their maximum depths in a random forest, and choice of penalty
for regularization. These parameters di er from model parameters|such as weights
in a neural network|that are learned during training. Optimization methods can
be applied to identify the ideal set of hyperparameters that allow the ML model to
achieve the best performance. However, as ML models grow in complexity (i.e., in-
creasing the number of parameters), a trade-o between bias and variance occurs.
Bias refers to errors resulting from the training data while variance refers to errors
resulting from the unseen test data. When models are overly simplistic, they do not
capture relationships in the data and do not perform well on either training or test
data (i.e., high bias and high variance). On the other hand, overly complex models
may perform well on the training data (i.e., low bias) yet perform poorly on unseen
test data (i.e., high variance), likely due to the model tting to noise in the training

set instead of the true relationships in the data. The bias-variance trade-o refers to
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the balance between this under- and over- tting as a function of model complexity
(Emmert-Streib and Dehmer, 2019). However, modern applications of ML models of-
ten t highly complex, over-parameterized models such as deep neural networks that
still perform well on test data, contradicting the expected behaviour described by the
bias-variance trade-o. This phenomenon is reconciled with the recently-proposed
concept of double descent that postulates a second decrease of testing error (i.e.,
improvement in generalization) that occurs after the traditional trade-o behaviour
(Belkin et al., 2019; Lin and Dobriban, 2021; Nakkiran et al., 2021).

1.4.1 Generalized Linear Models

Generalized linear models (GLMs) extend the application of traditional linear re-
gression to response variables with non-normal distributions. Most commonly, they
are applied to binary data with an assumed Bernoulli distribution and count data
with an assumed Poisson distribution. An inverse link function then transforms the
output of the linear combination of explanatory variables into the range of possible
values of the speci ed distribution. GLMs bene t from their inherent interpretability
due to their well-understood mathematical basis and the relative ease of calculating
marginal contributions of each explanatory variable. While GLMs can be used for
causal modelling, the practical di culty of identifying and measuring all potential
confounding associations usually deters the use of GLMs for causal inference (Arnold
et al., 2021) Instead, interpretation of regression coe cients usually focuses on asso-
ciations between the explanatory and response variables in context of the co-variates
and confounders chosen during model speci cation (Andrade, 2024).

Linear regression models (and their logistic counterparts) are the most commonly
used family of GLMs. They rely on assumptions such as linearity of the predictors,
homoscedasticity (or constant variance of the error term), and normally-distributed
residuals. These assumptions limit the application of linear models and also make
them sensitive to outliers in the data. Logistic regression models follow the same
assumptions (though linearity is in the transformed log-odds space) and can struggle

with rare outcomes where the distribution is heavily skewed to one of the two possible
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outcomes. Despite these assumptions and limitations, linear models are well-suited
for constrained and well-de ned research questions where these assumptions can be
tested. Studies employing linear models also bene t from clear interpretations of the
results wherein a beta coe cient (derived from a linear regression) represents the
change in the outcome variable for a one-unit increase in the predictor, holding all
other variables constant. Similarly, the odds ratio (derived from a logistic regression)
represents the change in odds of an outcome occurring with a one-unit increase in the
predictor.

When the outcome extends beyond two categories, or is naturally ordered, multi-
nomial and ordinal logistic regressions can be used respectively. A multinomial logistic
regression models each non-reference category to a reference category by tting sepa-
rate logistic regressions resulting in a set of coe cients (log-odds) for each predictor.
This can complicate the interpretation of each coe cient, especially when there are
several categories. Ordinal logistic regressions, on the other hand, model the cumu-
lative odds of being at or below a certain level de ned by the ordinal outcome. It
follows an additional assumption of proportional odds that assumes that the e ect
of each predictor is consistent across all breakpoints of the ordinal outcome. Both of
these models are extensions of the logistic regression model and fall under the same

assumptions discussed prior.

1.4.2 Tree-Based Models

Tree-based models are a class of ML algorithms that utilize decision trees, usually for
the purpose of predictive analyses. For example, classi cation and regression trees
recursively split the feature space into subsets based on homogeneity of the resulting
branches (Breiman et al., 2017). Homogeneity is often quanti ed using Gini impurity.
The decision tree is continually split until a stopping condition is met. This can be a
prespeci ed hyperparameter (i.e., maximum tree depth), or when not enough samples
are left to be split, or when all samples left are homogeneous (i.e., belong to the same
class). Tree-based models are particularly interpretable as the nodes of a tree can

be sequentially followed as a rule-based decision making system with clear decision
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thresholds. They are also inherently non-linear and capable of modelling interactions
without the need to explicitly specify thema priori (Banerjee, E. Reynolds, et al.,
2019). However, decision trees are known to be unstable, with slight variations in the
data leading to largely di erent trees with di erent sets of rules (R.-H. Li and Belford,
2002). This can be mitigated by training ensembles of decision trees. Bootstrap ag-
gregation, or bagging, is a resampling method that aims to reduce the variance in the
resulting tree predictions by averaging the predictions across several trees trained on
randomly sampled subsets of the feature space. The random forest algorithm builds
upon the concept of bagging with more stochasticity introduced in the resampling
process (Breiman, 2001). Gradient boosted models build trees sequentially to correct
errors of the previous trees. More speci cally, each new tree is built to be maxi-
mally correlated with the negative gradient of the loss function of the entire ensemble
(Natekin and Knoll, 2013). In the case of the L2 loss function, the gradient is sim-
ply the residuals of the previous tree. The choice of loss function o ers exibility in
model development. For example, extreme gradient boosting applies a regularized
loss function to reduce over- tting (T. Chen and Guestrin, 2016).

Tree-based models have been used e ectively to predict depression using survey
data (A. H. Chowdhury, Rad, and Rahman, 2024), survey data in conjunction with
biometric data (S. M. Nam et al., 2021), biomarker data (Sharma and Verbeke, 2020),
and neuroimaging data (F. Z. Ali et al., 2022). Similar work has been conducted to
predict suicidal behaviours (Sheu, J. Sun, et al., 2023; Fulginiti et al., 2022; Ballester
et al., 2021; Ma et al., 2025).

1.4.3 Explainable Al

Explainable Al (XAl) is a eld within Al that focuses on making machine learning
models more human understandable. Nomenclature in this eld is still developing
and can vary between authors. The following four concepts are most commonly used
in the eld of XAl (Bellucci et al., 2021; Joyce et al., 2023; S. Ali et al., 2023):

" Explainability:  explainability refers to the degree to which a complex machine
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learning model can be understood by a human user. It refers to the ability to

describe the process by which a machine learning model comes to a decision.

A

Transparency: transparency refers to how readily understood the data are.
It refers to how closely the input feature space corresponds to human under-
standing of what they represent and how changing interactions between features

result in meaningful, understandable changes in their transformed space.

Interpretability: interpretability refers to how readily understood the algo-
rithms are. It refers to the ability to describe the function, or sequence of
computational processes, by which the machine learning model transforms the

input data.

" Reliability: ~ Reliability refers to the robustness and stability of a machine
learning model. Robustness refers to the model's ability to handle erroneous
inputs, while stability refers to the model's ability to handle perturbations to the
input. Reliability can also be achieved through the use of con dence intervals
and error margins. Reliability conveys a sense of trust to human users that the

outputs of the model are correct.

Methods developed to provide explanations can be categorized based on whether
they provide 1) local or global, 2) direct or post-hoc, and 3) model-speci ¢ or model-
agnostic explanations. Global explanations describe the overall behaviour of the
model across all data (i.e., identifying the input feature with the largest overall
marginal contribution to each prediction made across the entire dataset). Local ex-
planations describe the behaviour of the model for one speci c instance or prediction.
For example, examining a single representative tree in an ensemble decision-tree algo-
rithm can provide some explanation as to how the whole ensemble reached a decision
(Banerjee, Ding, and Noone, 2012). Post-hoc explanations are derived after the model
is trained and focuses on perturbing the model to gain an understanding of the learned
decision making logic. Direct explanations, on the other hand, are intrinsic proper-

ties of a machine learning model that can be exploited to understand the decision
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making process (i.e., shallow decision trees can be understood as a simple sequence
of rules). Model-agnostic explanations and the methods used to derive them are ap-
plicable to any machine learning model regardless of algorithmic di erences, while
model-speci ¢ explanations are tailored to the type of model. For example, saliency
maps are model-speci ¢ explanations of computer vision models (Arun et al., 2021;
Szczepankiewicz et al., 2023).

Notable examples of post-hoc, model-agnostic methods to derive explanations
include local interpretable model-agnostic explanations (LIME (M. T. Ribeiro, S.
Singh, and Guestrin, 2016)) and Shapley Additive Explanations (SHAP (Lundberg
and S.-1. Lee, 2017)). LIME generates a synthetic dataset by slightly perturbing the
original data and feeds this new dataset through the machine learning model. The
synthetic data is then weighted based on proximity to the instance being explained.
Next, a simpler, surrogate model such as a regression model or decision tree is t using
the weighted synthetic data and the corresponding model predictions. The simpler
model can then be interrogated to gain an understanding of how the features a ect
model predictions within the local vicinity of the speci c instance. This procedure
is repeated for each instance in the original data to get local explanations across the
entire dataset. LIME, however, does not readily capture the global behaviour of the
model.

SHAP leverages Shapley values|a concept originating in game theory|to assign
feature importance values across all features for each individual instance. In game
theoretic terms, the features are treated as players in a co-operative game with the
machine learning model's output as the payo. SHAP values are calculated as the
average marginal contribution of a feature value across all possible combinations of
features (or coalition of players). A convenient consequence of the mathematical for-
mulation of Shapley values is that the resulting SHAP values are additive in that for
each instance, the sum of SHAP values across every feature equals the nal model
prediction. This allows for intuitive local explanations that can also be reliably ag-

gregated (e.g., by averaging absolute SHAP values) to provide global explanations.
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1.5 Outline of Experiments

The next chapter will introduce each of the studies conducted as part of this thesis
(contained in Chapters 3-6) and outline each of their central hypotheses. The studies
in this thesis are primarily supervised, predictive studies that use cross-sectional data
from large population-based cohorts. Briey, chapter three is a systematic review of
the current literature on biopsychosocial machine learning models of suicide-related
outcomes. Chapter four focuses on the psychosocial dimensions of suicidal behaviour
in youth in a clinical context. Chapter ve investigates the biological link between
depression and circulating biomarkers and the mediating e ects of suicidal thoughts
and behaviours. Chapter six applies an explainable machine learning approach to
model suicide attempt resilience. Chapter three is currently published and publicly

available, and chapters four and ve are currently in the process of submission.



Chapter 2

Research Aims and Hypotheses

2.1 Evidence for the biopsychosocial model of sui-
cide: a review of whole person modelling stud-

iles using machine learning

2.1.1 Background

Traditional approaches to modelling suicide-related thoughts and behaviours are rooted
in psychosocial domains. While research on the biological factors of suicide are emerg-
ing, they are not often considered in the context of known psychosocial factors. This
contextual integration is important in determining an individual's fulsome risk pro le.
Trans-disciplinary, multivariate approaches are needed to integrate data that crosses
biological, psychological, and sociological domains. Machine learning approaches are
suitable for this type of modelling because: 1) they can handle multiple data types, 2)
they can handle and often require large sample sizes, and 3) they capture non-linear,

interactive e ects that are integral to the trans-disciplinary approach.

2.1.2 Research Aim

We systematically review the emerging literature on large-scale studies using machine

learning to integrate biopsychosocial measures simultaneously in the study of suicide
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(including suicidal ideation, suicide attempt, and death by suicide). We focus on
interpretations of the included features and their impacts on the machine learning

models as evidence for the biopsychosocial model of suicide.

2.2 Di erential correlates of suicidal behaviour, non-
suicidal self-injury and their combination in a
clinical sample of transitional-aged youth: A

cross-sectional case-control study

2.2.1 Background

There is ongoing debate in the literature on suicide regarding the conceptualization of
\self-harm", particularly on the topic of nonsuicidal self-injury. The DSM-5-TR, in-
troduced symptom codes for suicidal behaviour and nonsuicidal self-injury separately
(First et al., 2023). A survey of 126 members of the International Association of
Suicide Prevention (IASP), including 40 IASP national representatives, was less clear
on distinguishing acts of self-harm according to intent. While \suicide attempt" was
de ned as non-fatal actswith intent to die, \self-harm" was more broadly de ned and
may include wishing to die. No consensus was reached regarding the use of the term
\nonsuicidal self-injury" (De Leo, Goodfellow, et al., 2021). The lack of a consistent
nomenclature has direct consequences on the operationalization of constructs related
to self-harm which is important for understanding changes in prevalence in community
and clinical samples, mechanisms of action, risk management, and study of longer-
term treatment options. We therefore designed a cross-sectional, case-control study
to determine if youth presenting with suicidal behaviour and nonsuicidal self-injury

in a clinical setting are di erentiable based on clinical and demographic data.
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2.2.2 Hypothesis

We hypothesized that the combination of a past-year history of suicidal behaviour
and nonsuicidal self-injury is associated with greater general psychopathology, relative
to either behaviour alone. This would suggest that suicidal behaviour and nonsui-
cidal self-injury are associated with distinct, latent aspects of psychopathology that
compound when both are present. We had no specia priori hypotheses on indi-
vidual clinical and demographic correlates when comparing suicidal behaviour and

nonsuicidal self-injury directly.

2.3 Investigation of sex- and age-specic e ects
of genetic risk for depression on peripheral

biomarkers

2.3.1 Background

A recent epidemiological study from the PsycheMERGE network found that poly-
genic risk for depression is associated with elevated white blood cell count, providing
supporting evidence for the in ammatory underpinnings of depression (Sealock et al.,
2021). However, the e ects of aging on depressive symptoms and in ammation are
not often fully appreciated in these studies, despite known variation across the human
lifespan (Husain-Krautter and Ellison, 2021; Straka et al., 2020). Furthermore, sex
also plays a role in the link between in ammatory biomarkers and depression (Jarkas
et al., 2024). We therefore designed a cross-sectional association study to determine
the e ect of polygenic risk for depression on a suite of blood-based biomarkers using
comprehensive linear modelling, including main e ects for non-linear age, sex, and
their interactions. To make our analyses more robust, we investigate two large, in-
dependent, population-based samples (total N=385,039) and perform sex-strati ed
analyses with sex-specic co-variates. We also perform mediation analyses to de-

termine the e ects of suicidal thoughts and clinically-diagnosed depression on the
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association between genetic risk for depression and these biomarkers. Improving
model speci cation may uncover novel associations and highlight speci c life stages
or subgroups of individuals at higher risk for depression. Furthermore, identifying

mediating e ects of depression and suicidal ideation may suggest shared biological

mechanisms of action between the two phenomena.

2.3.2 Hypothesis

We hypothesized that including a non-linear term for age in models associating poly-
genic risk for depression and biomarker levels will result in statistically better tting
models. We also hypothesized that sex-strati ed analyses will uncover sex-speci c as-
sociations for certain biomarkers and that moderate mediation e ects will be observed

for both suicidal thoughts and behaviours and MDD diagnoses.

2.4 Exploration of the biopsychosocial correlates
of suicide resilience using explainable machine

learning

2.4.1 Background

Identi cation of risk factors within a suicide prediction framework has had little
success. Decades of research have not found strong predictors or biomarkers for
suicidelinstead, clinical guidelines or warning signs for suicide risk assessment are
often non-speci ¢ psychopathalogical factors. As a result, the majority of clinical
populations and even the general population to an extent will at some point exhibit
these warning signs, making risk strati cation and prediction di cult (Franklin et al.,
2017). This lack of speci city results in high false positive rates, limiting the utility

of clinical risk prediction tools for suicide. To address this, suicide resilience is a
growing research concept aimed at overcoming the limitations of focusing solely on risk

factors within a prediction framework (X. Wang, Lu, and C. Dong, 2022; Sher, 2019;
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Neeleman, 2002). Concurrently, suicide research is convening on the biopsychosocial
underpinnings of suicide, agreeing that suicide is a multifaceted phenomenon that
requires multidisciplinary approaches to understand (Turecki, Brent, et al., 2019;
O'Connor and Portzky, 2018). The growing e orts of large-scale and longitudinal
psychiatric research complements this, allowing for the implementation of theoretical
biopsychosocial models with machine learning approaches (Newson et al., 2024; Tio,
Misztal, and Felsky, 2023). We therefore designed an explainable machine learning
study within a resilience framework to identify biopsychosocial predictors of suicide

attempt resilience.

2.4.2 Hypothesis

This study follows a two-stage resilience framework, with two model- tting proce-
dures. We hypothesize that the stage 1 model, t on theory- and research-based
predictors, will achieve high predictive performance on the held-out test set. The
second stage of modelling is hypothesis-free. Our primary aim of the stage 2 model is
to prioritize a list of factors that are predictive of suicide resilience with n@ priori
hypothesis regarding how these factors will rank in feature importance relative to
each other. Additionally, this portion of the study is hypothesis-generating as we will

identify candidate biopsychosocial factors for further study.



Chapter 3

Evidence for the biopsychosocial
model of suicide: a review of whole
person modelling studies using

machine learning

The contents of this chapter have been published as:
Tio, ES , Misztal, MC, and Felsky, D. Evidence for the biopsychosocial model of
suicide: a review of whole person modelling studies using machine learning.

Frontiers in Psychiatry. 2024; 14, 1294666.

A link to the published paper can be found at:
https://pmc.ncbi.nlm.nih.gov/articles/PMC10808719/
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3.1 Abstract

Background: Traditional approaches to modelling suicide-related thoughts and be-
haviours focus on few data types from often-siloed disciplines. While psychosocial
aspects of risk for these phenotypes are frequently studied, there is a lack of research
assessing their impact in the context of biological factors, which are important in
determining an individual's fulsome risk pro le. To directly test this biopsychosocial
model of suicide and identify the relative importance of predictive measures when
considered together, a trans-disciplinary, multivariate approach is needed. Here, we
systematically review the emerging literature on large-scale studies using machine
learning to integrate measures of psychological, social, and biological factors simulta-

neously in the study of suicide.

Methods: We conducted a systematic review of studies that used machine learning
to model suicide-related outcomes in human populations including at least one predic-
tor from each of biological, psychological, and sociological data domains. Electronic
databases MEDLINE, EMBASE, PsychINFO, PubMed, and Web of Science were
searched for reports published between August 2013 and August 30, 2023. We eval-
uated populations studied, features emerging most consistently as risk or resilience
factors, methods used, and strength of evidence for or against the biopsychosocial

model of suicide.

Results: Out of 518 full-text articles screened, we identi ed a total of 20 studies
meeting our inclusion criteria, including eight studies conducted in general popula-
tion samples and 12 in clinical populations. Common important features identi ed
included depressive and anxious symptoms, co-morbid psychiatric disorders, social
behaviours, lifestyle factors such as exercise, alcohol intake, smoking exposure, and
marital and vocational status, and biological factors such as hypothalamic-pituitary-
thyroid axis activity markers, sleep-related measures, and selected genetic markers.

A minority of studies conducted iterative modelling testing each data type for contri-
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bution to model performance, instead of reporting basic measures of relative feature

importance.

Conclusion: Studies combining biopsychosocial measures to predict suicide-related
phenotypes are beginning to proliferate. This literature provides some early empirical
evidence for the biopsychosocial model of suicide, though it is marred by harmoniza-
tion challenges. For future studies, more specic de nitions of suicide-related out-

comes, inclusion of a greater breadth of biological data, and more diversity in study

populations will be needed.

3.2 Introduction

Suicide is a global public health crisis, with over 700,000 estimated deaths attributed
to suicide annually (World Health Organization, 2021). Despite decades of research
into suicidal thoughts and behaviours, predicting risk for suicide remains a challenge
(Turecki, Brent, et al., 2019; Franklin et al., 2017). Suicidal thoughts and behaviours
can be classi ed into suicidal ideation (Sl), suicide attempt (SA), and death by sui-
cide, with nonsuicidal self-injury often considered a separate disorder with a poten-
tially unique etiology (Klonsky, Victor, and Saer, 2014). Commonly studied risk
factors for suicidal thoughts and behaviours include previous self-injurious thoughts
and actions (J D Ribeiro et al., 2016), previous SA (Swarez-Pinilla et al., 2020), and
adverse life events (R. T. Liu and I. Miller, 2014). Previous attempts are also known
risk factors for future attempts (Swarez-Pinilla et al., 2020), alongside various social
factors { such as childhood mistreatment (Angelakis, Austin, and Gooding, 2020)
and job security (Blomgvist et al., 2022) { and psychiatric co-morbidity (M K Nock

et al., 2010). In particular, personality, alcohol use, and anxiety disorders (M K Nock
et al., 2010; Parra-Uribe et al., 2017) increase risk for SA, while depressive disorders
are indicative of Sl without associated plans or attempts (M K Nock et al., 2010).
Social factors in particular { such as childhood maltreatment (Angelakis, Austin, and

Gooding, 2020), hopelessness, and interpersonal and emotion dysregulation (Kather-
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ine Musacchio Schafer, G. Kennedy, and Joiner, 2022) { have also been shown to
contribute to Sl. Psychiatric comorbidities are also risk factors for death by suicide,
with depression, substance use, and psychosis being most relevant (Bachmann, 2018).
These risk factors are rooted in psychosocial domains, and preventative or interven-
tional strategies based on these ndings have found only limited success (Calear et al.,
2016; Hepp et al., 2004). A critical, often missing consideration in observational stud-
ies, is that suicide is a complex trait, resulting from the complex interactions of both
intrinsic biological and extrinsic environmental components (Turecki, Brent, et al.,
2019; Turecki and Brent, 2016). Relative to social and psychological contributions,
the intrinsic biological contributions, remain poorly understood.

Twin studies have shed some light on the genetic components of suicide-related
phenotypes, with heritability estimates ranging from 17{55% (Vaquero-Lorenzo and
Vasquez, 20207 he Neurobiological Basis of suicid2012); heritability varies depend-
ing on the speci c phenotype under study, with death by suicide on the lower end
(17%) (Voracek and Loibl, 2007), followed by SA (30%) (Q. Fu et al., 2002), Sl (47%)
(Q. Fu et al., 2002), and serious attempt (55%) (Statham et al., 1998). Recent large-
scale genome-wide analyses have identi ed two risk loci associated with SA (residing in
the major histocompatibility complex region on chromosome 6 and an intergenic locus
on chromosome 7) and estimate single-nucleotide polymorphism (SNP)-based heri-
tability at 6.8% (Mullins, Kang, et al., 2022). Reviews of brain imaging studies using
MRI to classify current or lifetime SI, SA, and suicide risk have identi ed changes in
resting-state functional connectivity and di erences in prefrontal-limbic grey matter
volume (Parsaei et al., 2023). For attempts in particular, smaller volumes of the left
and right thalamus and the right pallidum, and lower surface area of the left inferior
parietal lobe have been observed (Campos, P. M. Thompson, et al., 2021). Putative
blood-based biomarkers (Le-Niculescu et al., 2013), particularly in ammatory mark-
ers such as C-reactive protein, interleukin 6, and tumour necrosis factor-alpha (Miola
et al., 2021; Sera ni, Parisi, et al., 2020), have also been identi ed, broadening the
range of biomarkers that correlate with and predict suicide phenotypes. Yet, despite

mounting evidence from biological, psychological, and social disciplines, models of
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suicide in human studies rarely adopt an integrative, trans-disciplinary perspective.
Instead, the majority of research has focused on only one or two types of risk factors,
most often clinical or psychological (Rodrguez-Otero et al., 2022). Conversely, recent
advancements in our understanding of the biological underpinnings of suicide are usu-
ally marred by a lack of consideration of psychosocial context; these ndings must be
contextualized to the experiences of the individual to ultimately facilitate a precision
approach to suicide prevention (Abou Chahla et al., 2023). Thus, assessment of risk
in predictive modelling of suicide stands to bene t from including trans-disciplinary
information, integrating across domains of measurement simultaneously.

Such study designs { falling under the umbrella of Whole Person Modelling (Fel-
sky, Cannitelli, and Pipitone, 2023) { are enabled by large-scale biobank and clinical
cohort initiatives collecting data from electronic health records (EHR), multi-modal
biosamples, and detailed sociodemographic surveys, neuropsychological assessments,
and lifestyle questionnaires (Annaratone et al., 2021; Coppola et al., 2019). The size
and breadth of the resulting datasets have also permitted the application of advanced,
multivariate, machine learning (ML) approaches to the modelling of suicide-related
outcomes (Heckler, Carvalho, and Barbosa, 2022). For example, Walsh et al. (Walsh,
Jessica D Ribeiro, and Franklin, 2018; Walsh, Jessica D Ribeiro, and Franklin, 2017)
trained random forest models for prediction of SA using data drawn from the BioVU
Synthetic Derivative, a de-identi ed data repository of clinical EHR data at Vander-
bilt University Medical Center (Roden et al., 2008), using a longitudinal approach.
The authors focused on scalable and temporally-variant predictors and chose to ex-
clude biological features, such as vital signs, which often re ect more immediate,
trait-like responses. Similarly, Kessler et al. (Kessler, Warner, et al., 2015) trained
regression trees on data drawn from the Historical Administrative Data System of the
Army Study to Assess Risk and Resilience in Servicemembers (Ursano et al., 2014).
The authors referred to published literature to identify ve main classes of predictors:
(1) sociodemographics, (2) history of prior suicidal behaviours, (3) quality of care, (4)
time since hospital discharge, and (5) other psychopathological risk factors. They also

chose to include military- and violence-speci ¢ measures due to the population under
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study. While these and other ML-based studies often demonstrate high predictive
performance (with accuracies approaching or beyond 80%) they lack integration of
biological information, therefore leaving important chips on the table when it comes
to informing treatable mechanisms, developing objective biomarkers of risk and prog-
nosis, and ultimately achieving clinically reliable levels of model performance.
Modelling of suicide-related phenotypes using ML and a Whole Person approach
may provide insights into the complex landscape of risk factors arising from inter-
actions of genome, phenome, and exposome (Felsky, Cannitelli, and Pipitone, 2023).
Beyond what is possible with simpler linear, hypothesis-testing methods that domi-
nate the extant literature, such an approach is necessary to understand the in uences
of biopsychosocial risk factors when considered in consort. Recent reviews have shown
that ML models are capable of identifying scienti ¢ insights into suicidology and out-
perform theory-driven models in predicting suicide-related outcomes (Cox et al., 2020;
Katherine M Schafer et al., 2021). Therefore, this review aims to summarize the bur-
geoning literature of human suicide-related modelling studies that both (a) use ML
approaches capable of handling multiple data types, and (b) adopt a Whole Person,
or trans-disciplinary, approach considering biopsychosocial measures together in their
feature space. The principal goals of this review are to understand which populations
are most studied, which features emerge most consistently as predictors of suicide-
related phenotypes, and what evidence can be gleaned from this work in favour of or

against the biopsychosocial model of suicide.

3.3 Materials and Methods

3.3.1 Conceptual de nitions

To identify published papers meeting our criteria of using biopsychosocial data types
to model suicide-related phenotypes, we rst outline our key considerations in de ning
biopsychosocial domains. In accordance with the tenets of Whole Person Modelling

(Felsky, Cannitelli, and Pipitone, 2023), we considered biological features to be sepa-
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rate from clinical diagnostic categories or prescribed medications. For example, fea-
tures such as co-morbid somatic diseases (e.g., cancer or diabetes) are not themselves
considered biological risk factors, despite their biological basis. Similarly, medica-
tion burden and treatment history (e.g., having undergone surgery) are clinically-
de ned consequences of underlying etiological processes, signs, and symptoms, and
not biomarkers in and of themselves. Some examples of biological risk factors are
genetic factors, such as pathological variants identi ed through genome-wide associa-
tion studies (GWAS); polygenic risk scores that aggregate GWAS ndings across the
whole genome; transcriptomic or proteomic measures, such as tissue-speci c di er-
entially expressed genes; neuroimaging-derived features such as cortical thickness or
functional connectivity (i.e., from MRI); or uid biomarkers, such as results from a
complete blood count or levels of circulating in ammatory molecules.

Within the psychological domain, we considered co-morbid psychiatric diagnoses
as component risk factors for suicide and suicidal thoughts and behaviours. This is
primarily due to the lack of consensus from the eld regarding whether suicide is etio-
logically distinct from other psychiatric disorders, or rather a manifestation of a shared
transdiagnostic mechanism, akin to the \p" factor for psychopathology (Fehling and
Selby, 2020; Caspi et al., 2014). ldeally, psychological risk factors are derived from
observed psychological behaviours and reports, such as depressive or anxious symp-
tom presentation indexed with validated tools like the Hamilton Rating Scales for
depression and anxiety (HAM-D and HAM-A, respectively) (Max Hamilton, 2012;
Hamilton, 1959). Finally, risk factors in the sociological domain are heterogeneous,
ranging from socioeconomic status and income levels to features of familial and per-
sonal relationships. These are often collectively referred to as social determinants of
health (Alegra et al., 2018) and are critical in understanding mental health (Compton
and Shim, 2015), especially in a public context (Abrams and Sze er, 2020). However,
due to an unfortunate historical lack of emphasis on this domain in suicide research
(Rodrguez-Otero et al., 2022), we relaxed our criteria for sociological risk factors
when considering inclusion of a report for this review (i.e., considering education

level and marital status as su cient sociological variables in some cases).
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3.3.2 Literature search strategy

We performed a systematic literature review in the electronic databases PubMed,
MEDLINE, EMBASE, PsychINFO, and Web of Science for reports published up
to August 30, 2023 following the Preferred Reporting Items for Systematic reviews
and Meta-Analysis (PRISMA) (M. J. Page et al.,, 2021) guidelines. Results were
restricted to publications in English and published since August, 2013 (i.e., within the
past ten years). Comprehensive search strategies for each electronic database can be
found in Supplementary Table A.1 . Briey, our search strategy included Medical
Subject Headings (MeSH) and keywords related to three concepts: suicide (using a
wild card to match for suicidality, suicidal ideation, and suicide attempt, among other
suicide-related terms), arti cial intelligence (or machine learning or deep learning),
and prediction or classi cation (again using wild cards to match for predictors or
classi ers as we are interested in the predictive feature space of the models). EST
rst screened the articles by title and abstract, followed by independent review of
the selected full text by two authors (EST and MCM). Di erences in full-text review
between the authors are captured in the risk of bias assessmeBupplementary

Tables A.2, A.3 ). This did not impact the nal selection of included studies.

3.3.3 Eligibility criteria

Studies were included if they met the following inclusion criteria: (1) the primary
modelled outcome was clearly de ned as suicidal ideation, suicide attempt or com-
pletion, or risk, measured on a validated scale; (2) the input feature space included
at least one predictor derived from each of the following three domains: biological,
psychological, and sociological; and (3) the study used an ML-based approach to com-
bine these factors together, rather than evaluating them independently. Studies on
non-human subjects, review papers, case reports or qualitative studies, dissertations,
opinion pieces, comments or responses, letters or editorials, and conference abstracts

or posters were excluded.
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3.3.4 Data extraction

The following data from eligible studies were manually extracted: bibliographic infor-
mation (i.e., title, names of authors, year of publication, and journal), suicide-related
outcome and how it was ascertained, sample characteristics, details on the ML method

used, and model features (i.e., predictors) categorized by domain.

3.3.5 Risk of bias assessment

Quality assessment of all included studies was performed using the Risk of Bias In-
strument for Cross-Sectional Surveys of Attitudes and Practices developed by the
CLARITY Group of McMaster University. The assessment tool includes ve ques-
tions, each on a four-point Likert scale ranging from low risk of bias to high risk
of bias. Two authors (EST and MCM) independently assessed risk of bias in the
included studies, modi ed for some studies where assessment of survey validity is
not applicable (i.e., questions 4 and 5 were left blank). Inter-rater reliability was
calculated with Cohen's kappa statistic (McHugh, 2012) by coding the Likert scale

responses on a 1-to-4 point scale and dichotomizing to low- or high-risk of bias.

3.4 Results

A total of 1,038 unique reports were identi ed after the removal of duplicates. After
title and abstract screening, 518 full-text articles were assessed for eligibility, and a
nal set of 20 studies were included in this systematic review. The PRISMA ow
chart illustrating inclusion and exclusion of reports at various stages of screening can
be found in (Figure 3.1 ). Tables 3.1-3.6 present the characteristics of the nal
set of studies. The features presented in the above tables are not exhaustive { some
of the included studies investigate hundreds of potential predictive features. The
listed features are meant to highlight top statistical predictors found in each study
to emphasize the Whole Person, biopsychosocial approach taken. Model performance

metrics and information regarding feature importance selection can be found$up-
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plementary Table A.4

Of the 20 selected studies, eight (Joo et al., 2022; Velzen et al., 2022; Alles e
et al., 2023; J. Wang et al., 2023; Tate et al., 2022; Cho, Geem, and K.-S. Na, 2020;
Lozupone et al., 2022; Cho, Geem, and K.-S. Na, 2021) investigated suicide-related
outcomes in the general population [including two studies in youth (Joo et al., 2022;
Velzen et al., 2022) and two in elderly (Lozupone et al., 2022; Cho, Geem, and K.-S.
Na, 2021)]. Six studies (Lyall et al., 2023; Roza et al., 2023; W. Yang et al., 2023;
Campos, Byrne, et al., 2022; X.-Y. Li et al., 2021; F. Ge et al., 2020) focused on
individuals with a diagnosis of major depressive disorder (MDD) or mood-related
disorders [two recruited from psychiatric hospitals (W. Yang et al., 2023; X.-Y. Li
et al., 2021), one of antidepressant users recruited from either the Australian Genet-
ics of Depression Study or through the nationwide Pharmaceutical Bene ts Scheme
database (Campos, Byrne, et al., 2022)], two from the general population (i.e., UK
Biobank participants that voluntarily enrolled in the study, and participants of the
Brazilian Longitudinal Study of Adult Health, consisting of public institutions' em-
ployees) that met criteria for common mental disorders (Lyall et al., 2023; Roza et al.,
2023), one from retrospective analysis of health record data (F. Ge et al., 2020), and
one (Barak-Corren et al., 2023) focused on individuals diagnosed with multiple sclero-
sis. Five studies (Edgcomb, Tseng, et al., 2023; Balbuena et al., 2022; Grendas et al.,
2021; Oppenheimer et al., 2021; Haines-Delmont et al., 2020) investigated individuals
who were in contact with mental health services [two for emergency department visits
(Edgcomb, Tseng, et al., 2023; Grendas et al., 2021), and the remaining for substance-
related services (Balbuena et al., 2022), general help-seeking (Oppenheimer et al.,
2021), and admission to mental health wards (Haines-Delmont et al., 2020)]. Several
of the 20 selected studies made use of more than one ML methodology, with the most
popular approach being random forest classi cation (present in nine studies). In this
review, studies are rst summarized according to study population { emphasizing
types of measures used, top results, and the selected integrative methodology { and

then observations are collected and synthesized within the Discussion.
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Figure 3.1: PRISMA ow chart of identi ed records and the various screening stages
for eventual selection of the included studies.
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Authors Title Journal Study de- Population Outcome Machine Bio- Psycho- Socio-
(Year) sign learn- logical logical logical
ing

Haines- Testing Sui- JMIR Recruitment-  Service Suicide K- Sleep Journaling, Step

Delmont cide Risk  mHealth based users risk mea-  nearest moni- safety count

et al. Prediction and cross- admitted sured neigh- toring plan, and fre-
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Settings: Fea- United
sibility Study Kingdom

Table 3.6: Whole person studies of suicide-related outcomes using machine learning
with representative features. (Continued)

3.4.1 General population studies
3.4.1.1 Early life (n=2)

Joo et al. (Joo et al., 2022) assessed n=6,592 children aged 9 to 10 from the Ado-
lescent Brain and Cognitive Development (ABCD) study (Karcher and Barch, 2021).
Multivariate logistic regression, random forest, and elastic net regression were used to
predict active, passive, and overall Sl as well as SA, measured by the Kiddie Schedule
for A ective Disorders and Schizophrenia (K-SADS). The authors assessed feature
importance in the elastic net model and highlighted the importance of factors derived
from the Child Behaviour Checklist (CBCL), which probes problematic behaviour
as well as depressive or internalizing symptoms. The authors also report that in-
teractions between early life stress and polygenic risk for autism spectrum disorder
(ASD) were associated with active and overall suicidal ideation, as well as with overall
suicidal thoughts and behaviours, suggesting that genetic predisposition to ASD in
consort with early life stress may increase suicidal thoughts and behaviours. However,
this interaction e ect was not observed in follow-up sex-strati ed analyses.

Van Velzen et al. (Velzen et al., 2022) assessed n=5,885 children also from the
ABCD study (Karcher and Barch, 2021). Binomial penalized logistic regressions were
used to predict either parent- or child-reported suicidal thoughts and behaviours,

recorded in the K-SADS. The authors performed a feature selection procedure apply-
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ing a ridge penalty to determine the top contributing features. Features that predicted
child-reported suicidal thoughts and behaviours were: family con ict, prodromal psy-
chotic symptoms, impulsivity, and the CBCL depression subscale score. Features that
predicted parent-reported suicidal thoughts and behaviours were: CBCL depression
subscales, CBCL conduct disorder subscale score, CBCL internalizing and external-
izing scores, and a history of mental health service use or treatment. Intriguingly,
none of the biological features derived from functional neuroimaging or genetics were
retained following feature selection. The authors also demonstrated modality-speci ¢
classi cations, wherein models built with clinical psychiatric, physical health, cogni-
tive functioning, and socia{environmental factors each performed well, in contrast to
models developed on neuroimaging, sociodemographic, and genetic factors, support-
ing the results from the feature selection procedure that considered all the factors

collectively.

3.4.1.2 Midlife (n=4)

Alles e et al. (Alles e et al., 2023) assessed n=65,535 individuals from the Lundbeck
Foundation Initiative for Integrative Psychiatric Research (iPSYCH) 2012 database.
A feed-forward neural network was developed to predict both SA and death by suicide.
When assessing feature importance, the authors found that a set of 516 individual
genotypes, selected from published genome-wide association studies of various mental
disorders and general medical conditions, were highly important features for both SA
and death by suicide. Psychiatric disorders were also equally important for predicting
SA, indicating shared genetic architecture between the two, even in the context of
family diagnosis history, age, polygenic risk, and medical birth registry information.
Wang et al. (J. Wang et al., 2023) assessed n=4,683 individuals from the UK
Biobank (Bycroft et al., 2018) for short-term (i.e.,<1 year) suicide risk prediction,
and n=16,660 individuals for long-term (i.e., 1 to 6 years) risk prediction. A light
gradient-boosting machine with balanced bagging was developed for risk prediction.
The authors developed a polygenic risk score for suicidality but chose to exclude

the score in their model development procedure, citing inaccessibility of genetic data
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outside of the research context. Instead, the authors validated their psychosocial
models in a suicide risk-strati ed manner, de ning low-, moderate-, and high-risk
with polygenic score tertiles. The authors noted that mental health-related factors
(i.e., history of psychiatric disorders, history of suicide attempt) were consistently
important for both long- and short-term suicide risk, but health-related factors were
more important for the former and lifestyle and social factors (i.e., responses to the
guestions: \How many years of using a mobile phone at least once per week to make
or receive calls?" and \Age you rst had sexual intercourse"), for the latter, indicating
temporally relevant risk factors that may di erentiate risk trajectories.

Tate et al. (Tate et al.,, 2022) assessed a combined n=8,676 individuals from
both the Child and Adolescent Twin Study in Sweden (Anckarsater et al., 2011) and
the Netherlands Twin Register (Ligthart et al., 2019). Gradient boosted machines,
random forest, elastic net, and neural network models were developed to predict
suicidal behaviours ascertained from the Life History of Aggression Checklist (for
the Swedish cohort) and the Young Adult Self Report and Adult Self Report of the
Achenbach System of Empirically Based Assessment (for the Dutch cohort) at age
18. Self-reported aggression, biological sex, and externalizing and internalizing symp-
toms during adolescence were consistently identi ed as important features for both
the gradient boosted machines and the random forest classi ers. Biological features,
such as polygenic risk scores (speci cally for general psychopathology, anxiety, and
anorexia nervosa), were also important, but relatively less so than included psychoso-
cial factors, such as aggression.

Cho et al. (Cho, Geem, and K.-S. Na, 2020) assessed n=372,813 individuals with
data available from the health screening cohort database provided by the National
Health Insurance Sharing Service of Korea (H. K. Kim et al., 2020). Random forest
classi ers were developed to predict individuals who have died by suicide within a
speci ¢ tracking period, as indicated by an International Classi cation of Disease
(ICD)-10 code of X60{X84 or Y10{Y34. The authors identi ed physical and lifestyle
factors as important features, namely amount of exercise, alcohol intake, and gamma-

glutamyl transferase levels, which is a biomarker for liver function and related to
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alcohol consumption.

3.4.1.3 Late life (n=2)

Lozupone et al. (Lozupone et al., 2022) assessed n=1,252 elderly (aged 65 and above)
community-dwelling individuals from the Salus in Apulia Study. A random forest
classi er was developed to predict suicidal ideation measured by the Columbia-Suicide
Severity Rating Scale (C-SSRS). When considering the entire feature space, education
followed by age and diagnosis of mild cognitive impairment were the most important
features, indicating that psychosocial factors may play a greater role than biological
factors in suicide prediction. The authors also investigated models developed using
only the clinical, serum, and genetic biomarkers, and identi ed the following features
as most important: interleukin 6, tumour necrosis factor-alpha, and Apolipoprotein

E "4-carrier status.

Cho et al. (Cho, Geem, and K.-S. Na, 2021) assessed n=48,047 elderly (aged 65
and above) individuals with data available from the health screening cohort database
provided by the National Health Insurance Sharing Service of Korea (H. K. Kim et al.,
2020). Random forest classi ers were developed to predict individuals who have died
by suicide, as indicated by ICD-10 codes of X60{X84 or Y10{Y34. Pharmacological
factors, namely use of benzodiazepines and sleeping pills, were most important in
predicting deaths by suicide, with gamma glutamyl transpeptidase levels being the

most important blood biochemical measure.

3.4.2 Clinical population studies
3.4.2.1 Depressive disorders (n=6)

Lyall et al. (Lyall et al., 2023) assessed n=19,389 individuals from the UK Biobank
(Bycroft et al., 2018) that met criteria for broad major depression, de ned via the
following: analysis of the baseline and follow-up mental health questionnaires, ICD-
10 codes for mood disorders (F32-F34, F38, F39), and nurse-led interviews. This

population was then further subdivided based on indication of suicidal thoughts and
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behaviours present on the included questionnaires. Logistic regression, as well as least
absolute shrinkage and selection operator (LASSO), ridge, and elastic net penalized
regression models were developed to predict group status. Sleep-derived biological
features such as mean duration of sustained inactivity bouts during the daytime and
self-reported insomnia symptoms were found to be the most important features in
the ridge penalized predictive model.

Roza et al. (Roza et al., 2023) assessed n=4,039 individuals from the Brazilian
Longitudinal Study of Adult Health (Aquino et al., 2012). Individuals were assessed
at baseline with the Brazilian Portuguese version of the Clinical Interview Schedule-
Revised (CIS-R). Individuals identi ed as having common mental disorders (CIS-R
score> 12), namely anxiety and depression, were included in this study. Elastic net
regularization, random forest, Nawe Bayes, and ensemble (combining the rst three)
classi ers were developed to predict suicide risk measured by three speci ¢ questions
from the CIS-R probing hopelessness, passive Sl, or active Sl. Features relating to
depression and anhedonia, particularly in the last seven days, were identi ed as im-
portant predictors regardless of model architecture.

Campos et al. (Campos, Byrne, et al., 2022) assessed n=10,413 individuals from
the Australian Genetics of Depression Study (Byrne et al., 2020) with no reported
suicidality before antidepressant treatment. Nawe Bayes, decision tree, adaptive
boosting, random forests, and logistic regression models were developed to predict
treatment-attributed suicidal ideation (TASI), self-reported on the Antidepressants
E cacy and Side E ects Questionnaire. The authors found no genome-wide signi -
cant risk loci for TASI and thus did not include any biological predictors in their nal
models. Instead, the authors highlight strong associations with co-morbid psychiatric
diagnoses (such as personality disorder, bipolar disorder, and post-traumatic stress
disorder), and with thoughts of death and changes in appetite during past depressive
episodes.

Ge et al. (F. Ge et al., 2020) assessed n=1,916 patients with major depressive dis-
order (MDD) from the West China Hospital of Sichuan University. A neural network

was developed to predict suicidal ideation as measured by item #3 on the HAM-D.
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Network weights identi ed free thyroxine, total HAM-D scores, and vocational status
as the most relevant predictors.

Li et al. (X.-Y. Li et al., 2021) assessed n=1,718 patients with rst-episode, un-
treated MDD recruited from the Department of Psychiatry, First Clinical Medical
College of Shanxi Medical University in Taiyuan, China. Patients were then inter-
viewed and grouped into one of three categories based on lifetime history of suicide
attempt: non-attempters, recent attempters (within two weeks of assessment), and
long-dated attempters (having attempted more than a month prior to assessment).
Separate gradient boosted decision tree models were developed with extreme gradi-
ent boosting to predict both recent and long-dated attempters. Across both models,
hostility as measured by the Positive and Negative Syndrome Scale for Schizophrenia
(PANSS) and total score on the HAM-A were identi ed as top features. Excitement
as measured by the PANSS and total score on the HAM-D were also important for
classifying recent attempters. Marriage status, speci cally being single, was impor-
tant for long-dated attempters. Regarding biological predictors, free thyroxine was
the most important for the former, and low-density lipoprotein cholesterol for the
latter.

In the same Chinese cohort, Yang et al. (W. Yang et al., 2023) categorized the
patients into suicide non-attempters and attempters with no temporal distinction.
LASSO regression models were developed to screen 20 input features based on feature
importance, with seven features surviving: psychotic and anxiety symptoms, anti-
thyroglobulin, thyroid peroxidase antibodies, serum total cholesterol, high-density

lipoprotein cholesterol, and subclinical hypothyroidism.

3.4.2.2 Multiple sclerosis (n=1)

Barak-Corren et al. (Barak-Corren et al., 2023) assessed n=15,117 patients diag-
nosed with multiple sclerosis (ICD-9 of 340) registered with the Partners Healthcare
Research Patient Data Registry (RPDR). A Nawe Bayesian classi er was developed
to predict suicidal behaviour, as de ned by a series of ICD-9 codes recorded in either

the RPDR, or in death certi cates from the Commonwealth of Massachusetts. The
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authors do not explicitly investigate relative feature importance of their derived risk
scores, but did highlight condition-speci ¢ predictors, such as chronic pain, as being

important for the prediction of suicidal behaviour in patients with multiple sclerosis.

3.4.2.3 Emergency department visits (n=2)

Edgcomb et al. (Edgcomb, Tseng, et al., 2023) assessed n=1,713 youth aged 10{17
years who presented in an emergency department (ED) for mental health{related rea-
sons. After sampling to ensure an equal distribution of 50% cases for suicide-related
ED visits and 50% non-suicide cases, the authors developed LASSO regression and
random forest classi ers to predict the suicide-related cases. The only feature impor-
tant to the predictive ability of both the LASSO and random forest models (aside
from the features used in the group de nitions for the suicide-related cases, which
the authors included in their feature space) was and ICD-10 diagnosis of depressive
disorders. ICD-10 codes for trauma- and stressor-related disorders were important for
the former, and National Area Deprivation Index for the latter, indicating di erent

risk pro les dependent on the ML architecture chosen. Blood laboratory test mea-
sures included in the models were not among the selected features based on feature
importance.

Grendas et al. (Grendas et al., 2021) assessed n=308 patients admitted to an ED
in Argentina for active suicidal ideation or a recent suicide attempt. The authors
performed survival analyses on subsequent suicides or reattempts as the outcome,
ascertained by follow-ups with the patient at 6, 12, 18, and 24 months after ad-
mission. Cox regression models and random survival forests were both developed.
Consistently across all feature importance investigations (backward elimination for
Cox regression, and positive importance and minimum depth methods for the ran-
dom survival forests), the 5-HTTLPR polymorphism | found in SLC6A4, the gene

that codes for the serotonin transporter | was shown to be important.
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3.4.2.4 Care-seeking (n=3)

Balbuena et al. (Balbuena et al., 2022) assessed a subset of n=173,275 individuals
from the Cohort of Norway (Naess et al., 2008) and n=12,614 individuals that visited

a Saskatoon hospital for a mental health or substance-related reason between 2011
and 2016. Similar to Grendas et al. (Grendas et al., 2021), the authors performed
survival analyses on subsequent death by suicide ascertained through ICD-10 codes
X60-X84 and Y87.0 recorded in either the Norwegian Causes of Death Registry, or
by the Saskatchewan provincial coroner. The authors also developed sex-speci ¢ Cox
regression models and random survival forests and determined for the Cohort of Nor-
way that resident income status, smoking-related exposures, and mood symptoms
to be important predictors shared across both sex-speci c models. None of the bio-
logical measurements (triglycerides, HDL-cholesterol, glucose, total cholesterol) were
identi ed as important predictors. In the Saskatoon models, only age and sex were
found to be important.

Oppenheimer et al. (Oppenheimer et al., 2021) assessed n=84 help-seeking young
adults aged 18{25 years recruited from the general public. The authors de ned help-
seeking broadly as soliciting of any mental health-related counselling or psychiatric
service. Suicidal thoughts and behaviours were measured by the 6-item suicidality
subscale of the Mood Spectrum Self-Report questionnaire. Similar to Yang et al. (W.
Yang et al., 2023), LASSO regression was used to reduce the input feature space to
only important and contributing predictors of suicidality. Five features survived the
feature reduction process, including age, level of education, depressive symptoms, and
psychological distress. One feature derived from functional MRI was also retained:
activation of left amygdala while observing sad faces.

Haines-Delmont et al. (Haines-Delmont et al., 2020) assessed n=66 individuals
admitted to adult mental health wards across the North West of England, United
Kingdom. Suicidal thoughts and behaviours of participants were assessed with the
C-SSRS and predicted using K-nearest neighbour, random forest, support vector ma-

chine, and logistic regression. Unfortunately, social interaction data captured via
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social media usage was sparse due to lack of permission granted and access issues
and was not included in the nal analyses. From analyses of entropy in the random
forest models, the authors identify journal feeling, or sentiment derived from freeform

journal entries, as the most important feature, followed by time spent in bed.

3.4.3 Risk of bias assessment

The risk of bias has been assessed in all 20 studies, with twelve being identi ed by both
reviewers (EST and MCM) as having low risk of bias. Three studies were assessed as
having some concerns of bias, and ve as having high risk of biaSupplementary
Tables A.2, A.3 ). Studies categorized as having high risk of bias demonstrated bi-
ases in the selection of their target populations, often involving either single-center/region
or non-random sampling methods. These studies also used questionnaires or survey
instruments that lacked reliability and had not been previously validated in other
cohorts. Cohen's kappa was 0.66, indicating moderate agreement between both re-
viewers. We have presented both raters' assessments in separate columrupiple-
mentary Tables A.2, A.3.

3.5 Discussion

We systematically reviewed 20 studies of suicide-related outcomes, each taking a
biopsychosocial, Whole Person approach and using ML methods. Of these 20, eight
studies were conducted in general populations and 12 were conducted in clinical pop-

ulations.

3.5.1 Heterogeneity in study outcomes

A key challenge observed among studies reviewed was that measured suicide-related
outcomes were heterogeneous { modelled using di erent tools and de nitions { despite
a growing literature on operational distinctions between types and degrees of suicidal

thoughts and behaviours (e.g., ideation vs. attempt vs. completion) (Glenn et al.,
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2017; Bryan and Rudd, 2006). This is partly attributable to the enduring prevalence
of scales that do not o er a degree of speci city matching modern theory (B. Harmer
et al., 2025; Andreotti et al., 2020; Roos, Sareen, and J. M. Bolton, 2013). Accurate
terminology for suicide-related outcomes is required for future studies to investigate
individual components of suicide.

In this review, the 20 selected studies ascertained suicide-related outcomes through
(1) ICD codes, (2) external assessments such as by clinician chart reviews, (3) patient
self-reports, or (4) via interviews using one of eight distinct questionnaires. Such
a variety of outcome measures makes it di cult to draw conclusions on the overall
landscape of risk and predictive factors since each questionnaire could be operational-
izing a di erent aspect of suicidal thoughts and behaviours. For example, the C-SSRS
(Posner, G. K. Brown, et al., 2011) assess risk behaviour and lethality of the suicide
risk and was developed as a suicide screening tool. Another tool used for suicide
screening is the HAM-D (Max Hamilton, 2012), speci cally item three on the HAM-
D. Available responses range from \Absent," to \Feels life is not worth living," to
\Wishes he/she were dead," to \Ildeas or gestures of suicide,” and most severely, \At-
tempts at suicide". Unlike the BSI, item three on the HAM-D does not account for
behaviours preceding the moment of screening, nor is it comprehensive in terms of
the number of questions asked. Thus, in this review we compare predictors within a
study, constrained to the outcome de ned by the authors and instead discuss trends
of consistent biopsychosocial factors across studies of di erent outcomes. This issue
may be addressed more systematically in research by harmonization initiatives, such
as the National Institute of Mental Health (NIMH) Common Data Elements (CDE),
which is a minimal list of data collection instruments { developed with the Wellcome
Trust and other international funding agencies { to be used in all NIMH-funded clin-
ical research moving forward (Barch et al., 2016). However, the CDE list does not

include instruments designed for the measure of suicidal thoughts and behaviours.
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3.5.2 Evidence for the biopsychosocial model of suicide

We assessed evidence for the biopsychosocial model of suicidal thoughts and be-
haviours by the evaluating the relative performance of ML models included in our
reviewed studies and how they were a ected by the inclusion or exclusion of variables
across di erent domains. The majority of studies (Joo et al., 2022; J. Wang et al.,
2023; Tate et al., 2022; Cho, Geem, and K.-S. Na, 2020; Cho, Geem, and K.-S. Na,
2021; Roza et al., 2023; X.-Y. Li et al., 2021; F. Ge et al., 2020; Balbuena et al.,
2022; Haines-Delmont et al., 2020) address this \value add" question as a matter of
relative variable importance, in a post-hoc manner, where explicit variable priority
measures are calculated [such as SHapley Additive exPlanations (SHAP) (Lundberg
and S.-l. Lee, 2017)] or derived feature weights are directly compared. Another ap-
proach used by some studies in this review (Velzen et al., 2022; Lyall et al., 2023;
W. Yang et al., 2023; Grendas et al., 2021; Oppenheimer et al., 2021) is to reduce the
total feature space through selection methods such as penalized regression. This ap-
proach identi es features with non-zero penalized weights as important features and
provides insight into the relative importance of a variable within the entire feature
space. Demographic and psychological variables are often identi ed as the top pre-
dictors in these approaches, followed by biological measures like polygenic risk scores.
The relative impact of each individual feature, however, cannot be assessed and the
de nition of an \important feature" across studies is not xed or entirely consistent.

In the absence of consistent, comparative benchmarks, we chose to apply reasonable
thresholds (i.e., on beta values in the case of penalized regressions, or on the rankings
of feature importance statistics when no thresholds were provided) when de ning the
top predictors of each study. In the case where a feature selection procedure was
used by the source study, we report all retained features as important features (i.e.,
features with non-zero beta coe cients resulting from a LASSO regression model)
in Supplementary Table A.4 . However, when only feature importance statistics
were provided for the full set of features, we chose a rank-based approach to de ne

\important features”. Crucially, to account for variability in the number of features
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considered by di erent studies, we chose to apply a percentile-based thresholding
approach, selecting the top decile of features as \important". This ensured a propor-
tional number of variables listed as \important” across studies. However, it should
be noted that this approach was only valid when the total number of features used
in a given model was provided by the source study. In the cases where it was not, we
chose to list the top three variables as the most \important".

A few studies were more rigorous in their approach. For example, Alles e et
al. (Alles e et al., 2023) investigated the biopsychosocial model directly by calcu-
lating feature importance separately for each data type: family diagnosis history,
age, individual genotype data, polygenic risk score, mental disorder diagnosis, and
medical birth registry. The authors assessed overall feature importance by then re-
moving all variables in each data set iteratively and retraining the models at each
step, deriving relative drops in model accuracy as a measure of importance. This
approach demonstrates the incremental value of a biopsychosocial model, and the
authors found the impact of individual genetics to be comparable to that of psy-
chiatric diagnoses, providing evidence for the biopsychosocial model. Edgcomb et
al. (Edgcomb, Tseng, et al., 2023) developed and compared three separate models
built on varying levels of health record data: (1) mental health{related ICD-10 codes
and mental health{related chief complaints (34 features); (2) suicide-related ICD-10
codes and all child sociodemographics and clinical characteristics (including labora-
tory tests), excluding mental health{related ICD-10 codes (53 features); and (3) all
structured data elements (84 features). This approach allows for the comparison of
ML metrics, such as sensitivity, speci city, and accuracy, as a function of the feature
space. The authors found consistent results across all three sets of data, with the
third set performing better or at least as well as the rst set, and the second set per-
forming the worst. The authors did not nd any substantial increases in predictive
power with the inclusion of more data, and post-hoc feature importance analyses also
show that ICD-10 codes for co-morbid psychiatric disorders (included in the rst set)
as the most important features. Lozupone et al. (Lozupone et al., 2022) performed a

similar investigation to Edgcomb et al. (Edgcomb, Tseng, et al., 2023), wherein the
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authors developed separate models built on di erent sets of data. In models of only
clinical, serum, and genetic biomarkers, the authors identi ed in ammatory markers
interleukin 6 and tumor necrosis factor-alpha as important predictors. However, in
the nal model including all selected predictors, post-hoc feature importance analyses
identi ed education, age, mild cognitive impairment, and gender as the most impor-
tant contributors instead, superseding the biological features in relative importance.
Overall, evidence from our reviewed literature provides some support for the in-
tegration of multi-domain data, particularly biological signals, though this support
is not universal. Predictive models of suicidal thoughts and behaviours are strongly
driven by psychological factors such as co-morbid psychiatric illness. However, some
biological signals can be observed, with genetic markers showing more potential over
circulating uid markers. At this early juncture in the eld, de nitive conclusions are
not possible. More studies including a wider range of biological markers (i.e., those
underrepresented in integrative studies: gene expression signatures, neuroimaging-
derived features, and electrophysiological measures) and their integration with psy-
chosocial measures are needed to continue lling in our empirical picture of the biopsy-

chosocial model of suicide.

3.5.3 Consistent biopsychosocial indicators and predictors

We assessed the top predictive features of each ML model and categorized them into
one of seven possible combinations of the three domain types (\bio," \psycho," and
\social"). Despite heterogeneity in study design, suicide outcome, and model archi-
tecture, we were able to identify several features and types of features that integrative
ML models identi ed more or less consistently as important for suicide phenotypes
(Figure 3.2 ). However, it is important to note that only one study, Campos et al.
(Campos, Byrne, et al., 2022), externally validated their identi ed predictors in an
independent cohort. This lack of external validation in the other studies can limit
the generalizability of the model-derived insights. From the biological domain, mea-
sures of hypothalamic{pituitary-thyroid (HPT) axis activity were identi ed by three
separate studies (W. Yang et al., 2023; X.-Y. Li et al., 2021; F. Ge et al., 2020) as
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predictive of suicidal thoughts and behaviours in patients with MDD. Recent work
has shown involvement of the HPT axis with dopaminergic systems in the patho-
physiology of suicidal behaviour (Duval et al., 2022). However, all three studies were
from psychiatric hospitals in Chinese populations, with two studies overlapping in
their investigations of the same cohort, limiting conclusions on generalizability of
these ndings. Other studies including uid biomarkers measured with standard lab-
oratory tests did not nd them to be more informative than proximal psychological
measures (Roza et al., 2023), co-morbid psychiatric diagnoses (Edgcomb, Tseng, et
al., 2023), or sociological factors like income levels (Balbuena et al., 2022).

Findings regarding genetic predictors of suicide in our reviewed studies were in-
consistent across clinical and general population studies. A GWAS conducted by
Campos et al. (Campos, Byrne, et al., 2022) found no genetic signal for treatment-
attributed suicidal ideation. In models of death by suicide, Grendas et al. (Grendas
et al., 2021) identi ed the serotonin-transporter-linked promotor region (5-HTTLPR)
polymorphism as a signi cant predictor. The discrepancy in ndings could be due
to postulated distinct genetic architectures underlying suicide mortality and suicidal
ideation (DiBlasi, Kang, and Docherty, 2021), further complicated by the distinc-
tion of treatment-related ideation. Furthermore, Grendas et al.'s (Grendas et al.,
2021) targeted genotyping approach is not subjected to the same statistically strin-
gent constraints applied to a GWAS. Similarly, in the general population studies,
particularly of mid-life, individual genotypes were identi ed as important predictors
for both suicide attempt and death by suicide (Alles e et al., 2023). Whereas poly-
genic risk scores for suicidality were not predictors of short- or long-term suicide risk
(J. Wang et al., 2023). Polygenic risk scores for psychiatric disorders like anxiety and
anorexia nervosa were shown to be important for predicting suicidal behaviours (Tate
et al., 2022). No clear genetic marker for suicide has been established, and further
work exploring candidate gene approaches through a biopsychosocial lens would be
bene cial.

In studies of early life suicidal behaviours, psychosocial factors dominated feature

importance rankings. Namely, variables relating to behaviour and internalizing and
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Figure 3.2: Venn diagram of included studies categorized by most important features,
selected by rank-based thresholding of the feature importance metric or by feature
selection algorithms.
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externalizing symptoms were much more important that genetic or neuroimaging de-
rived features (Joo et al., 2022; Velzen et al., 2022). However, these are results from
only one cohort, the ABCD study, so more studies of suicide-related behaviours in
young children are needed to better inform the variability of risk pro les across the
lifespan. On the other hand, in studies of late life suicidal behaviours, the most salient
predictors are generally age-related, such as dementia and pharmacological depen-
dence (Lozupone et al., 2022; Cho, Geem, and K.-S. Na, 2021). Some other interesting
biological features identi ed in this review include sleep, both objectively measured
and subjectively experienced. Sleep-related features were consistently ranked highly
in terms of feature importance when included in models of suicide within a clini-
cal population (Lyall et al., 2023; Haines-Delmont et al., 2020). As more large-scale,
multi-modal human population studies become available and gain popularity, consen-
sus may emerge regarding the relative importance of these features when considered
among their biopsychosocial counterparts in Whole Person models.

Finally, the only neuroimaging-derived features tested in any study qualifying for
review were derived from fMRI (Oppenheimer et al., 2021), and the most impor-
tant feature was determined to be activity in the left amygdala while observing sad
faces. Despite ample evidence supporting detectable inter-individual variability in
neuroimaging studies of suicide-related phenotypes (Dobbertin et al., 2023; Schmaal
et al., 2020), imaging-derived variables are not often integrated with other variables
in a Whole Person approach to modelling. The majority of \bio"-only studies ex-
cluded from this review Figure 3.1 ) are neuroimaging studies that focus solely on
imaging-derived features, such as higher dimensional data (i.e., whole image and voxel
analyses), or functional connectivity values. Similarly, another emerging eld in the
prediction of suicide-related outcomes using ML is natural language processing (NLP).
Studies of this type use large corpuses of unstructured data, ranging from clinician
notes (the psychological domain) or social media posts (the sociological domain) to
even audio recordings of psychiatric interventions. NLP is particularly well-suited for
early detection and prevention of mental health disorders, due to the immediacy and

convenience of social media (Arowosegbe and Oyelade, 2023). However, its utility in
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predictive modelling is limited similarly to neuroimaging studies in that the context
surrounding the text (or image for the latter) is not captured unless integrative mod-
elling is applied to augment domain-speci c features. For example, speci c patterns
of speech or text may have di erent meanings for individuals with di erent innate

stress responses, which are to some degree in uenced by genetics (Mehl et al., 2017).

3.6 Conclusion

We identi ed 20 studies of human general and clinical populations that developed
ML models of suicide-related outcomes including features across a trans-disciplinary
combination of biological, psychological, and sociological data types { Whole Person
Models. The majority of studies identi ed psychological features, such as depres-
sive symptoms and co-morbid psychiatric diagnoses, as most important for predict-
ing suicide-related outcomes. Genetic features, such as individual genotypes and
polygenic risk scores, had variable impact on model performance depending on the
outcome. Other biological features, such as objective sleep measures, functional neu-
roimaging, and hypothalamic{pituitary-thyroid axis markers showed predictive ability

in the presence of other psychosocial factors. More accurate and speci ¢ de nitions of
suicidal behaviours will permit better study designs for risk factor identi cation and
suicide prediction. The sum of evidence suggests that future studies could bene't
from the inclusion of biopsychosocial data in their predictive models, though more
in-depth analyses of feature importance and greater breadth of biological characteri-

zations are needed.
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Chapter 4

Di erential correlates of suicidal
behaviour, nonsuicidal self-injury
and their combination in a clinical
sample of transitional-aged youth:

A cross-sectional case-control study

4.1 Abstract

Importance: Experts disagree on whether nonsuicidal self-injury (NSSI) and suicidal
behaviour (SB) should be conceptualized as distinct constructs or merged as self-

harm.
Objective: To characterize a large treatment-seeking sample with respect to no self-
harm, NSSI, SB, and their combination, and to compare the clinical pro les of these

groups.

Design: The Toronto Adolescent and Youth Cohort Study is an ongoing longitudinal
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observational study of youth presenting to care assessed over ve years with a target
sample size of 1500. The current study is a case-control, cross-sectional study using

early baseline data from the cohort.

Setting: urban, academic, psychiatric hospital

Participants:  Treatment-seeking youth aged 11-24 years old are eligible for enrol-
ment. Exclusion criteria include inability of participants to provide informed consent

or assent, and inability to speak any English.

Main Outcome(s) and Measure(s): The primary study outcome is a categorical
classi cation of past-year self-harm: NSSI 5 times and no SB (\no self-harm");
NSSI >5 times but no SB (\NSSI-only”); any SB but NSSI 5 times (\SB-only");
and both NSSI>5 times and any SB (\combination”). Presence of NSSI and SB
were determined using the Self-Injurious Thoughts and Behaviors Interview and the

Columbia Suicide Severity Rating Scale Suicidal Behavior Subscale, respectively.

Results: 441 participants had data on past-year self-harm (mean age=18.2, SD=3.7
years; 66.7% female): 306 (69.4%) no self-harm; 59 (13.4%) NSSI-only; 27 (6.1%) SB-
only; 49 (11.1%) combination. Of the 170 participants with NSSI, 39.4% reported
NSSI> 20 days, and of the 79 participants with SB, 55.7% reported an actual suicide
attempt. Participants in the combination group were 3.10 times more likely than
those with no self-harm to have higher general psychopathology scores (95% CI [2.04,
4.72]; p<.001). Logistic regression modelling showed distinct pro les of NSSI-only
vs. SB-only participants ( 2=39.8, p<.001; bootstrappe®?=0.24), with the SB-only
group having elevated rates of obsessive-compulsive disorder (standardize@.96,
95% CI [0.97, 4.95]; §.01).

Conclusions and Relevance: Our analyses support meaningful distinctions be-

tween the constructs of NSSI and SB. The operationalization of self-harm is impor-
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tant for understanding changes in prevalence in community and clinical samples, and

future study of mechanisms of action, risk management, and treatment options.

4.2 Background

While most global regions have observed decreasing rates of suicide from 2000 to
2019, rates in the Americas (North, Central, and South America, collectively) have
increased (World Health Organization, 2021). Age-standardized suicide rates in males
in the United States of America saw an annual increase of 3.8% (95% CI: 5.6-7.8)
between 2009 and 2020. Females experienced a greater increase of 6.7% (95% CI. 5.6-
7.8) per year from 2007 to 2017 (Bertuccio et al., 2024). Death by suicide is a public
health issue; however, it is too rare to be used as an outcome in treatment trials or
longitudinal cohort studies. It is well-established that prior self-harm is a risk factor
for death by suicide (Cooper et al., 2005; Geulayov et al., 2019; Carroll, Metcalfe,
and Gunnell, 2014). As a result, self-harm is often used as a proxy outcome for risk
of death by suicide. That is, if a treatment can be shown to reduce rates of self-harm
relative to a comparator intervention, there is an assumption that suicide risk is also
decreased (Linehan et al., 2015; Rossouw and Fonagy, 2012). The operationalization
of constructs related to self-harm are important for understanding changes in preva-
lence in community and clinical samples, mechanisms of action, risk management and
study of longer-term treatment options. Many groups have made e orts to establish

a standard nomenclature around self-harm (seBupplementary Table B.1 ). In

the literature, there is ongoing debate on how best to conceptualize the construct of
\self-harm", particularly regarding the ability to di erentiate a \suicidal behaviour"

(SB) from \nonsuicidal self-injury” (NSSI).

Kapur and colleagues have argued that the distinction between suicide attempts
and NSSI is a \false dichotomy" and promote the use of an umbrella concept of \self-
harm" instead. They support their position referencing evidence of \intent to die"
in the context of self-harm is continuously distributed (Kapur et al., 2013). Further,

studies across the life span conclude that self-cutting (a behaviour typically associated
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with NSSI) is a greater risk factor for eventual death by suicide than self-poisoning (a
behaviour typically associated with suicide attempts) (Geulayov et al., 2019; Hawton,
Bergen, et al., 2012). Lastly, motivations to engage in self-harm are multi-faceted and
vary from one event to the next in the same individual (Scoliers et al., 2009). Their
position in uenced clinical practice guidelines by the National Institute of Health and
Care Excellence (NICE) which do not distinguish between suicide attempts and NSSI
(National Collaborating Centre for Mental Health (Great Britain), 2012; Health and
(NICE), 2022).

By contrast, multiple community-based cross-sectional studies in young people
have identi ed that suicide attempts are associated with greater severity of psychiatric
symptoms and more psychosocial stressors relative to NSSI, suggesting an important
distinction between the two constructs (Brausch and Gutierrez, 2010; Zetterqvist,
Lundh, and Svedin, 2013; Liang et al., 2014; Muehlenkamp and Gutierrez, 2007).
These studies have also found that a history of NSSI was much more common (21%-
44%) (Brausch and Gutierrez, 2010; Zetterqvist, Lundh, and Svedin, 2013) than
suicide attempts (3%-9%) (Liang et al., 2014; Muehlenkamp and Gutierrez, 2007)
in these samples. Similar ndings are reported in clinical samples. Dougherty and
colleagues studied adolescent inpatients (ages 13-17, N=56) where depression, hope-
lessness, and impulsivity were elevated in those who had NSSI and suicide attempts
relative to those with NSSI only. Crucially, these dierences in impulsivity and
hopelessness persisted at follow-up when suicidal thoughts were no di erent between
groups (Dougherty et al., 2009). Asarnow and colleagues examined baseline correlates
of NSSI, suicide attempts, and their combination in adolescents with depression (ages
12-18, N=334) enrolled in a randomized controlled trial. Those reporting a history of
both NSSI and suicide attempts were more likely to report dysthymia, hopelessness,
suicidal ideas, family con ict, and a history of physical/sexual abuse relative to either
alone (Asarnow et al., 2011).

The above studies are all over 10 years old and the base rates of self-harm in
community and clinical samples can uctuate signi cantly over time (Steeg et al.,

2022; Grin et al., 2018). Further, they consist mostly of community-based samples
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or clinical samples restricted to adolescents on an inpatient unit or enrolled in a
randomized controlled trial which may bias toward highly selective ascertainment.
Moreover, many studies have limited sample age ranges to adolescents (e.g., 12-18) or
young adults (e.g., \college age"), when there are increasing calls to address mental
health issues across a broader age range (Sawyer et al., 2018).

The aim of the current study is to conduct a cross-sectional examination of di er-
ential correlates of SB, NSSI, and their combination in transitional-aged youth (11-24

years old) seeking psychiatric care for broad indications.

Aim 1: To characterize a large treatment-seeking sample with respect to no

self-harm, NSSI, SB, and their combination over the past-year.

Aim 2: To test the hypothesis that the combination of a past-year history
of NSSI and SB is associated with greater general psychopathology, relative to

either behaviour alone.

Aim 3: To test the hypothesis that there are distinct pro les of youth present-

ing with SB-only relative to NSSI-only in the past year.

Aim 4: To explore the distinct pro les of youth across di erent contrasts of

self-harm in the past year.

4.3 Methods

The current study uses a cross-sectional case-control design. We used the STROBE
checklist to guide reporting (Vandenbroucke et al., 2007).

Participants: Participants were recruited as part of the Toronto Adolescent
and Youth (TAY) Cohort study. The TAY Cohort study is an ongoing longitudinal
observational study detailing clinical, cognitive, and biological pro les of young people
presenting to care at baseline and assessed annually over ve years with a target
sample size of 1500 (Cleverley et al., 2024; Quilty et al., 2024; Dickie et al., 2024).

People ages 11-24 years old who are seeking mental health services with ability to
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provide informed consent or assent (for children who lack the capacity to consent)
and speak English are eligible for enrolment. The current study used baseline data
of the rst 515 young people, enrolled from May 2021 to June 2023 at the Centre for
Addiction and Mental Health, a tertiary care center fully a liated with the University

of Toronto.

Independent variables:  Consenting participants undergo extensive assessments
including diagnostic assessments and self-report measures of continuous symptoms of
psychopathology. Demographic variables were collected using a carefully constructed
self-report form with input from youth partners.

For participants under 18 years, diagnostic categories were assessed using the
Kiddie Schedule for A ective Disorders and Schizophrenia { Present and Lifetime
(K-SADS-PL) (Kaufman et al., 2000); a dimensional representation of past 6-month
overall psychopathology was measured using the Youth Self-Report (YSR) (Achen-
bach, 1991); and past 30-day suicidal ideation (SI) was captured using the Suicidal
Ideation Questionnaire-Junior (SIQ-Jr) (W. M. Reynolds and Mazza, 1999). For those
18 and older, the Structured Clinical Interview for DSM-5 (SCID-5) (First, 2015), the
Adult Self-Report (ASR) (Achenbach, 2003), and the Adult Suicidal Ideation Ques-
tionnaire (ASIQ) (W. M. Reynolds, 1991) were used instead, respectively.

Across the whole sample, diagnostic categories were collapsed into broader disor-
der domains consistent with DSM-5 classi cations. Peak past-year Sl was further as-
certained using the Columbia Suicide Severity Rating Scatuicidal Ideation Subscale
(C-SSRS-SIS) (Posner, G. K. Brown, et al., 2011). Past 30-day psychosis spectrum
symptoms were captured with the PRIME Screen-Revised (Kobayashi et al., 2008).
Borderline personality disorder (BPD) symptoms were represented by the emotional
lability, anxiousness, separation insecurity, hostility, depressivity, impulsivity, and
risk taking facets of the Personality Inventory for DSM-5 { Short Form (PID-5-SF)
(Maples et al.,, 2015; Fowler et al., 2019). Past 30-day functioning was captured
with the World Health Organization Disability Assessment Scale 2.0 (WHODAS 2.0)
(Ustan et al., 2010). Quality of the participant's relationship with a caregiver of their

choice in the past 6-months was captured with the Con ict Behavior Questionnaire
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(Robin and S. L. Foster, 1989). Alcohol and cannabis use frequencies were captured
with the Adolescent Alcohol and Drug Involvement Scale (Moberg, 2003). Refer to
Supplementary Note B1  for more details on the clinical scales.

Self-harm outcome categories: The outcome of interest is a categorical self-

harm classi cation with respect to the past year:
(a) NSSI 5 times and no SB (\no self-harm"),
(b) NSSI >5 times but no SB (\NSSI-only"),
(c) any SB but NSSI 5 times (\SB-only"),
(d) Both NSSI >5 times and any SB (\combination").

Presence of SB was determined by the C-SSFRicidal Behavior Subscal¢C-SSRS-
SBS) if at least one of the following have occurred: suicide attempt (self-injurious act
with at least some intent to die), interrupted attempt, aborted attempt, or prepara-
tory behaviour (as de ned in Supplementary Table B.1 by Posner et al. (Posner,
Oquendo, et al., 2007; Posner, G. K. Brown, et al., 2011)).

There is an additional question on the C-SSRS-SBS which asks about the presence
of NSSI (a self-injurious act without ANY intent to die). If the response to this
guestion was \yes", the interviewer proceeded to ask more detailed questions about
NSSI (as de ned inSupplementary Table B.1 by Nock et al. (Matthew K Nock et
al., 2007)) based on the relevant subscale of the Self-Injurious Thoughts and Behaviors
Interview (SITBI-NSSI) (Matthew K Nock et al., 2007). Questions include details
about frequency and function of the NSSI. A cut-o of having engaged in NSSi15
times was made to de ne the relevant classi cations, as repeated NSSI has been shown
to indicate higher risk of future negative outcomes (Whitlock et al., 2013; Kiekens
et al., 2018). This cut-o is also used in the proposed criteria for NSSI Disorder in
the DSM-5 (American Psychiatric Association, 2013).

Statistical analysis: For Aim 1, Fisher's exact tests and analysis of variance
tests were conducted to test univariate associations between the independent variables

and the four self-harm categories. We also describe the frequency and function of NSSI
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and distribution of SB in the cohort. For Aim 2, we calculated relative risk ratios
from a multinomial logistic regression between scores on the Total Problems Scale
and the self-harm categories, adjusted for demographics. For Aims 3 and 4, we t
multivariable logistic regression models to identify associated variables across di erent
contrasts of self-harm. Aim 3 directly compares the SB-only and NSSI-only groups
while Aim 4 explores the remaining combinations (i.e., no self-harm vs. NSSI-only;
no self-harm vs. SB-only; NSSI-only vs. combination; SB-only vs. combination).
Selective models were t using only the signi cantly associated independent variables
from the exhaustive models. We then test validity of the regression models using
likelihood ratio tests correcting for false discovery rate and address over tting in
both the exhaustive and selective models using 100 bootstrap iterations with the
.632 estimation procedure. Refer t&upplementary Note B2  for more details on
variable preprocessing including handling of collinearity and imputation. Importantly,
measures of suicidal ideation from the C-SSRS-SIS and the SIQ-Jr/ASIQ were highly

correlated with the self-harm categories and were only included in sensitivity analyses.

4.4 Results

4.4.1 Aim 1: Characterization of the TAY cohort

Of the 515 participants that have complete baseline assessments, 441 had data on past-
year self-harm and were classi ed as follows: 306 (69.4%) no self-harm; 59 (13.4%)
NSSI-only; 27 (6.1%) SB-only; and 49 (11.1%) combinatiogble 4.1 ). The sample
is predominantly White, assigned female at birth, and cisgender, with the SB-only
group being the oldest at baseline. Descriptive statistics of the participants' demo-
graphics and clinical pro les along with results from univariate tests are reported in
Table 4.2 and Table 4.3 respectively.

Of the 170 participants that endorsed NSSI in the past year, the majority engaged
in the behaviour for over 20 days (39.4%). The most endorsed behaviour was \cut

or carved your skin" (74.7%) and the highest-rated rationale was to \Get rid of bad
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Present Absent Missing

Nonsuicidal self-injury & suicidal behaviour 441 (85.6%) - 74 (14.4%)
NSSI 5 days, no SB (\no self-harm") 306 (69.4%) - -
NSSI >5 days, no SB (\NSSI-only") 59 (13.4%) - -
NSSI 5 days, with SB (\SB-only") 27 (6.1%) - -
NSSI >5 days, with SB (\combination") 49 (11.1%) - -
Nonsuicidal self-injury ( >5 days) 119 (23.1%) 340 (66.0%) 56 (10.9%)
Nonsuicidal self-injury (1 day) 170 (33.0%) 289 (56.1%) 56 (10.9%)
>20 days 67 (39.4%) - -
6-20 days 52 (30.6%) - -
2-5 days 41 (24.1%) - -
lday 10 (5.9%) - -
Cut or carved your skin* 127 (74.7%) 41 (24.1%) 2 (1.2%)
Hit yourself on purpose* 68 (40.0%) 98 (57.6%) 4 (2.4%)
Burned your skin* 30 (17.6%) 135 (79.4%) 5 (2.9%)
Overdosed on medications* 12 (7.0%) 154 (90.6%) 4 (2.4%)
Suicidal behaviour ( 1 behaviour) 79 (15.3%) 369 (71.7%) 67 (13.0%)
4 behaviour types 2 (2.5%) - -
3 behaviour types 10 (12.7%) - -
2 behaviour types 28 (35.4%) - -
1 behaviour type 39 (49.4%) - -
Actual attempt* 44 (55.7%) 35 (44.3%) -
Interrupted attempt* 16 (20.3%) 63 (79.7%) -
Aborted attempt or self-interrupted attempt* 38 (48.1%) 41 (51.9%) -
Preparatory acts or behaviours* 35 (44.3%) 44 (55.7%) -

Not mutually exclusive

Table 4.1: Distribution of past-year nonsuicidal self-injury and suicidal behaviour
across 515 participants.

feelings (e.g., anxiety or guilt)" (averaging 4.17 on a 5-point scale). Seventy-nine
participants reported at least one suicidal behaviour in the past year, with actual
suicide attempts (55.7%) as the most common behaviour.

Signi cant overall group di erences were observed across the self-harm categories
for all demographic variables, except ethnicity/race even after collapsing groups with
smaller numbers into broader groups of \White", \Multiracial", and \Racialized"
(which includes \Black", \East Asian”, \Other", and \South East Asian"). Group
di erences were also observed across all clinical scales except for the Conict Be-
havior Questionnaire, the PID-5 hostility and impulsivity facets, and the diagnostic
categories of neurodevelopmental; bipolar and related; and disruptive, impulse con-

trol, and conduct disorders.
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Table 4.2: Demographic variables for each past-year self-harm category.
No NSSI 5 SB only Both SB Overall Pairwise
Self-harm times, no (SB; and di er- group
(NoSH; SB Nmax =27) NSSI 5 ences dier-
N max =306) (NSSI; times across ences
Nmax =59) (Comb; groups (p<.05)
N max =49) (* p<.001)
Demographics Mean SD Mean SD Mean SD Mean SD p
Age at enrolment 17.97 3.81 18.02 3.60 2024 330 19.00 3.18 0.008 NoSH/SB
NoSH/Comb
NSSI/SB
N % N % % N % p
Ethnicity/race 0.339 -
White 178 58.17 32 54.24 14 51.85 27 55.10
Multiracial 65 21.24 17 2881 8 29.63 9 18.37
South East Asian 19 6.21 3 5.08 2 7.41 1 2.04
Other 17 556 6 1017 1 3.70 7 14.29
Black 17 556 0 - 2 741 2 4.08
East Asian 10 3.27 1 169 O - 3 6.12
Assigned sex at 0.001 NoSH/NSSI
birth NoSH/Comb
Female 187 61.11 49 84.48 19 73.08 37 77.08
Male 119 3889 9 1552 7 26.92 11 22.92
Gender identity * NOSH/NSSI
Girl/'woman 134 44.37 29 49.15 13 48.15 20 41.67 NoSH/Comb
Boy/man 111 36.75 8 1356 7 2593 10 20.83
Gender non-binary/ 57 18.87 22 3729 7 2593 18 37.50
another gender
identity
Gender diversity * NoSH/NSSI
Cisgender 236 78.15 36 61.02 20 74.07 24 50.00 NoSH/Comb
Transgender/gender 66 21.85 22 3898 7 2593 24 50.00
diverse
Family income 0.024 NOSH/NSSI
$0 to $29,999 18 1023 7 2188 5 3125 6 24.00
$30,000 to $59,999 14 795 4 1250 2 1250 O -
$60,000 to $89,999 33 1875 5 1562 2 1250 6 24.00
$90,000 to $119,999 33 18.75 8 25.00 2 1250 4 16.00
$120,000 t0 $149,999 16 9.09 6 1875 1 6.25 2 8.00
$150,000 or more 62 3523 2 6.25 4 25.00 7 28.00

For continuous variables, means with standard deviation and p-values from one-way ANOVA tests
are reported. For categorical variables, counts with percentages and p-values from Fisher's exact
tests are reported. p-values are estimated using Monte Carlo simulation with a million replicates

for overall group comparisons of categorical variables.

Note: maximal group sample sizesNnax ) are reported in the header { each row can have a di erent
group sample size up toNax due to variable missingness across the measures.

p<.001.

NoSH = No Self-harm; NSSI = nonsuicidal self-injury; SB = suicidal behaviour; Comb = combined
(i.e., both SB and NSSI); SD = standard deviation; N = sample size.
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Table 4.3: Clinical variables for each past-year self-harm category.

No NSSI 5 SB only SB & Overall Pairwise
Self-harm times, no (SB; NSSI 5 group group dif-
(NoSH; SB (NSSI; Nmax =27) times dier- ferences
Nmax =306) Nmax =59) (Comb; ences (p<.05)
N max =49) (* p<.001)
Clinical variable Mean SD Mean SD Mean SD Mean SD p
Total Problems on 61.19 12.08 69.91 1043 71.44 8.72 74.26 12.02 = NoSH/NSSI
YSR/ASR (T- Scores) NoSH/SB
NoSH/Comb
Internalizing 62.01 12.07 70.97 9.60 72.84 8.44 73.30 11.79 = NoSH/NSSI
Broadband (T-scores) NoSH/SB
NoSH/Comb
Externalizing 55.26 11.27 61.05 10.72 63.04 1040 66.02 1254 * NoSH/NSSI
Broadband (T-scores) NoSH/SB
NoSH/Comb
NSSI/Comb
SIQ-Jr (for those <18, 16.91 16.88 33.58 22.35 36.40 20.06 41.74 2083 * NoSH/NSSI
N=296) NoSH/SB
NoSH/Comb
ASIQ (for those 18, 30.25 26.24 41.63 26.13 66.75 33.94 90.44 35.15 * NoSH/SB
N=153) NoSH/Comb
NSSI/SB
NSSI/Comb
C-SSRS-SIS Past year 1.14 1.28 2.12 1.39 4.26 1.02 4.37 1.32 * NoSH/NSSI
NoSH/SB
NoSH/Comb
NSSI/SB
NSSI/Comb
C-SSRS-SIS Lifetime 2.09 1.81 3.41 1.60 4.67 0.73 4.59 0.96 * NoSH/NSSI
NoSH/SB
NoSH/Comb
NSSI/SB
NSSI/Comb
PRIME (psychotic-like 22.47 17.87 33.36 18.25 27.62 1555 36.70 20.30 * NoSH/NSSI
experiences) NoSH/Comb
SB/Comb
WHODAS (function) 23.67 8.00 28.25 7.91 29.50 7.73 30.09 1043 * NoSH/NSS
NoSH/SB
NoSH/Comb
N % N % N % N % p
Depressive Disorders 200 65.57 48 82.76 25 9259 40 83.33 * NoSH/NSSI
NoSH/SB
NoSH/Comb
Anxiety Disorders 230 75.41 52 89.66 26 96.30 41 85.42 0.004 NoSH/NSSI
NoSH/SB
Trauma and Stress 64 20.98 23 39.66 20 74.07 26 5417 * NoSH/NSSI
Related Disorders NoSH/SB
NoSH/Comb
NSSI/SB
Obsessive-Compulsive 47 1541 9 1552 11 40.74 15 31.25 0.002 NoSH/SB
Disorders NoSH/Comb
NSSI/SB
Disruptive, Impulse 18 1071 3 9.38 2 2222 2 9.09 0.651 -
Control and Conduct
Disorders
Neurodevelopmental 154 50.49 36 62.07 13 48.15 26 54.17 0.408 -
Disorders
Bipolar and Related 26 8.52 7 12.07 3 1111 9 18.75 0.157 NoSH/Comb
Disorders
Substance Related and 73 2393 21 36.21 18 66.67 30 62.50 * NoSH/SB
Addictive Disorders NoSH/Comb
NSSI/SB

NSSI/Comb
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Table 4.3: Clinical variables for each past-year self-harm category.

No NSSI 5 SB only SB & Overall Pairwise
Self-harm times, no (SB; NSSI 5 group group dif-
(NoSH; SB (NSSI; Nmax =27) times dier- ferences
Nmax =306) Nmax =59) (Comb; ences (p<.05)
N max =49) (* p<.001)
Mean SD Mean SD Mean SD Mean SD p
AADIS - Cannabis Use 1.35 2.05 2.42 2.56 3.38 2.67 3.89 2.75 * NoSH/NSSI
Frequency NoSH/SB
NoSH/Comb
NSSI/Comb
AADIS - Alcohol Use 1.37 1.50 1.80 1.44 2.84 131 2.87 1.84 * NoSH/NSSI
Frequency NoSH/SB
NoSH/Comb
NSSI/SB
NSSI/Comb
Con ict Behavior 5.66 5.78 6.86 5.94 4.89 5.42 7.79 6.59 0.310 -
Questionnaire
PID-5 - Emotional 1.37 0.90 1.56 0.88 1.69 0.84 1.88 0.84 0.005 NoSH/Comb
Lability
PID-5 - Anxiousness 1.81 0.90 1.98 0.84 2.20 0.78 221 0.88 0.016 NoSH/SB
NoSH/Comb
PID-5 - Separation 1.31 0.87 1.44 0.90 1.50 0.80 1.90 0.95 0.001 NoSH/Comb
Insecurity NSSI/Comb
PID-5 - Hostility 1.27 0.78 1.15 0.89 1.27 0.73 141 0.83 0.512 -
PID-5 - Depressivity 0.90 0.84 1.08 0.93 1.38 0.86 1.70 1.02 * NoSH/SB
NoSH/Comb
NSSI/Comb
PID-5 - Impulsivity 1.18 0.87 1.24 0.87 1.49 0.68 151 0.96 0.080 NoSH/Comb
PID-5 - Risk Taking 0.81 0.77 0.93 0.80 1.15 0.85 1.46 0.90 * NoSH/Comb
NSSI/Comb

For continuous variables, means with standard deviation and p-values from one-way ANOVA tests
are reported. For categorical variables, counts with percentages and p-values from Fisher's exact
tests are reported. p-values are estimated using Monte Carlo simulation with a million replicates

for overall group comparisons of categorical variables.
Note: maximal group sample sizesNnax ) are reported in the header { each row can have a di erent

group sample size up toN,ax due to variable missingness across the measures.

p<.001; NoSH = No Self-harm; NSSI = nonsuicidal self-injury; SB = suicidal behaviour; Comb =
combined (i.e., both SB and NSSI); SD = standard deviation; N = sample size.
YSR/ASR = Youth Self-Report/Adult Self-Report; SIQ-Jr = Suicidal Ideation Questionnaire-

Junior; ASIQ = Adult Suicidal Ideation Questionnaire; C-SSRS-SIS = Columbia-Suicide Severity
Rating Scale-Suicidal Ideation Subscale; WHODAS = World Health Organization Disability As-

sessment Scale; AADIS = Adolescent Alcohol and Drug Involvement Scale; PID-5 = Personality
Inventory for DSM-5

4.4.2 Aim 2: Associations with greater psychopathology

Participants who reported a combination of NSSI and SB in the past-year were 3.10
times more likely to score higher on the Total Problems Scale (adjusted relative risk
ration (aRRR): 3.10, 95% CI [2.04, 4.72]) compared to participants with no self-harm

(Figure 4.1 ). Those with either behaviour alone also scored higher on the scale, but



CHAPTER 4. 86

to a lesser extent (SB-only aRRR: 2.49, 95% CI [1.51, 4.12]; NSSl-only aRRR: 2.25,
95% CI [1.58, 3.22]). Participants with lifetime self-harm were even more likely to
have elevated psychopathology (combination aRRR: 4.68, 95% CI [3.20, 6.84]; SB-
only aRRR: 2.41, 95% CI [1.48, 3.93]; NSSI-only aRRR: 1.99, 95% CI [1.39, 2.86)).

4.4.3 Aim 3: Distinct pro les of youth presenting with SB-

only relative to NSSI-only

Our multivariable logistic regression model identi ed distinct clinical pro les of par-
ticipants exhibiting SB-only relative to NSSI-only. Likelihood ratio tests against
the null model indicated that the model is well t to the data ( 2=39.8, adjusted
p<.001;Supplementary Table B.2 ). After correcting for potential over tting, the
model explained 24% of variance in the di erence between the NSSI-only and SB-only
groups. Higher rates of obsessive-compulsive disorders (OCD: standardize@.96,
95% CI [0.99, 4.31];p<0.01) were observed in the SB-only groupigure 4.2 and
Supplementary Table B.4 ). A model t on OCD only ( 2=6.4, adjusted p=0.01)
explained 13% of the variance in the outcomeSupplementary Table B.2 ).

When suicidal ideation (measured with the SIQ-Jr/ASIQ) was included in the
model, statistical t was improved and more variance was explained ¢=44.9, ad-
justed p<.001, bootstrap R?=0.25). Suicidal ideation was a signi cant predictor
(standardized =1.28, 95% CI [0.03, 2.54]) and the e ect of OCD increased (stan-
dardized =3.52, 95% CI [1.24, 5.80]). Elevated rates of trauma and stress related
disorders (standardized =2.21, 95% CI [0.13, 4.29]) were also observed in the SB-
only group. Finally, being in the Racialized group compared to the White group
(standardized =-2.69, 95% CI [-5.37, -0.0020]) was signi cantly associated with the
NSSI-only group.
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Figure 4.1: Adjusted relative risk ratios from a multinomial logistic regression model
of Past-Year Self-Harm predicting Total Problems on the Youth and Adult Self-Report
Scales (YSR/ASR).
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Figure 4.2: Standardized beta coe cients with 95% con dence intervals from a multi-
variable logistic regression model comparing individuals who have engaged in suicidal
behaviour only (SB-only; n=27) to individuals who have engaged in nonsuicidal self-
injury only (NSSI-only; n=59) in the past year. Filled points indicate coe cient
signi cance (p<0.05) in the regression model. Model p-value (compared to the null
model with a likelihood ratio test) and bootstrapped Nagelkerke'®? (with 100 iter-
ations using the .632 estimator) are shown in the bottom right. n = sample size after
imputation. YSR/ASR = Youth Self-Report/Adult Self-Report; WHODAS = World
Health Organization Disability Assessment Scale; AADIS = Adolescent Alcohol and
Drug Involvement Scale; PID-5 = Personality Inventory for DSM-5



CHAPTER 4. 89

4.4.4 Aim 4: Distinct pro les of youth across di erent con-

trasts of self-harm

When no self-harm is the referent group, selective models t on only signi cantly
associated independent variables explained more variance in the outcome than their
exhaustive counterparts Supplementary Table B.2 ). On the other hand, an ex-
haustive model comparing the combination group to the NSSI-only group explained
25% of variance while the corresponding selective model only explained 14%. Further-
more, an exhaustive model comparing the combination group to the SB-only group
explained 18% of variance and did not identify any signi cant predictors. Overall,
all exhaustive and selective models are signi cant compared to the null model, and
all exhaustive models are signi cantly better t to the data than their corresponding
selective models.

In the lifetime case, exhaustive models with the no self-harm group as the ref-
erent group explain more variance in the outcome than their selective counterparts
(Supplementary Table B.3 ). E ect estimates for all independent variables in the
regression models are reported iSupplementary Tables B.4 and B.5  for past-

year and lifetime self-harm, respectively.

4.5 Discussion

We present a novel study characterizing the di erential correlates of NSSI, SB, and
their combination in 515 treatment seeking transitional-aged youth from the TAY
Cohort Study. Early baseline data suggest that NSSI and SB should be distinctly
conceptualized. Univariate analyses of clinical and demographic measures show signif-
icant di erences between the two groups. Furthermore, the combination of both NSSI
and SB is associated with greater psychopathology than either behaviour alone, sug-
gesting that the behavioural manifestation of psychopathology is distinct for NSSI
and SB. Multivariate regression models can robustly distinguish participants with

NSSI-only from those with SB-only. Models of di erent contrasts of self-harm also
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t the data well and highlight di erent clinical and demographic variables. Taken
together, our analyses support the distinction of NSSI and SB as separate constructs
of self-harm.

We report statistically signi cant di erences across all measured demographic
variables, except race/ethnicity which is limited due to the collapsing of underrep-
resented categories. No di erences were observed for bipolar and related disorders;
disruptive, impulse control and conduct disorders; and neurodevelopmental disorders
across the self-harm categories despite bipolar disorder carrying the highest risk of
suicide compared to all other psychiatric illnesses (J. N. Miller and Black, 2020). No-
tably, only 10% of participants met criteria for a bipolar and related disorder (n=49
of 471), or a disruptive, impulse control and conduct disorder (n=26 of 249) which
limits capacity to detect e ects of these disorders in this sample.

The negative a ectivity trait domain (consisting of the emotional lability, anx-
iousness, and separation insecurity PID-5 facets) has been consistently associated
with suicide-related behaviours and attempts (Orme et al., 2020; Yen et al., 2009).
In our study, we observe this trait domain driving di erences in the self-harm cate-
gories along with the depressivity and risk taking facets. Impulsivity, aggression, and
disinhibition have also been suggested as important traits for suicide (Orme et al.,
2020). However, no di erences were observed in the impulsivity and hostility facets in
this sample. Our ndings support that negative a ectivity is a stronger independent
predictor for suicide-related behaviours than other personality traits (Orme et al.,
2020; Yen et al., 2009).

General psychopathology is elevated across all self-harm behaviours compared to
those with no self-harm, most prominently in participants with a combination of NSSI
and SB. This is consistent with factor analyses linking general psychopathology to
self-harm (Hyland et al., 2022). Our multinomial regression shows that for every unit
increase in participants' psychopathology score, the odds of being in the NSSI-only,
SB-only, and combination group increases accordingly. This suggests that NSSI and
SB are associated with distinct, latent aspects of psychopathology that compound

when both behaviours are present.
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Our multivariable logistic regression models show that NSSI-only and SB-only
groups are distinguishable based on their clinical and demographic pro les. Elevated
rates of OCD are observed in the SB-only and combination groups when compared
to the NSSI-only group, highlighting OCD as an SB-speci c factor. This is contrary
to current literature that conceptualizes NSSI as an obsessive-compulsive-related dis-
order on the basis rumination, compulsion, and repetitive behaviour (Zheng et al.,
2022; Benatti et al., 2021; McKay and Andover, 2012).

4.6 Limitations

This study is limited by imbalanced recruitment across ethnicity/race (i.e., no self-
identi ed Black participants presented with NSSI-only) which necessitated collapsing
of certain categories into \Racialized" for data analysis. This limits the study's
ability to detect e ects of ethnicity/race. This is also re ected in the small cell sizes
for certain predictors across the four outcome categories, which limits the statistical
stability of our models. Furthermore, this study is cross-sectional in nature and
cannot address causal e ects and lacks external replication to address generalizability

of the ndings.

4.7 Future directions

This study would benet from continual recruitment, especially from underrepre-
sented demographics, including repeat measures across participants to conduct sta-
tistical modelling in a longitudinal manner. Replication of key ndings (i.e., elevated
general psychopathology scores and OCD rates) in other similarly aged, clinical co-

horts is also required.
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4.8 Conclusion

Overall, we present a clinically relevant characterization of a treatment-seeking, transitional-
aged cohort with respect to past-year self-harm. Primarily, participant scores on the

Total Problems Scale on the YSR/ASR are shown to be elevated in the combination
group beyond that of either the NSSI-only or SB-only groups. Furthermore, regres-

sion modelling can robustly separate NSSI from SB, identifying elevated OCD rates

in the SB-only group. Our ndings support a di erentiation between NSSI and SB

as distinct constructs of self-harm.
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Chapter 5

Investigation of sex- and
age-speci c e ects of genetic risk
for depression on peripheral

biomarkers

5.1 Abstract

Background: Polygenic risk for depression is associated with elevated white blood
cell count (WBC), providing support for a pro-in ammatory causal mechanism of
depression. However, the important roles of biological sex and age on depression and

in ammation have not been accounted for in these analyses.

Methods: We calculated polygenic risk scores for depressioR RSyep) in 362,074
individuals from the UK Biobank (aged 39-72, 53.7% female) and 22,965 individuals
from the Canadian Longitudinal Study on Aging (aged 45-86, 50.3% female). We
tested for main e ects ofP RSqep, S€X, and non-linear age, as well as their interactions,
on 25 blood-based measures (i.e., from complete blood counts, metabolic and lipid

panels, and in ammatory tests). Associations signi cant in both cohorts carried
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forward for further sex-strati ed and mediation modelling.

Results: P RSyep, Was signi cantly associated with 13 biomarkers in the UK Biobank,
with ve replicated in the CLSA (WBC, granulocyte, and lymphocyte counts, and
C-reactive protein and triglyceride levels), with standardized e ect sizes ranging from
=0.006 (C-reactive protein,p=7:50 10 4)to =0.03 (WBC, p=1:71 10 4. Sex-
speci ¢ e ects of P RSy, were observed for C-reactive protein levels (male; Stou er's
p=2:40 10 ®) and triglyceride levels (female; Stou er'sp=5:19 10 3). Further
di erentiation was observed in the female subgroups based on post-menopausal status
for WBC (Stouer's p = 3:83 10 ®) and neutrophil/granulocyte (Stouer's p =
5:05 10 3) counts. Bi-directional mediation was also observed between all ve
biomarkers and a depression diagnosis, with up to 12.6% of the association between

P RSyep and triglyceride levels mediated through depression.

Conclusions: We have shown that e ects ofP RSy, on multiple peripheral biomark-
ers, beyond WBC, remain signi cant even when accounting for important interactions
of biological sex and age, providing insight into the pro-in ammatory etiology of de-

pression.

5.2 Introduction

An association between genetic risk for depression and white blood cell (WBC) count
was recently established by the PsycheMERGE network, providing supporting evi-
dence for a pro-in ammatory state in depression and promoting WBC count as a
potential biomarker (Sealock et al., 2021). Elevated WBC count has also been asso-
ciated with subsequent risk for psychiatric disorders in the Swedish Apolipoprotein
Mortality Risk (AMORIS) cohort (Zeng et al., 2024). Furthermore, dysregulation of
the immune system|speci cally cell-mediated processes|has been shown to play a
role in the etiology of major depressive disorder (MDD) (Beurel, Toups, and Nemero ,

2020; Berk et al., 2013). In patrticular, levels of both pro- and anti-in ammatory
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cytokines such as tumour necrosis factor (TNF), interferon (IFN) , and certain
members of the interleukin (IL) family, among others, have been associated with
depression (A. Patel, 2013). These cytokines cascade through immune-related path-
ways that increase leukocyte production and recruitment (Leick et al., 2014). Beyond
WBC, other putative biomarkers including total cholesterol, high-density lipoprotein,
and triglyceride levels have also been associated with MDD via vascular aging and
metabolic syndromes (Feng et al., 2024; M. Zhang et al., 2021). Lipid metabolism,
in particular, is a key process in immune cell activation and modulation C. Garcia,
Andersen, and Blesso, 2023.

Genetic studies of MDD also implicate immune-related risk variants that are linked
to the production of cytokines (Barnes, Mondelli, and Pariante, 2017; Zunszain, Hep-
gul, and Pariante, 2012). However, as with most genetic studies of psychiatric phe-
notypes, the estimated e ect sizes of these variants are small and inconsistent across
studies (J. A. Gordon, 2021). Mendelian randomization analyses in the AMORIS
cohort suggest a putative causal relationship between WBC and depression (Zeng et
al., 2024). A recent genome-wide meta-analysis of both clinical and broadly-de ned
depression identi ed 44 independent risk variants pointing to a potential polygenic
structure underlying the disorder (Wray et al., 2018). However, despite well-powered
genome-wide association studies (GWAS), polygenic risk scores (PRS)|which aggre-
gate the e ects of individual risk variants across the genome|have not yet shown
clinical utility in isolation and may be best used as adjuncts to clinical evaluation.
Nonetheless, PRSs can be e ective tools in understanding the common and unique
biological mechanisms across traits (e.g., depression and immune function) due to the
inherently xed nature of genetic variants across the lifespan. This genetic causality,
however, can be over-estimated when the measured outcome is subject to environ-
mental factors (Koch et al., 2023). As such, models associating in ammatory markers
with PRSs for depression must account for the in uences of age, sex, and in amma-
tory conditions, which are all known to impact both leukocyte counts and depressive
phenotypes (A. H. Miller and Raison, 2016).

Lifespan analyses in community populations show that the relationship between
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in ammatory biomarkers and depressive symptoms vary by age. For example, the
association between blood-derived measures of interleukin 6 (IL-6) and C-reactive pro-
tein (CRP) and anhedonia decreases with age, whereas the association with somatic
complaints increases, with a signi cant sex e ect in the latter association (Straka
et al., 2020). Furthermore, the prevalence and multi-factorial etiology of depression
are known to vary across the adult lifespan. For example, aging-associated vascular
dysfunction can contribute to both cardiovascular and cerebrovascular related depres-
sive symptomatology that manifest later in life (Husain-Krautter and Ellison, 2021).
Phenotypic variations such as late-life depression (LLD; de ned as depression in those
aged 65 and above) also di er in suicide risk when compared to depression in younger
adults, with increased prevalence and risk for suicide associated with LLD (Husain-
Krautter and Ellison, 2021). Given that pro-in ammatory states also correlate with
suicidal symptom presentation in MDD, suicidal ideation should also be considered
in the context of depression and aging (M.-H. Chen et al., 2024).

Sex di erences in MDD prevalence and associations with in ammatory immune
peripheral markers suggest biological di erences by sex in the manifestation of the
disorder (Jarkas et al., 2024). Periods of major hormonal changes during the lifespan
of females|such as childbirth and menopause|may contribute to this di erentiation
(Huluka et al., 2025). Use of hormonal contraceptives and hormone replacement
therapy (HRT), commonly prescribed to prevent pregnancy and to aide in menopausal
symptom relief respectively, further complicates the relationship between hormonal
uctuations across the female lifespan, biomarkers, and depression. Studies have
shown increased risk for depression, suicide attempt, and suicide death associated
with hormonal contraceptive use|especially during adolescence and in oral format
(Skovlund, M rch, Kessing, and Lidegaard, 2016; Skovlund, M rch, Kessing, Lange,
et al., 2018). Evidence for HRT-related depression is mixed, with a recent study
identifying depression as a potential adverse side-e ect of HRT dependent on when
the therapy was initiated (Dwyer et al., 2020; Wium-Andersen et al., 2022).

Here, we use two large independent cohorts of mid- to late-life individuals to

comprehensively model non-linear and interactive e ects of age, sex, and genetic risk
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for depression on circulating peripheral biomarkers. We hypothesize that genetic
liability for depression will be associated with levels of blood-based biomarkers more

strongly in late life and will show sex-speci ¢ patterns of association.

5.3 Materials and Methods

5.3.1 Study datasets

We analyzed data from 362,074 individuals from the UK Biobank (age range: 39-72,
mean=56.8 years; 53.7% female) and 22,965 individuals from the Canadian Longi-
tudinal Study on Aging (CLSA; age range: 45-86, mean=63.0 years; 50.3% female).
Written informed consent was provided by all participants. The UK Biobank is a
large-scale biomedical database of over half a million volunteer participants from
the United Kingdom Bycroft et al.,, 2018. The UK Biobank has approval from the
North West Multi-centre Research Ethics Committee [ittps://www.hra.nhs.uk/
about-us/committees-and-services/res-and-recs/search-research-ethics-committees/
north-west-haydock/ ) and this study is approved by the UK Biobank under appli-
cation ID 61530. CLSA is a longitudinal, nation-wide study of mid- through late-life
Canadians (P. Raina et al., 2019). CLSA has approval from 13 local research ethics
boards across all participating sitesHttps://www.clsa-elcv.ca/governance/ ) and

a data access agreement for this study is approved by CLSA under application number
2006026.

Details of genotyping and imputation for the UK Biobank and CLSA participants
have been previously published (Bycroft et al., 2018; Forgetta et al., 2022). Briey,
for the UK Biobank, genotyping was performed using the Applied Biosystems UK
Biobank Axiom Array and imputed using the Haplotype Reference Consortium and
UK10K + 1000 Genomes Phase 3 reference panels (McCarthy et al., 2016; Jie Huang
et al., 2015; The 1000 Genomes Project Consortium et al., 2015). For CLSA, genotyp-
ing was performed using the Axiom 2.0 Assay Automated Work ow on A ymetrix
NIMBUS protocol Forgetta et al., 2022. Samples were hybridized to UK Biobank
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arrays and imputed with TOPMed reference panels (Taliun et al., 2021; S. Das et
al., 2016; Fuchsberger, Abecasis, and Hinds, 2015). Both datasets were restricted
to unrelated individuals of European genetic ancestry based on principal component
analyses of genotypes (UK Biobankhttps://biobank.ndph.ox.ac.uk/ukb/dset.
cQi?id=2442 ; CLSA: https://lwww.clsa-elcv.ca/wp-content/uploads/2023/06/
clsa_gwas_v3.pdf).

Peripheral biomarkers were measured at scale from blood samples collected at re-
cruitment alongside demographic, lifestyle, and clinical information including medica-
tion burden, body-mass index (BMI), lifetime smoking status at time of recruitment
(never, former, or current), and diagnoses for anxiety, depression, stroke, cancer, and
Alzheimer's disease. Diagnostic status in the UK Biobank were determined from
the presence of ICD-10 codes retrieved from linked primary care or hospital inpa-
tient data. Participants may also self-report a diagnosis at their baseline interview.
For CLSA, diagnostic status as well as other co-variates such as medication use and
smoking status are self-reported either during the participant's in-home, face-to-face
interview or during their data collection site visit interview. More information on the
variables included in this study can be found irSupplementary Table C.1  with

descriptive statistics reported inSupplementary Tables C.2 and C.3

5.3.2 Peripheral biomarkers

We investigated 25 peripheral biomarkers available in both datasets that were mea-
sured from participants' blood drawn at their initial assessment visit. Thirteen mea-
sures were derived from a complete blood count, including erythrocyte count and
related measures (hemoglobin concentration, hematocrit percentage, mean corpus-
cular volume, mean corpuscular hemoglobin count and concentration, erythrocyte
distribution width), mean thrombocyte volume and count, and leukocyte count and
related measures (lymphocyte, monocyte, and granulocyte counts). Further dier-
entiated counts of granulocytes (neutrophil, eosinophil, and basophil counts) were
also available in the UK Biobank. The remaining ten measures broadly relate to

metabolic function (albumin, alanine aminotransferase, and creatinine), lipid ac-
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cumulation (cholesterol, high- and low-density lipoprotein, and triglyceride), over-
all health (glycated hemoglobin, vitamin D), and in ammatory signals (C-reactive
protein; CRP). Individuals with levels beyond clinically acceptable ranges, follow-
ing sex-specic adult (i.e., >18 years) guidelines from the Mayo Clinic Https:
/lwww.mayoclinic.org/ , Supplementary Table C.4 ), were excluded from analy-
ses of that speci ¢ measure. Box-Cox transformation and normalization were applied
to each measure using théestNormalize(v1.9.0) package in R. Histograms of the
measures before and after normalization can be found 8upplementary Figures

C.1-C.4 and Box-Cox lambdas inSupplementary Table C.5

5.3.3 Polygenic risk scoring

To calculate our polygenic risk scores for depressioR RSyep) in both datasets, we
leveraged summary statistics from a genome-wide meta-analysis of both clinical and
broadly-de ned depression (Wray et al., 2018). Since this meta-analysis included data
from the UK Biobank, we used only the PGC29 summary statistics of major depres-
sive disorder, which exclude UK Biobank samples, fé* RSy, calculations in the UK
Biobank. For sensitivity analyses, we also calculated PGC29-onB/RSgep, in CLSA.

We applied the continuous shrinkage method (PRS-CS-autdrttps://github.com/
getian107/PRScs) to calculate the scores, which uses a Bayesian approach to de ne
e ect weights rather than discrete SNP selection. Speci cally, we use the auto ver-
sion that allows for the global shrinkage parameter,, to be learned from the data,
according to best practices for GWAS of highly polygenic traits with su cient sample
sizes as outlined by the authors of the package. This Bayesian approach minimizes
the number of parameters, requiring only the GWAS sample size, and thus does not
require an independent test dataset for parameter tuning (T. Ge et al., 2019). The
1000 Genomes Phase 3 European reference panel was used to account for linkage
disequilibrium patterns in the data (The 1000 Genomes Project Consortium et al.,
2015). The top 10 genomic principal components were regressed out of the scores to
account for ne population structure and standardized residuals were carried forward

as the P RSy, in all subsequent analyses.
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5.3.4 Statistical analysis

Analyses proceeded in four phases: 1) biomarker prioritization, 2) non-linear and

interaction modelling, 3) sex-speci ¢ modelling, and 4) mediation analyses.

5.3.4.1 Biomarker prioritization

We tested for main e ects ofP RSy, 0N measures of 25 peripheral biomarkers com-
mon to both the UK Biobank and CLSA. Linear regression models were t to each
outcome biomarker including main e ects fol® RSyep, S€x, and non-linear age de ned
using cubic splines with three internal knots; interaction terms between age and sex;
and selected co-variates. Linear models t with the UK Biobank data also include
data collection site and fasting time prior to blood draw as co-variates. Bonferroni
correction for multiple testing was applied to each cohort separately for 25 tests in the
UK Biobank (signi cant p <0.0020) and 23 in CLSA (signi cant p< 0.0022). Biomark-
ers with observed signi cant main e ects in both study cohorts were carried forward

for the remaining statistical analyses.

5.3.4.2 Non-linear and interaction modelling

We incrementally tested interaction terms between non-linear age, sex, aRtRSyep
with likelihood ratio tests to determine the e ects of age and sex on the genetic
e ect. First, we compared non-linear age to linear age in simpli ed models without
any interaction terms. Next, we investigated three interaction terms separately in
addition to models with non-linear age:P RSyep-by-age, P RSqep-by-sex, and age-by-
sex terms. Then, we t models with two interaction terms: the age-by-sex term and
additionally the P RSge, interactions separately. Finally, we tested saturated models
with all three interaction terms as well as the inclusion of a three-way interaction

term. A total of nine nested models were investigated per biomarker.
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5.3.4.3 Sex-specic exploration

We t sex-strati ed models including female-speci ¢ co-variates to further investigate
sex-specic e ects. We rst strati ed the sample by sex and t models separately

in both the male and female sub-samples, including self-reported menopause sta-
tus, hormonal contraceptive use (specically as an oral pill in the UK Biobank),
hormone-replacement therapy status, and number of lifetime live births in the female
subsample. We then further strati ed the female subsample by menopause status
and t models for the pre-menopausal and post-menopausal sub-samples, including
age at which menopause was experienced in the post-menopausal subsample. Finally,
p-values for each subgroup analyses are pooled across the UK Biobank and CLSA

using Stou er's method.

5.3.4.4 Mediation analysis

We t mediation models using the mediation (v4.5.0) package iR with P RSye, as

the independent variable to test bi-directional mediation between the biomarkers and
depression diagnosis in both the UK Biobank and CLSA. We also investigate medi-
ation through suicide-related thoughts and behaviours in the UK Biobank. Namely,
we assessed mediation through binary responses to the following three questions: 1)
\Ever thought that life was not worth living?", 2) \Ever contemplated self-harm?",

and 3) \Ever self-harmed?". Nonparametric bootstrapped con dence intervals were

calculated with 1000 iterations of the mediation modelling.

5.4 Results

5.4.1 Biomarker prioritization

In the UK Biobank, elevated levels of ve biomarkers (WBC, monocyte, neutrophil,
lymphocyte, CRP) and decreased levels of two (creatinine and vitamin D) were found
to be signi cantly associated with P RSye, after accounting for non-linear age, sex,

and their interaction; controlling for demographic, lifestyle, and clinical informa-
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Cohort QOutcome Model Bootstrap R? P RSgep PRS gep p-value

UK Biobank Depression 0.17 0.14 110 10 %8
White Blood Cell  0.07 0.01 2:25 10 2
Neutrophil 0.06 0.01 832 10 %
Lymphocyte 0.06 960 10° 2115 10 ®
C-reactive Protein  0.20 551 10°% 7550 10 *
Triglyceride 0.10 6:72 10° 141 103

CLSA Depression 0.25 0.18 184 10 '8
White Blood Cell  0.10 0.03 1:71 10 *
Granulocyte 0.10 0.02 573 10 4
Lymphocyte 0.08 0.02 376 10 *
C-reactive Protein 0.18 0.02 294 10 *
Triglyceride 0.06 0.02 9:58 10 °

Model tested: outcome PRSgep + rcs(age, 4) + sex + rcs(age, 4):sex + co-variates

Co-variates: medication burden + BMI + smoking status + anxiety + stroke + cancer + Alzheimer's
disease

Co-variates also include fasting time for analyses in the UK Biobank and depression for models where
depression is not the outcome.

R? measures are corrected using the .632 bootstrap method with 100 repetitions.

Table 5.1: Variance explained by regression models and main genetic e ect for each
outcome.

tion; and correcting for 25 independent tests (i.e., 25 di erent biomarkers,0.0020;
Figure 5.1A ). Seven more biomarkers (triglyceride, albumin, basophil, RBC distri-
bution width, MCH concentration, and alanine aminotransferase) were signi cantly
associated withP RSyep, but did not survive multiple testing correction. All were
elevated except RBC distribution width. In CLSA, elevated levels of six biomark-
ers (WBC, CRP, lymphocyte, granulocyte, glycated hemoglobin, and triglyceride)
were signi cantly associated withP RSye, with only triglyceride levels not surviving
multiple testing correction (Figure 5.1B ). Of these, the following ve biomarkers
showed consistent association witP RSy, across both the UK Biobank and CLSA:
WBC, neutrophil/granulocyte, lymphocyte, CRP, and triglycerides. Main e ects of
the PRSyep and corresponding p-values and bootstrapped model R2 for each of the

ve outcomes and depression diagnosis are presentedTiable 5.1 .

5.4.2 Non-linear and interaction modelling

In the UK Biobank, modelling age non-linearly provided better tting models com-

pared to a linear approach for all ve biomarkers (380 < 2 < 105538; Supple-
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Figure 5.1: Points indicate the -log10(p-value) of main e ects dP RS, in regression
models inA. UK Biobank and B. CLSA with non-linear age and an age-by-sex in-
teraction term. Shapes indicate direction of the e ect and colors indicate signi cance
levels. Bonferroni correction for multiple testing alongside uncorrected p-valse0.05
thresholds shown by the dashed lines.
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Cohort  Outcome Age - Agel-sex Age %-sex  Age %-sex Age3-  AgeS-sex
sex p-value p-value sex p-value
UK Depression* 0.06 0.20 -0.04 0.71 -0.15 0.78
Biobank  White Blood 0.25 159 10 ™  -0.19 221 10° o0.21 0.16
Cell**
Neutrophil** 0.33 1:08 10 *® .0.21 363 10 ' 0.09 0.55
Lymphocyte*** -0.04 8:87 10° -0.10 766 10 * 0.63 477 10 °
C-reactive -0.01 0.34 -0.05 0.11 0.29 0.05
Protein*
Triglyceride***  -0.15 2:220 10 * -0.10 0.02 0.63 358 10 ¢
CLSA Depression* 0.09 0.64 -0.26 0.73 1.00 0.65
White Blood 0.44 242 101 124 433 107 3.5 827 10 °©
Cell**+
Granulocyte*** .58 9:12 10 ¥ -156 138 10 1 3.90 277 10 8
Lymphocyte*  -0.10 0.13 2:74 10 ®* 0.99 0.21 0.77
C-reactive -0.03 0.67 -0.07 0.77 0.30 0.66
Protein*
Triglyceride**  -0.39 3:96 105 087 516 10 ® -2.10 0.02

Model tested: outcome P RSge, + rcs(age, 4) + sex + rcs(age, 4):sex + co-variates
Co-variates: medication burden + BMI + smoking status + anxiety + stroke + cancer +
Alzheimer's disease
Co-variates also include fasting time for analyses in the UK Biobank and depression for models
where depression is not the outcome.

no evidence for age-by-sex interactions

two of three non-linear age terms interact with sex

all three non-linear age terms interact with sex

Table 5.2: Non-linear age by sex e ects for each outcome.

mentary Table C.6 ). In CLSA, this was the case only for models of WBC count,
granulocyte count, and triglyceride levels (269 < 2 < 15811; Supplementary
Table C.7).

Regarding potential P RSy, interaction e ects, no consistent improvement in
model t is observed with the inclusion of either aP RSyep-by-age orP RSyep-by-sex
interaction term. Furthermore, main e ects of P RSy, are largely diminished with
the inclusion of anyP RSy, interactions (Figure 5.2D-1 ). Conversely, the inclusion
of an age-by-sex interaction term provided the largest improvement across all models
(22:40 < 2 < 249240; Supplementary Tables C.6-C.7 ) except for models of
CRP in CLSA ( 2=4:29, p=0.23). Main e ects of P RSy, also remained consistent
with the inclusion of an age-by-sex interaction termKigure 5.2C ). Overall, models
were signi cantly improved when age was modelled non-linearly and interacted with

sex, and no meaningful interactions wittP RSye, were observed.
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Figure 5.2: -log10(p-value) of main e ects oP RSye, in regression models withA)
linear age,B) non-linear age,C) non-linear age and an age-by-sex interaction term,
D) non-linear age and a PRS-by-age interaction ternk) non-linear age and a PRS-
by-sex interaction term, F) non-linear age, age-by-sex, and PRS-by-age interaction
terms, G) non-linear age, age-by-sex, and PRS-by-sex interaction termd) non-
linear age, age-by-sex, PRS-by-age, and PRS-by-sex interaction ter)snon-linear
age, age-by-sex, PRS-by-age, and PRS-by-sex interaction terms and a three-way age-
sex-PRS interaction term. Bonferroni correction for multiple testing alongside uncor-
rected p-value< 0.05 thresholds shown by the dashed lines.
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To visualize these e ects, we plotted model ts for each biomarker against age
split by P RSgep quintiles (Figure 5.3 ) and by sex Figure 5.4 ). The main e ects of
PRSgep (2:7 10 ' <p < 0:0096) and sex (¥ 10 ?° < p < 0:0034) are signi cant
across all biomarkers tested. There was no evidence foP &Sye,-by-age interaction;
individuals in the highest quintile of genetic risk had consistently elevated levels of
the biomarkers modeled when compared to individuals in lower quintiles of genetic
risk. Furthermore, the non-linearity, when present, is driven primarily by the female
subsample. Signi cant age-by-sex interaction e ects were observed across all models

except models of CRP levels and lymphocyte count in CLSAT§ble 5.2).

5.4.3 Sex-specic exploration

Higher genetic risk for depression was consistently associated with elevated WBC,
neutrophil/granulocyte, lymphocyte, and CRP levels in malesTable 5.3 ). An as-
sociation with elevated triglyceride levels was only observed in the male subgroup
in CLSA ( =0.03; p=0.02) and not in the UK Biobank (p=0.92) and together this

e ect was not signi cant (Stou er's p=0.32).

Across the female subgroups, the e ects 8fRSye, on WBC and neutrophil/granulocyte
counts were only observed in females who reported already having experienced menopause
(WBC: Stou er's p=3:83 10 3; neutrophil/granulocyte: Stou er's p=5:05 10 3).
Elevated lymphocyte and triglyceride levels were associated with higher genetic risk
for depression in females regardless of menopause status. No e ects on CRP levels

were observed for females across either cohort.

5.4.4 Mediation analysis

Across all biomarkers tested in the UK Biobank, the e ect ofP RSy, showed evi-
dence for mediation through a depression diagnosiaple 5.4 ). This mediation was
found to be bi-directional wherein the association betwedP RS, and a depression
diagnosis was also mediated by each of the biomarkers. In particular, the proportion

mediated by a depression diagnosis in mediation models of lymphocyte count was
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Figure 5.3: Interaction of age andP RSy, on various blood biomarkers. Curves
represent model ts (with margins for standard error) for the relationship between
age and the biomarker for di erent quintiles of PRSye, in the UK Biobank (left
column) and CLSA (right column). Linear regression was used for modelling and all
p-values are two-sided.
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Figure 5.4: Interaction of age and sex on various blood biomarkers. Curves represent
model ts (with margins for standard error) for the relationship between age and the
biomarker for males and females separately in the UK Biobank (left column) and
CLSA (right column). Linear regression was used for modelling and all p-values are
two-sided.
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Predictor ! Mediator ! Outcome Mediated Direct Proportion Total

PRS ! MDD ! WBC 3:17 10 *4 0.0140 0.0221 0.0143
PRS ! WBC ! MDD 2:98 10° 0.0187  0.0016 0.0187
PRS ! MDD ! Neutrophil 5:69 10 * 0.0127  0.0428 0.0133
PRS ! Neutrophil ! MDD 4:48 10 ° 0.0186  0.0024 0.0186
PRS ! MDD ! Lymphocyte 5:37 10 4 0.0093 -0.0613 0.0088
PRS ! Lymphocyte ! MDD 246 10 ° 0.0189 -0.0013 0.0189
PRS ! MDD ! CRP 7:42 10 *  0.0062 0.1065 0.0070
PRS ! CRP ! MDD 4:14 10° 0.0181  0.0023 0.0181
PRS ! MDD ! Triglyceride  9:36 10 * 0.0065  0.1259 0.0074
PRS I Triglyceride ! MDD 4:62 10 ° 0.0178  0.0026 0.0179
Depression as a mediator model: MDD  PRS + sex + rcs(age, 4) + sex:rcs(age, 4) + co-variates

Outcome model:  biomarker PRS + MDD + sex + rcs(age, 4) + sex:rcs(age, 4) + co-variates

Biomarker as a mediator model: biomarker PRS + sex + rcs(age, 4) sex:rcs(age, 4) + co-variates
Outcome model: MDD  PRS + biomarker + sex + rcs(age, 4) + sex:rcs(age, 4) + co-variates

Co-variates = BMI + smoking status + stroke + cancer + Alzheimer's disease
Note: E ects are reported from causal mediation analyses using nonparametric bootstrapped con dence
intervals (1000 iterations). All e ects are signi cant ( p-value < 0.05)

PRS =polygenic risk score; MDD =major depressive disorder; WBC =white blood cell;, CRP =C-reactive
protein; rcs=restricted cubic spline.

Table 5.4: Mediation models testing bidirectional mediation through a depression
diagnosis in the UK Biobank.

negative (proportion mediated = -0.05%), suggesting a small suppression e ect. The
largest mediation observed was through a depression diagnosis betwBdSqe, and
triglyceride levels (proportion mediated = 12.6%, 95% CI=[7.6%, 30%]) followed by
CRP levels (proportion mediated = 10.7%, 95% CI=[7.2%, 22%]). Mediation through
depression diagnosis in CLSA was only present in lymphocyte (proportion mediated =
6.4%, 95% CI=[1.8%, 15%]) and CRP (proportion mediated = 4.6%, 95% CI=[0.7%,
13%]) models Supplementary Table C.8 ).

Evidence of mediation by self-harm behaviours was observed only for responses to
the most general question \Ever thought that life was not worth living?" in models
of triglyceride levels (proportion mediated = 6.2%, 95% CI=[2.5%, 17%]), neutrophil
count (proportion mediated = 4.5%, 95% CI=[0.98%, 10%]), and WBC count (pro-
portion mediated = 2.8%, 95% CI=[0.34%, 6%]) $upplementary Table C.9 ). No

mediation was observed for responses to more granular self-harm questions tested.
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5.5 Discussion

Our results primarily highlight robust associations between genetic risk for depres-
sion and in ammatory peripheral biomarkers in mid-late life. After assessing 25
biomarkers and controlling for multiple tests, PRSs for depression remain associated
with elevated levels of white blood cell, granulocyte (specically neutrophil), and
lymphocyte counts, and C-reactive protein and triglyceride levels despite modelling
non-linearities in age to account for variation throughout the human lifespan, as well
as interactions with sex to account for sex-speci c experiences such as menopause.
These results were concordant across two large independent cohorts (UK Biobank:
n=337,321; CLSA: n=22,965), indicating that these ndings are not study speci c.

WBC, granulocyte, lymphocyte, and CRP are all indices of in ammation and
have previously been independently associated with major depressive disorder and
depressive symptoms (Orsolini, Pompili, et al., 2022; Beydoun et al., 2016). Elevated
triglyceride levels have also been implicated in activation of in ammatory media-
tors, and accumulation as a response to pathogen-activated in ammation (Welty,
2013; Dierendonck et al., 2022). These ndings suggest that a genetic predisposi-
tion for depression may also confer vulnerability for in ammation. Previous studies
have investigated this relationship in the other direction, identifying contributions
of in ammation-related genetics to depression (i.e., studying genetic variants in im-
mune genes and mMRNA expression) (Barnes, Mondelli, and Pariante, 2017; Musker,
Licinio, and Wong, 2018). In this study, we show consistent association between ge-
netic risk for depression and in ammatory biomarkers across the lifespan, but speci c
to subgroups of individuals.

Sex-di erences in depression is a well-known phenomenon with prevalence rates
estimated to be twice as high in females. Despite this, little is known about the
biological mechanisms that underlie the sex-speci c etiology of depression (Labaka et
al., 2018). Recent work have considered immunology and in ammation as potential
causes of this discrepancy (Kropp and Hodes, 2023; Derry et al., 2015). For example,

Sha ee et al. observed associations between depression and elevated levels of WBC
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in males and not in females (Sha ee et al., 2017). This contrasts with our ndings
where WBC count was elevated regardless of sex. However, we found that this asso-
ciation was only present in post-menopausal females, consistent with studies showing
elevated in ammatory markers as a result of menopause (Tang et al., 2022; Malutan
et al., 2014; Cushman et al., 1999). Sha ee et al. did not include any information on
menopausal status in their study and investigated a much younger cohort (aged 35-65
years). Furthermore, we identi ed male-speci c e ects of CRP across both investi-
gated cohorts, suggesting that elevated levels of CRP as a response to depression may
be modulated di erently in females. Population-based studies of CRP in depressed
individuals report inconsistent sex-speci city that is likely tied to depression sever-
ity. In both clinically obese and general urban-dwelling populations, elevated levels
of CRP has been associated with depressive symptoms (Taye et al., 2017; Vetter
et al., 2013). However, in adults with moderate to severe major depressive disorder,
elevated CRP is associated with symptom severity only in females, further reinforcing
the heterogeneity of this condition (Kehler-Forsberg et al., 2017).

We further examined the e ects of a depression diagnosis and suicide-related
thoughts and behaviours through mediation models and found that the associa-
tion between P RSy, and CRP is mediated by a depression diagnosis, but not by
a lack of will to live. This suggests that the mediated e ect through CRP may be
speci ¢ to the behavioural components of a depression diagnosis, such as lethargy
and fatigue, rather than psychiatric components such as anhedonia and suicidality
(Pedraz-Petrozzi, Neumann, and Sammer, 2020; Paolucci et al., 2018). Triglyceride
levels, however, are mediated by both depression diagnosis and suicidality, suggesting
that elevated triglyceride levels can indicate more than a manifestation of sedentary
behaviour and depression (M. Zhang et al., 2021; Y. Huang et al., 2021). All our
mediation models suggest that mediations by the biomarkers are much weaker than
mediations by a depression diagnosis.

We acknowledge that the source summary statistics used to develop our polygenic
risk scores di er between the UK Biobank and CLSA. This was done to remove bias

that occurs in the SNP selection when the source GWAS includes the population under
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investigation (as is the case for the UK Biobank in this study). We chose to retain the
UK Biobank summary statistics for our CLSA PRS to utilize the largest and most up-
to-date summary statistics available for depression. Our sensitivity analysis for UK
Biobank-exclusive PRS in CLSA show no signi cant changes in results. Furthermore,
our criteria for clinically acceptable ranges for the biomarkers tested in this study
are arbitrary. We chose to rely mostly on the Mayo Clinic's guidelines, but these
thresholds may vary across clinical institutions and circumstances.

Overall, we identi ed robust associations between genetic risk for depression and
peripheral biomarkers consistent with in ammation. We showed that these asso-
ciations are present throughout the lifespan but manifest in a sex-speci ¢ manner.
Strati cation by more granular sex-speci c factors, such as menopause status, showed
di erent patterns of associations between in ammatory markers and genetic risk for
depression. Biomarker speci city to subgroups of individuals can guide targeted
treatment and intervention. Our mediation analyses suggest that up to 13% (e.g.,
triglyceride levels) of the associations observed may be accounted for by a depression
diagnosis, but not the other way around. Considering this potential sex-dependency,
these ndings should encourage e orts to uncover genome-wide markers of sex-speci c

depression, which are needed to fully understand these sex-related interaction e ects.
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Exploration of the biopsychosocial
correlates of suicide attempt
resilience using explainable

machine learning

6.1 Abstract

Introduction:  Traditional approaches to modelling suicide risk often analyze in-
dividuals with psychiatric history separately from healthy controls. This paradigm
ignores the phenomenon of resilience in the face of psychiatric adversity, and con-

versely, acute or unexplained suicidality.

Objective: We aim to develop a two-stage resilience model of suicide in a large
population-based cohort using machine learning to identify modi able factors which
may protect against suicide despite a high burden of non-modi able risk factors and

psychiatric symptoms.

Materials and Methods: First, we trained a random forest classi er on 145 known

115
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psychiatric risk factors for suicide (e.g., traumatic and adverse life events, depressive
symptoms, and psychosocial factors) to predict self-reported lifetime suicide attempt
in the UK Biobank (N=10,838; mean age=52, SD=7.5 years; 70% female; 53% at-
tempted). Then, we t a second model on the prediction errors of the rst model

(a residual measure of “suicide attempt resilience') using extreme gradient boosting,
trained on a new set of 202 research-based and modi able factors (e.g., blood biomark-
ers, cognitive function, early life factors, health and medical history, lifestyle and en-
vironment, physical measures, sociodemographics, and genetic risk scores). Post-hoc
shapely additive explanations were calculated to determine feature importance for

each participant.

Results: Our rst-stage model of suicide attempt achieved an AUC of 0.94 and the

second-stage model further explained 17% of variance in the prior prediction errors.
Lower age at recruitment, higher age at rst sexual intercourse, and greater years of
education were identi ed as top features predicting suicide attempt resilience (i.e.,

individuals with no self-reported lifetime suicide attempt despite a high-risk pro le

of known risk factors).

Conclusion: The suicide attempt resilience framework presented here allows for a
better understanding of how modi able factors may mitigate risk of suicide despite the
presence of known risk factors. Identifying novel biopsychosocial correlates of suicide
attempt resilience can inform future research by uncovering putative interventional

targets for suicide prevention.

6.2 Introduction

Suicide prevention has been an increasing global public health priority. The United
Nations speci cally lists the reduction of suicide mortality rates by a third by 2030 as
an indicator for Sustainable Development Goal 3.4 (Division, n.d.). As a response, the

World Health Organization highlights this global target in their Comprehensive Men-
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tal Health Action Plan 2013-2030 Comprehensive mental health action plan 2013-
2030 2021). In order to understand temporal trends of suicide and assess whether
preventative methods are successful, epidemiological studies such as the Global Bur-
den of Diseases, Injuries, and Risk Factors Study (GBD) 2021 are required to quantify
the temporal trends and geographical distribution of suicide across demographic fac-
tors such as age group and sex (GBD 2021 Suicide Collaborators, 2025). Globally, the
GBD 2021 study did nd decreasing age-standardized mortality rates between 1990
and 2021. However, this varied greatly regionally, with some regions such as Central
Latin America experiencing a 38.9% increase in that same time period. Notably, the
GBD 2021 study also found high incidence-mortality ratios (calculated as the number
of both fatal and non-fatal suicide attempts divided by the number of deaths by sui-
cide) particularly in females across all regions but markedly so in high-income North
America. It is well established that a previous suicide attempt is a strong risk factor
for suicide mortality (GBD 2021 Suicide Collaborators, 2025; Franklin et al., 2017).
Combined with high incidence-mortality ratios, this would suggest that repeated non-
fatal suicide attempts may be contributing to these observed ratios. Conversely, the
incidence-mortality ratio can also be elevated by individuals who have had a non-fatal
suicide attempted but do not re-attempt. The di erentiation between those that re-
attempt and those that do not, and similarly between suicide attempters (whether
fatal or not) and non-attempters at large, can be conceptualized under a resilience
framework (X. Wang, Lu, and C. Dong, 2022).

Suicide resilience is a growing research concept aimed at overcoming limitations
of focusing solely on risk factors within a suicide prediction framework (X. Wang,
Lu, and C. Dong, 2022; Sher, 2019; Neeleman, 2002). Broadly, resilience is de ned
by the American Psychological Association as \the process and outcome of success-
fully adapting to di cult or challenging life experiences, especially through mental,
emotional, and behavioural exibility and adjustment to external and internal de-
mands." (VandenBos and American Psychological Association, 2015). Applied to
suicide, resilience is particularly relevant as most studied suicide risk factors are often

trait-level factors (such as trait impulsivity (Hadzic et al., 2019) and negative a ec-
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tivity (Goldston, Reboussin, and Daniel, 2006)), yet acute clinical risk predictors are
primarily state-level factors (Fawcett, 2012; Ballard et al., 2016). Therefore, identi-
fying proximal factors that confer this psychological exibility and adaptability and
bolster resilience in the presence of enduring (i.e., trait-level) factors and uncontrol-
lable circumstances (such as adverse life events (Dube et al., 2001; T. Foster, 2011))
0 ers a novel target for suicide prevention.

In this study, we aim to develop a two-stage machine learning model of resilience to
suicide attempts in a large population-based cohort. First, we de ne a residual-based
metric of suicide attempt resilience, denoted ag, then use explainable machine learn-
ing methods to prioritize a list of modi able factors associated withs. The suicide
attempt resilience framework presented in this study allows for a better understand-
ing of how modi able factors may bolster resilience to suicide attempts despite the

burden of known risk factors.

6.3 Materials and Methods

6.3.1 The UK Biobank

The UK Biobank is a large-scale dataset of approximately half a million volunteers liv-
ing throughout the United Kingdom. Participants were recruited from 2006 to 2010
and underwent extensive assessments including touch screen questionnaires about
their mental health and lifestyle and face-to-face interviews with study nurses regard-
ing their health and medical history (Bycroft et al., 2018). Physical measurements
such as anthropometrics, and blood, urine, and saliva samples were also collected at
baseline. Genome-wide genotyping performed using the UK Biobank Axiom Array
measured approximately 850,000 variants, with almost 90 million variants imputed
using the Haplotype Reference Consortium and UK10K + 1000 Genomes reference
panels (McCarthy et al., 2016; Jie Huang et al., 2015; The 1000 Genomes Project
Consortium et al., 2015).

Participants were also asked to complete a series of online follow-up questionnaires.
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Particularly important to this study, participants were given an online mental health
guestionnaire in 2016 [Category 136ttps://biobank.ndph.ox.ac.uk/showcase/
label.cgi?id=136 ]. In 2022, an expanded and updated version of the questionnaire,
now the mental well-being questionnaire [Category 1500tps://biobank.ndph.ox.
ac.uk/showcase/label.cgi?id=1500 ], was sent to participants again, regardless of
whether they completed the rst questionnaire in 2016.

We identi ed 10,878 (mean age=52, SD=7.5 years; 70% female) participants who
responded to the questionHave you harmed yourself with intention to end your life?"
on either the 2016 [Field ID 2048ttps://biobank.ndph.ox.ac.uk/showcase/
field.cgi?id=20483 ] or 2022 [Field ID 29116nttps://biobank.ndph.ox.ac.uk/
showcase/field.cgi?id=29116 ] questionnaire. As this question pertains to lifetime
attempts, participants who changed their answer fromYes" in 2016 to\No" in 2022
were removed from analysis. 53.2% (N=5,765) of this sample positively endorsed
at least one lifetime suicide attempt. It is important to note that this questions
was only posed to individuals who responded positively to the preceeding question
\Have you deliberately harmed yourself, whether or not you meant to end your life?"
[Field ID 20480https://biobank.ndph.ox.ac.uk/showcase/field.cgi?id=20480
and 2911 1nttps://biobank.ndph.ox.ac.uk/showcasef/field.cgi?id=29111 ]. Thus,
our comparators in this study are individuals who have a history of self-harm, but no

suicide attempt.

6.3.2 Resilience Framework

In this study, we apply a two-stage modelling approach to identify biopsychosocial
correlates of suicide attempt resilience. In stage 1, we train a random forest classi er
to predict self-reported lifetime suicide attempt. We chose 145 known risk factors for
suicide to use as predictors in this rst stage model. These features come from the
depression, traumatic events, and adverse life events sections of the mental health
guestionnaires, as well as the mental health category of the touch-screen question-
naires asked at recruitment. A full list of features included in the stage 1 model can

be found in Supplementary Table D.1
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We trained a random forest classi er to predict the binary response to lifetime
suicide attempt, splitting the whole sample into 80% training and 20% testing sets.
Each decision tree within the training set was fully grown on a randomly selected
80% of the samples and 80% of the features to reduce over tting. The only parameter
tuned in this training procedure was the number of total decision trees in the nal
random forest. A threshold of 0.001 was applied to the delta in optimization metric
{ in this case, test set AUC { for 5 consecutive additional decision trees.

Finally, we de ne suicide attempt resilience, s, with the residuals from the tted
random forest model from stage 1. We negate the di erence between the binary true
class value and the predicted probability of a self-reported lifetime suicide attempt
(i.e., response y = \Yes" or 1) quation 6.1 and equivalently, equation 6.2 ). We
carry forward this measure of suicide attempt resilience as the continuous response

variable for stage 2 modelling in our resilience framework.

s= 1 y P(y=1),; y2f01g (6.1)
8
2P(y=1); =0
- (y=1) y 6.2)

P(y=1) 1 y=1

In stage 2, we apply Extreme Gradient Boosting (XGBoost (T. Chen and Guestrin,
2016)) on regression trees to predict the continuous derived measure of suicide at-
tempt resilience, . First, we selected 202 research-based and modi able factors as
predictors for our stage 2 model. Importantly, there is no overlap in features between
the stage 1 and stage 2 models. The stage 2 predictors come from 14 di erent data
domains (seeSupplementary Table D.2  for a full list of features included in the
stage 2 model). Then, supervised feature selection was performed using ensemble
Minimum Redundancy Maximum Relevance (nRMRe (De Jay et al., 2013)) to se-
lect three features per domain. The nal feature space also included sex, assessment
centre, fasting time, age at recruitment, ethnic background, and six polygenic risk

scores for a total of 53 features.
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The XGBoost regression model was again trained on an 80% training set. Decision
trees were also subsampled to 80% of the samples and features and a grid search was
performed to select optimal tree depth and learning rate. The number of trees was
selected using the test set optimization metric, root mean squared error. Finally, post-
hoc Shapely Additive Explanations (SHAP values (Lundberg and S.-I. Lee, 2017))
were calculated using the trained stage 2 model to determine both global (i.e., for the

entire model) and local (i.e., for each individual participant) feature importance.

6.3.3 Polygenic Risk Scoring

In an additive model, polygenic risk scores (PRS) aggregate variant e ect estimates
derived from genome-wide association studies (GWAS) by calculating a weighted
sum across an individual's allelic dosages with the variant's e ect estimate providing
the corresponding weight. In this study, we use polygenic prediction via Bayesian
regression and continuous shrinkage priors (PRS-CS (T. Ge et al., 2019)) to non-
parametrically determine variant inclusion in the PRS calculation. We also apply
EraSOR to our GWAS summary statistics to account for sample overlap between
our UK Biobank sample and the source GWAS (S. W. Choi, T. S. H. Mak, et al.,
2022). We utilize freely available UK Biobank GWAS summary statistics from the
Pan-UK Biobank repository (Karczewski et al., 2024) and six large-scale GWASs on
Alzheimer's disease (Bellenguez et al., 2022), anxiety disorder (Otowa et al., 2016),
attention-de cit hyperactivity disorder (Demontis et al., 2023), opioid use disorder
(Polimanti et al., 2020), rheumatoid arthritis (Ishigaki et al., 2022), and suicide at-
tempt (Mullins, Kang, et al., 2022) to calculate the PRSs used in this study. We also
regress the rst 10 genetic principal components from the PRSs to account for ne

population structure.
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Self-reported lifetime
suicide attempt
Yes No

Random forest Yes 5131 810

model prediction No 634 4263

Table 6.1: Confusion matrix for the stage 1 random forest model. False positives
correspond to the binarized de nition of suicide attempt resilience,s

6.4 Results

6.4.1 Stage 1 Modelling of Lifetime Suicide Attempt

The optimal number of decision trees in the random forest was found to be 32, with
a training AUC of 0.995 and a testing AUC of 0.689 (seSupplementary Figure

D.1 for training and testing curves). The nal random forest model achieved an AUC
of 0.938 across the entire sample. The confusion matrix from our stage 1 model is

shown inTable 6.1 .

6.4.2 Stage 2 modelling of suicide attempt resilience

Suicide resilience,s (equation 6.2 ), is bimodally distributed (Supplementary Fig-

ure D.2 ). The optimal parameters for the XGBoost regression model t ons was
found to be a maximum tree depth of 5, a learning rate of 0.05 with 83 iterations.
This set of hyperparameters resulted in 19.5% of variance explained in the training
set and 2.5% in the testing set. The nal XGBoost regression model explained 16.9%

of variance in s across the entire sample.

Feature (years) Male Female t-statistic and p-value
Age at recruitment 52.0 (7.6) 52.2 (7.4) -1.02 (0.31)

Age at rst sexual intercourse 19.0 (4.6) 17.9 (3.5) 11.6 39 10 %)
Years of education 16.7 (4.4) 16.7 (4.3) 0.27 (0.79)

Table 6.2: Descriptive statistics and two-sample t-tests for the top 3 features for
predicting suicide attempt resilience s across sex.
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Figure 6.1: Top 10 features ranked by mean absolute SHAP value. Each point rep-
resents an individual, coloured by their corresponding feature value. SHAP values
are shown on the x-axis, with positive SHAP values indicating a positive impact on

model prediction (i.e., greater suicide attempt resiliencey).

Ranked by mean absolute SHAP value, the most important feature in the stage
2 model predicting s is the participant's age at recruitment. Speci cally, lower age
is associated with positive SHAP values. Descriptive statistics for the top 3 features,
grouped by sex are shown iMable 6.2. SHAP values for the top 10 important
features globally are plotted against participant feature values in a density plot shown
in Figure 6.1 . At the local, individual level, SHAP values show how individual
features a ect the model's nal prediction. We plot two representative examples for
A) the most resilient individual, andB) the most susceptible individual based on the

model's prediction inFigure 6.2 .

6.5 Discussion

Our two-stage modelling framework captures a latent measure of suicide attempt re-
silience, which we denote with 5, that aims to quantify an individual's ability to
avoid a suicide attempt despite the burden of known psychiatric risk factors such as

adverse and traumatic life events and recent feelings of depression. We identify corre-
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Figure 6.2: Individual SHAP values for representativé) resilient andB) susceptible
individuals showing how each feature impacts the nal model prediction.
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lates of s with an explainable machine learning model and highlight the importance
of sociodemographic factors such as aging, early sexual behaviour, and education.
This approach points to potential interventional targets that may bolster or increase
suicide attempt resilience.

The operationalization of resilience with a residual-based measure is most often
used in the context of aging and neurodegeneration { particularly as they relate to
cognition (Habeck et al.,, 2016), Alzheimer's disease (Bocancea et al., 2021), and
brain age (i.e., predicting chronological age from brain-based measures (S. M. Smith
et al., 2019)). Residual-based frameworks have been used extensively in the context of
cognitive reserves in the face of neuropathological insult (Stern et al., 2020). However,
some criticism on the statistical properties of residual-based analyses have been raised,
particularly regarding linear independence from the original measure being regressed
on and subsequent in ation of e ect estimates (Elman et al., 2022; Butler et al.,
2021). This concern is partially addressed with the non-linear properties of decision
tree-based models and is the very concept used by XGBoost (i.e., sequential tting
of weak decision trees on previous residuals to form a strong ensemble predictor). In
this study, we contextualize the modelling of tree-based residuals in a framework of
suicide attempt resilience with a more interpretable feature space. A higher measure
of g, or participants that are resilient, would be misclassi ed as a false positive in
a traditional risk prediction framework (i.e., our stage 1 model). By examining the
transformed residuals, we can examine this type 1 error further to gain more insight
into the predictors of suicide attempt resilience.

Our top predictor of suicide attempt resilience is lower age at recruitment, aligned
with current literature on suicide and aging (Shah, 2007; Shah, 2012) that highlights
a rise in late-life suicidality, particularly in men (De Leo, 2022; Shah et al., 2016;
Garnett, Spencer, and Weeks, 2023). There was no observed di erence in age across
sex in this sample Table 6.2 ). Itis important to note that both the predictors (i.e.,
adverse life events and traumatic events) and outcome (i.e., lifetime suicide attempt)
we chose for our stage 1 model accumulate across the lifespan and an older participant

is more likely to have experienced these events and thus be at a higher baseline level



CHAPTER 6. 126

of psychiatric burden. Therefore, lower age being an important predictor for suicide
attempt resilience may simply re ect a survivorship bias in the association between
age and suicide attempt.

The next most important predictor following age at recruitment is higher age at
rst sexual intercourse. This did di er by sex, with females being on average younger
than males at rst sexual intercourse Table 6.2 ). Globally, a positive association
between sexual intercourse during adolescence (i..e, aged 12{15 years) and suicide
attempts has been shown (pooled OR=2.12, 95% CI [1.98-2.27] (L. Smith et al.,
2020)). Early sexual initiation (ESI) has also been associated with suicidal thoughts
and behaviours in South Korean (before ninth grade (J. H. Yeo, E.-Y. Kim, and
M. T. Kim, 2021)), Chinese ( 15 years of age (Ren et al., 2022)), Indiarx(18 years
of age (Maurya, Muhammad, and Thakkar, 2023)), and American (13 years of age
(Baiden, Panisch, et al., 2021)) youth. ESI has also been linked with other adverse
mental health outcomes such as depression and polysubstance use (Hallfors et al.,
2004; Baiden, Canizares, et al.,, 2025). However, the long-term e ects of ESI on
psychosocial factors and mental health outcomes and how both change across the
lifespan, especially during a developmentally-important life stage such as adolescence
into adulthood, has yet to be fully investigated (Wesche et al., 2017). Longitudinal
studies have shown stable associations between ESI and subsequent high-risk sexual
behaviours, but not with depressive symptoms (Caminis et al., 2007; Kugler et al.,
2017). ESI has been observed in borderline personality disorder as well as substance
use disorder, both of which can manifest in adolescence (R. A. Sansone and L. A.
Sansone, 2011; Clark et al., 2020) and are associated with self-harm (Reichl and Kaess,
2021; Gupta et al.,, 2019). Furthermore, the associations between ESI and racial
identity, socioeconomic background, and pubertal maturation have been shown to be
mediated by working memory and impulsivity (Khurana et al., 2012). Both de cits in
working memory and impulsivity, in turn, have been associated with suicidal ideation
and past suicidal behaviour (Albanese et al., 2022; Gvion et al., 2015). Our ndings
suggest that the protective e ect of later sexual initiation during adolescence is present

and observable in adulthood.
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Finally, the third most important predictor of suicide attempt resilience is higher
years of education, or equivalently, higher educational attainment (EA). Observa-
tional studies of sociodemographic factors in the United States have shown higher
rates of suicide associated with lower EA (Phillips and Hempstead, 2017; Abel and
Kruger, 2005; Messias et al., 2025). However, these associations can di er based
on factors such as race and ethnicity (Assari et al., 2019). Similarly, in a study of
Norwegian residents, educational attainment was found to be protective of suicide
only in men and not women ( ien- degaard, Hauge, and Rene ot, 2021). Our nd-
ings align with observational literature that suggest low EA, combined with other
sociodemographic factors, is a risk factor for suicidal behaviour (Lorant et al., 2005).

Interestingly, Mendelian randomization studies of both ESI and EA as they relate
to intentional self-harm and suicide attempts show robust associations between the
sociodemographic factors and the suicide-related outcomes, mediated partially by
other psychiatric factors (such as depression) (D. Dong et al., 2024; Roso et al.,
2020; Zhu et al., 2024). These studies utilize genetics to infer the causal e ects of
a modi able exposure (i.e, ESI and EA) on an outcome of interest (i.e., suicide)
(Richmond and Davey Smith, 2022). Our stage 2 model includes PRSs that capture
similar genetic information (i.e., variant e ects from GWASS), albeit independently
for each exposure. Notably, PRS for suicide attempt is the next most important
feature, with lower genetic risk conferring higher suicide attempt resilience. While
genetic variants are not modi able, these Mendelian randomization studies alongside
our ndings of protective genetic e ects on suicide suggest that modi able factors

such as ESI and EA play a role in mediating genetic risk for suicide.

6.5.1 Limitations

This study methodologically collapses data from two time points|the 2016 and 2022
follow-up questionnaires|as a means to increase statistical power and allow for ma-
chine learning approaches that require substantive sample sizes to be applied. This
choice to model the data cross-sectionally as opposed to longitudinally limits the

ability to identify causal e ects on suicide attempt resilience. Furthermore, these two
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time-points span the duration of COVID-19, which may have majorly impacted the
participant's psychiatric burden as a confounding factor.

While population-based cohorts that draws from the general population allow for
the analysis of large and diverse samples (including individuals who may never seek
psychiatric care) with broad phenotypic and demographic data, they lack the detailed
clinical assessments, such as diagnosis, symptom severity, and treatment response
that a clinical cohort provides. This is especially useful in suicide-related research as
relying on participant self-report of a stigmatizing and often under-reported outcome
such as suicide attempts limits the reliability of our outcome measure. However,
clinical cohorts may su er from selection bias, only capturing individuals with more
severe psychiatric symptoms, greater treatment access, or those who have already
been identi ed as at risk due to prior interactions with the healthcare system. This
selection bias is also present in our study population due to the survey ascertainment
limiting our comparator group to those with some history of self-harm, resulting in
the high prevalence rates seen in this sample (53% with at least one lifetime suicide
attempt) that is not representative of the general population. Further replication is
needed in both independent population-based cohort studies and well-characterized

clinical cohorts.

6.5.2 Future Directions

The feature space of our stage 2 model was purposely de ned with predominantly
modi able risk factors in order to identify interventional targets to enhance resilience

to suicide. Ranking these features by importance is a rst step toward prioritizing
actionable targets. An important next step is to identify non-linear interactive e ects
that may moderate these high-ranking features. The Mendelian randomization dis-
cussed previously show some evidence for biopsychosocial interactions between ESI
and EA with suicide-related outcomes. Further quantifying interaction e ects may
highlight other potential biopsychosocial mediators beyond genetics (i.e., blood levels
of alkaline phosphatase is the fth-highest ranking predictor in this study). Replica-

tion in independent populations is also required to assess robustness of our ndings.
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6.5.3 Conclusion

Overall, the suicide attempt resilience framework presented in this study allows for a
better understanding of how modi able factors may mitigate risk of suicide despite
the presence of known risk factors. We identi ed biopsychosocial correlates of suicide
attempt resilience|particularly younger at time of study recruitment (i.e., midlife
compared to late-life), older at rst sexual intercourse, and higher years of educa-
tion. These ndings can inform future research by uncovering putative interventional

targets for suicide prevention strategies that focus on bolstering resilience.
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General Discussion and Future

Directions

7.1 Overview of Findings

We begin in Chapter 3 by assessing the current literature on applications of ma-
chine learning methods to suicide modelling. We conduct a systematic review of
over 2500 articles and reviewed 20 studies after article screening. First, we identi-
ed large heterogeneity across the studies reviewed regarding how suicide is de ned.
Outcomes de ned include suicide attempts, suicide mortality (i.e., death by suicide),
suicidal ideation, suicidal thoughts and behaviours, and broadly-de ned suicidality.
This limited our ability to draw conclusions that are robust across all studies. How-
ever, we still identi ed shared evidence for the biopsychocial model of suicide, namely
co-morbid psychiatric diagnoses, especially for MDD. These studies further support
the connection between suicide and depressidddction 1.2.1 ). Regarding biological
predictors, genetic ndings were inconsistent, with some studies reporting strong ef-
fects following a targeted genotyping approach, contrary to other studies that did not
nd polygenic risk scores as important predictors. Hypothalamic-pituitary-thyroid
axis activity was also identi ed a consistent biological predictor of suicide and has
been shown to be associated with HPA axis activity in animal models of repeated

stress (Helmreich et al., 2005)Section 1.2 ). Neuroimaging studies that incorporate

130
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psychosocial data are uncommon. Overall, future aiming to predict suicide-related
outcomes would benet from a greater breadth of biological characterizations and
more in-depth analyses of how they interact with psychological and social factors
that are known to be associated with suicide.

In Chapter 4 , we provide evidence supporting the operationalization of self-
harm into two distinct constructs of suicidal behaviour and nonsuicidal self-injury.
We demonstrate that linear models are able to di erentiate participants based on
this contrast and identify general psychopathology scores and obsessive compulsive
disorder rates as signi cant clinical factors in this distinction. We leverage the in-
terpretability of general linear models §ection 1.4.1) to explain how the clinical
features included in this study di erentiate participants across four classi cations of
self harm: no self-harm, nonsuicidal self-injury only, suicidal behaviour only, and a
combination of both. We extend the general linear model to a multinomial frame-
work to investigate the ordinal nature of these classi cations. While the relative risk
ratio for the combination group was the highest, we observed overlapping con dence
intervals across the risk ratios of the ordinal categories, lessening the reliability of our
interpretation of results (i.e., reliability under the XAl framework (Section 1.4.3)).
Our ndings provides clarity on the current debate in literature regarding the need
to further categorize self-harm $ection 1.1).

The TAY Cohort study ( Section 1.3.2 ) is ongoing and thus no data on deaths
by suicide is available and we are not able to draw conclusions regarding the sex
di erences in suicide attempt and suicide mortality Section 1.3.3 ). However, all
of the sex and gender variables included in this study (assigned sex at birth, gender
identity, gender diversity) were found to be signi cantly di erent across the self-
harm categories. Pairwise tests for group di erences also show signi cant di erences
between the nonsuicidal self-injury only group with the no self-harm group, and the
combination group with the no self-harm group. Interestingly, no signi cant group
di erences were observed with the suicidal behaviour only group. We observe further
evidence associating transgender/gender diverse identity with the nonsuicidal self-

injury group in our multivariate regression model comparing the group to the suicidal
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behaviour only group. However, this association only reached trend-level signi cance
(p=0.08).

While this study included diagnostic categories for depressive disorders and per-
sonality trait measures of depressivity, both of those psychiatric factors only showed
a statistically signi cant e ect in our univariate tests. Following the stress-diathesis
model of suicidal behaviour $ection 1.1.1 ), we were motivated to investigate poten-
tial biological mediators of the relationship between depression and suicidal behaviour
(Section 1.2.1) that may account for the lack of signi cant e ect of depression in
the multivariate models in our rst study.

In Chapter 5 , we examined the association between genetic risk for depression
and blood-based biomarkers (broadly relating to metabolic function, lipid accumula-
tion, overall health, and in ammation) in two independent, population-based cohort
studies (Section 1.3.2 ). We calculated PRSs for depression and show strong as-
sociations between the scores and depression diagnoSisction 1.3.4 ). We then
again leverage interpretable linear regression models to associate the scores with ve
biomarkers that replicated across both samples: white blood cell, neutrophil/granulocyte,
and lymphocyte counts, and C-reactive protein and triglyceride levels. In our mod-
els of these biomarkers, we include a non-linear representation of age in the feature
space using restricted cubic splines. This follows the XAl principle of transparency
(Section 1.4.3) as we can readily describe the polynomial transformation applied
to participants' ages, a choice motivated by the known non-linear presentation of
depressive symptoms across the lifespaBdction 1.3.3 ). Higher genetic risk for de-
pression was associated with elevated measures across all ve biomarkers, even after
controlling for non-linear age e ects. Given the known sex di erences in depression
(Section 1.3.3 ), we t sex-strati ed models and identi ed male-speci c e ects for C-
reactive protein levels and female-speci c e ects for triglyceride levels. These ndings
contribute to a better understanding of the link between in ammation and depression
(Berk et al., 2013; Beurel, Toups, and Nemero , 2020).

We also investigated these associations in the context of suicide by performing

bi-directional mediation analyses with responses to questions pertaining to suicidal
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thoughts and behaviours. We found evidence for mediation only with responses to
the question \Ever thought that life was not worth living?" and not with either
\Ever contemplated self-harm?" nor \Ever self-harmed?". This would suggest that
the mechanisms of action between genetic risk for depression and in ammation are
moderated by suicidal ideation, but not by more severe ideation or suicidal behaviour.
This may suggest that biological diatheses indexed by genetic risk for depression and
blood-based biomarkers are more relevant to the ideation phases of the ideation-to-
action theories of suicide $ection 1.1.2 ). Thus, we were motivated to investigate
the predictors of suicide resilience to further understand the di erentiating factors
between ideation and action.

In Chapter 6 , we apply more advanced machine learning methods to implicitly
test for the dispositional contributors and pre-motivational factors of suicidal be-
haviour by modelling lifetime suicide attempt with PPEs Section 1.1.2 ). We then
follow the Whole Person Modelling framework and apply a two-stage resilience frame-
work to explicitly test for biopsychosocial predictors of suicide resilience&éction
1.3.1). We chose tree-based models for both stages of modellirge¢tion 1.4.2)
and focused on the explainability of the modelsSection 1.4.3) to identify factors
associated with suicide resilience. We employ both classi cation and regression de-
cision trees in this study. The former for the stage 1 model classifying self-reported
lifetime suicide attempt and the latter for the stage 2 model predicting our novel
suicide resilience metric. The bias-variance trade-o observed in this models indicate
some level of over- tting, especially in the stage 2 modelling. We do not observe a
double descent in the testing error, likely due to the feature selection and regulariza-
tion techniques applied in our framework that drastically reduced model complexity
(Section 1.4).

We found that being younger at time of study recruitment (i.e., midlife compared
to late-life), older at rst sexual intercourse, and having more years of education
were the top three most important features in our model of suicide resilience. The
protective e ect of midlife (vs. late-life) is consistent with ndings that show elevated

suicide rates in the oldest age groupsSéction 1.3.3 ) and further emphasize the
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need to understand changes in suicide vulnerability across the lifespan. Interestingly,
other demographic features such as sex and ethnicity do not rank highly in terms of
global feature importance across our feature space. Our resilience-based framework
places more emphasis on social factors which can be prioritized for further study, for

example, through the development and testing of targeted interventional e orts.

7.2 Limitations

There are several important limitations across the three studies included in this the-
sis. First, while all three datasets used in these studies|the TAY Cohort Study, the
CLSA, and the UK Biobank|come from longitudinal studies, the data were ana-
lyzed cross-sectionally. This restricts interpretation of results as we cannot infer any
true causal mechanisms underlying the disease process. This is particularly limit-
ing in our third study (Chapter 5 ) as di erent variables were captured at di erent
time points (i.e., at recruitment vs. online follow-up) but combined into one cross-
sectional study. Associations derived from these studies must be interpreted in the
context of this measurement delay (which can be anywhere from months to years
depending on what is being measured). As these longitudinal studies (among oth-
ers: https://www.landscaping-longitudinal-research.com/ ) mature and more
repeated time points become available for study participants, re-analyses with lon-
gitudinal methods such as linear mixed e ects models will be warranted (Murphy,
Weaver, and Hendricks, 2022).

Second, the use of population-based cohort studies also limit our ability to directly
test theoretical constructs that de ne the ideation-to-action theories of suicide (i.e.,
thwarted belongingness and perceived burdensomeness from the IPTS; defeat and
entrapment from the IMV; and pain and hopelessness from the 3ST) as they are not
routinely measured in larger studies. The use of proxy features requires assumptions
that are di cult to substantiate without the necessary data collected. Instead, we use
these theories to inform analytical choices and interpretation of results. Adoption of

standardized and validated suicide assessment scales in large-population based cohort
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studies is necessary to empirically test these theory-driven constructs,

Third, generalizability of our ndings are limited either by sample characteristics
or by restrictive inclusion criteria. The TAY Cohort Study used in our rst study
(Chapter 3 ) is a population of treatment seeking transitional-aged youth. Find-
ings from this clinical population have not been shown to generalize to the general
population of a similar age, where incidence of co-occurring psychiatric indications
can be assumed to be lower. The UK Biobank and the CLSA, on the other hand,
are population-based cohorts of mid- to late-life individuals. However, in our second
study (Chapter 4 ), we did not calculate cross-ancestry polygenic risk scores which
have been shown to perform better than single-ancestry scores and have the added
bene t of maximizing the available sample size (Ruan et al., 2022). Instead, we re-
strict our analyses to individuals of European genetic ancestry. Thus, results from
our second study, while robustly shown across two populations, have not been shown
to generalize to individuals of di erent genetic ancestry.

Finally, technical limitations of the statistical models used in our studies must be
considered. These arise from multiple decision points throughout the study's ana-
lytical approach. For example, choice of imputation method to handle missing data,
choice of machine learning architecture and subsequent hyperparameter optimization,
choice of inclusion and exclusion criteria at both the participant and feature level re-
sulting in potential collider and confounder biases (Tennies, Kahl, and Kuss, 2022).
While a comprehensive approach can be taken to address these limitations, such as
with the software packages MICE (Buuren and Groothuis-Oudshoorn, 2011) or Op-
tuna (Akiba et al., 2019), these decision points ultimately a ect the results of the
study. Further comparative studies across these limitations, either as follow-up or

sensitivity analyses are required to increase the robustness of our ndings.
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7.3 Future Directions and Next Steps

7.3.1 Suicide Nomenclature

It is imperative that a consistent suicide nomenclature regarding self-harm and the
role of intent is established in literature. Without such guidelines, bespoke scales
and measurement tools for suicide-related outcomes will continue to be developed
(Andreotti et al., 2020). While the psychometric properties of such measurement
tools can be established, this lack of consistency hinders the ability to conduct cross-
study meta-analytic approaches in the future, which require similarly operationalized
constructs to appropriately pool estimates. Future studies of mechanisms of action,
e cacy of treatment and intervention, and epidemiological statistics will bene t from

a consistent nomenclature for de ning suicide-related outcomes.

7.3.2 Replication Across the Life Span

Global estimates of suicide rates increase with age, peaking in those aged 70 years
and older (GBD 2021 Suicide Collaborators, 2025). Psychosocial factors similarly
vary across the life span, with di erent stressors and biological mechanisms arising
across di erent developmental life stages. For example, puberty (D. Lee et al., 2020;
Ho, Gifuni, and Gotlib, 2022) and menopause (Nakanishi et al., 2023; Moon et al.,
2024) are distinct life stages that have been independently associated with suicidal
thoughts and behaviours. Future studies aimed at identifying biopyshcosocial cor-
relates of suicide-related outcomes would bene t from a developmental perspective,
either through replication of studies across di erent life stages, or with longitudinal

studies that span larger, distinct developmental phases.

7.3.3 Sex and Gender Considerations

Gender di erences in suicide attempts and suicide mortality are well documented
(Canetto and Sakinofsky, 1998). Global rates of suicide incidence support the notion

that females attempt suicide more often than males, but males are more likely to die
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from their attempts (GBD 2021 Suicide Collaborators, 2025). This observation is
often attributed to di erences in choice of method and the corresponding lethality of
that method (K. Tsirigotis, Gruszczynski, and M. Tsirigotis, 2011; Berardelli et al.,
2022). Relatively few studies have been done to identify the neurobiological correlates
of this sex dierence in suicidal behaviour. Sex-strati ed analyses of postmortem
brain tissue from the dorsolateral prefrontal cortex of suicide completers and controls
show di erentially expressed genes in a sex-speci ¢ manner (Cabrera-Mendoza et al.,
2020). Studies of in ammatory biomarkers and sex hormones also show sex-speci c
associations with suicide vulnerability (Lombardo, 2021). However, these studies do
not investigate the e ects of gender on these biological associations between sex and
suicide despite increased suicide risk among gender minorities (Wolford-Clevenger et
al., 2017; Rimes et al., 2019) and potential genetic and epigenetic contributions to
gender incongruence (Polderman et al., 2018; Ramirez et al., 2021). Future studies
of the sex di erences in suicide would bene t from thoughtful study design that will
allow for the disentanglement of sex as a biological construct and gender as a social,

environmental construct and their corresponding e ects on suicide vulnerability.

7.3.4 Ecological Momentary Analyses

Ecological momentary assessment (EMA) studies repeatedly collect real-time data on
study participants in their natural environment, minimizing recall bias and maximize
ecological validity of the data (Shiman, Stone, and Hu ord, 2008). The assess-
ments in EMA studies can be either signal-contingent or event-contingent, with the
former often being administered with a randomly or pseudo-randomly sampled sched-
uled (i.e., randomly sampled within speci ed time blocks of morning and evening).
Fixed sampling can also be used and is most commonly seen with daily EMAS.
Event-contingent sampling refers to an assessment that is administered when a pre-
speci ed event occurs (such as a social interaction (P. H. Himmelstein, Woods, and
Wright, 2019)). Several EMA studies have been conducted in suicide research, largely
with signal-contingent sampling (Kivel et al., 2022; Winstone et al., 2024; Sedano-

Capdevila et al., 2021). The acute nature of suicidal ideation and its associated risk
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factor make EMAs suitable for the detection of novel predictors of suicide risk. For
example, EMAs have been incorporated with passive sensor data (i.e., Fitbit sensor
wristbands) for the prediction of short-term suicidal ideation, though no substantial
predictive power was observed in the sensor data (Czyz et al., 2023).

EMA studies hold potential for overcoming recall bias (Schoeler, Pingault, and
Kutalik, 2025) and ethical implications (Shade, Coon, and Docherty, 2019) that sur-
rounds reporting of suicidal behaviours in traditional population-based studies while
still providing a naturalistic environment that clinical studies cannot (Jobes, Bryan,
and Neal-Walden, 2009). However, EMA studies of suicide must proceed with cau-
tion as the inherently high participant burden can be triggering especially during
high suicide risk periods that event-contingent sampling relies on (Ball et al., 2025).
Researchers must also consider their responsibility of intervention when high suicide
risk is reported and how that can a ect the remainder of the EMA study (Bentley
et al., 2024).

EMAs have been used to study tobacco dependence in relation to baseline func-
tional magnetic resonance imaging (fMRI) data (Wilson, Smyth, and MacLean, 2014)
and to study depressive symptoms in relation to baseline electroencephalography
(EEG) data (Putnam and McSweeney, 2008). Both studies do not administer the
EMAs during the same time period as the fMRI or EEG data collection. However,
EMAs have been used in conjunction with daily sleep EEG data in relation to stress
(Yap et al., 2022), showing one application of near real-time brain-based monitor-
ing. EMA studies in suicide research are also becoming increasingly common as Al
methods are applied to analyzing self-report EMA data (Melia et al., 2025). Overall,
advancements and increased commercialization of wearable devices and sensors (in-
cluding EEG devices (Perez and Zeadally, 2021)) will only bene t suicide research,

and EMA studies are a potential suitable avenue for analyzing these data.

7.3.5 Neuroimaging Correlates

In this thesis | discuss the biological correlates of suicide primarily through a biomarker

and genetic perspective. However, there has been a substantial amount of research
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on structural and functional brain imaging for suicide that | have not touched on
(Dobbertin et al., 2023; Schmaal et al., 2020; Cox Lippard, Johnston, and Blumberg,
2014). A wide range of brain regions have been associated with suicidal thoughts and
behaviours, including the prefrontal, cingulate, and insula cortices, amygdala, hip-
pocampus, thalamus, and striatum regions. In our review of Whole Person Models
of suicide using machine learning, we excluded the majority of these neuroimaging
studies on the basis of failing to integrate other psychosocial features in the study
(Tio, Misztal, and Felsky, 2023). Future studies would bene t from the integration

of neuroimaging-derived features with other biopsychosocial features to identify po-
tential interactive e ects with brain structure and function that can moderate risk

for suicide.

7.4 Final Conclusions

In summary, the works contained in this thesis further our scienti ¢ understanding of
the biopsychosocial drivers of suicidal behaviour and their interplay with genetic risk
for depression and in ammation. These works also contribute to the growing eld of

machine learning in mental health. The key ndings are as follows:

" In Chapter 3 : We systematically review the emerging literature on machine
learning models of suicide that incorporate biological, psychological, and so-
ciological data. Twenty papers were reviewed, and found that psychological
features, such as depressive symptoms and co-morbid psychiatric diagnoses,
are most important for predicting suicide-related outcomes. Biological factors
show inconsistent predictive e ects, and sociological factors are not prioritized
in most studies. Overall, heterogeneity in suicide outcomes prevents consistent

comparisons between the biopsychosocial factors across di erent studies.

In Chapter 4 : We show that statistical models are able to robustly di erentiate
suicidal behaviour from nonsuicidal self-injury and identify obsessive-compulsive

disorder rates as a clinically-relevant distinguishing factor. We also show that
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greater general psychopathology is associated with the combination of both
suicidal behaviour and nonsuicidal self-injury to a greater extent than to either

behaviour alone.

In Chapter 5 : We show that models associating genetic risk for depression and
peripheral biomarkers are improved by modelling age non-linearly and including
interactive e ects with age and sex. We also show sex-speci city for specic
biomarker associations and that a lack of will to live, but not self-harm, mediates

these associations.

In Chapter 6 : We show that lower age (i.e., midlife compared to late-life),
higher age at rst sexual intercourse, and greater years of education are the

most important features predictive of suicide resilience.

Taken together, these studies may inform e orts in suicide prevention by highlighting
modi able risk factors of suicide. With guided interventional targets, future work

may mitigate the transition from ideation to action and bolster resilience to suicide.
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Electronic
Database

Search Terms

EMBASE

(suicid*) and (\machine learning" or \arti cial intelligence" or \deep
learning”) and (predict* or classif*)).mp. [mp=title, abstract, head-
ing word, drug trade name, original title, device manufacturer, de-
vice trade name, keyword heading word, oating subheading word,
candidate term word]

MEDLINE

(suicid*) and (\machine learning" or \arti cial intelligence" or \deep
learning”) and (predict* or classif*)).mp. [mp=title, book title, ab-
stract, original title, name of substance word, subject heading word,
oating subheading word, keyword heading word, organism supple-
mentary concept word, protocol supplementary concept word, rare
disease supplementary concept word, unique identi er, synonyms,
population supplementary concept word, anatomy supplementary
concept word]

PsychINFO

(suicid*) and (\machine learning" or \arti cial intelligence" or \deep
learning") and (predict* or classif*)).mp. [mp=title, abstract, head-
ing word, table of contents, key concepts, original title, tests & mea-
sures, mesh word]

PubMed

"suicid*"[All Fields] AND ("machine learning"[MeSH Terms] OR
("machine"[All Fields] AND "learning"[All Fields]) OR "machine
learning"[All Fields] OR ("arti cial intelligence"[MeSH Terms] OR
("arti cial"[All Fields] AND "intelligence"[All Fields]) OR "arti -

cial intelligence"[All Fields]) OR ("deep learning"[MeSH Terms] OR
("deep"[All Fields] AND "learning"[All Fields]) OR "deep learn-
ing"[All Fields])) AND ("predict*[All Fields] OR "classif*"[All
Fields])

Web of Science

((ALL=(suicid*)) AND ALL=((\machine learning") OR (\arti cial
intelligence”) OR (\deep learning"”))) AND ALL=((predict*) OR
(classif*))

Table A.1: Search terms used to identify records across the ve electronic databases

considered.
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Authors Title EST Risk MCM Risk Overall
bias of bias of risk of
rating bias rating bias bias

Allese Deep Learning for 4 low 5 low low

et al. Cross-Diagnostic

Prediction of
Mental Disorder
Diagnosis and
Prognosis Using
Danish Nationwide
Register and
Genetic Data

Barak-  Improving risk 8 high 10 high high
Corren  prediction for target
et al. subpopulations:

Predicting suicidal
behaviors among

multiple sclerosis

patients

Cho et Developmentofa 7 low 7 low low
al. Suicide Prediction

Model for the

Elderly Using

Health Screening

Data

Cho et  Prediction of suicide 6 low 13 high moderate
al. among 372,813

individuals under

medical check-up

High-risk is de ned as a score>7. Overall risk is determined by concordance of the
individual assessments.

Table A.2: Risk of bias assessment using a modi ed version of the Risk of Bias
Instrument for Cross-Sectional Surveys of Attitudes and Practices.



APPENDIX A.

144

Authors Title EST

bias
rating

Risk
of
bias

MCM
bias
rating

Risk
of
bias

Overall
risk of
bias

Edgcomb
et al.

Assessing Detection of 14
Children With
Suicide-Related
Emergencies: Evaluation
and Development of
Computable

Phenotyping Approaches

high

14

high

high

Lyall et
al.

Subjective and objective 13
sleep and circadian
parameters as predictors

of depression-related
outcomes: A machine
learning approach in UK
Biobank

high

12

low

moderate

Roza et
al.

Suicide risk classi cation 8
with machine learning
techniques in a large
Brazilian community
sample

low

low

low

Wang et
al.

Prediction of Suicidal 13
Behaviors in the
Middle-aged Population:
Machine Learning

Analyses of UK Biobank

high

15

high

high

Yang et
al.

Establishment of arisk 8
prediction model for
suicide attempts in
rst-episode and drug

nasve patients with

major depressive

disorder

low

15

high

moderate

Balbuena
et al.

Identifying long-term 9
and imminent suicide
predictors in a general
population and a clinical
sample with machine
learning

low

11

low

low
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Campos
et al.

Clinical, demographic, 10 low 12
and genetic risk factors

of treatment-attributed

suicidality in >10,000

Australian adults taking

antidepressants

low

145

low

Grendas
et al.

Comparison of 7 low 7
traditional model-based

statistical methods with

machine learning for the

prediction of suicide

behaviour

low

low

Joo et
al.

Association of 7 low 8
Genome-Wide Polygenic

Scores for Multiple

Psychiatric and Common

Traits in Preadolescent

Youths at Risk of Suicide

low

low

Lozupone Apolipoprotein E 9 low 9

et al.

genotype, in ammatory
biomarkers, and
non-psychiatric
multimorbidity
contribute to the suicidal
ideation phenotype in
older age. The Salus in
Apulia Study

low

low

Tate et
al.

A genetically informed 13 high 14
prediction model for

suicidal and aggressive

behaviour in teens

high

high

van
Velzen
et al.

Classi cation of suicidal 7 low 9
thoughts and behaviour

in children: results from

penalised logistic

regression analyses in the

Adolescent Brain

Cognitive Development

study

low

low




APPENDIX A. 146

Li et al. Identifying clinical risk 8 low 8 low low
factors correlate with
suicide attempts in
patients with rst
episode major depressive

disorder
Oppen- Informing the study of 10 low 10 low low
heimer  suicidal thoughts and
et al. behaviors in distressed

young adults: The use of
a machine learning
approach to identify
neuroimaging,
psychiatric, behavioral,
and demographic

correlates
Ge et Identifying Suicidal 10 low 10 low low
al. Ideation Among Chinese

Patients with Major
Depressive Disorder:
Evidence from a

Real-World

Hospital-Based Study in

China
Haines- Testing Suicide Risk 17 high 14 high high
Delmont Prediction Algorithms
et al. Using Phone

Measurements With
Patients in Acute Mental
Health Settings:
Feasibility Study

High-risk is de ned as a score>12. Overall risk is determined by concordance of the
individual assessments.

Table A.3: Risk of bias assessment using the Risk of Bias Instrument for Cross-
Sectional Surveys of Attitudes and Practices.
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Study Outcome Machine Validation Model Per- Important Predictors* Total #
Learning formance of Pre-
dictors
Alles e suicide Feed-forward 10% of the sam- AUC = 0.48, Individual genotypes: reduction in 9 cate-
et al, neural  net- ple was used for accuracy = prediction accuracy = 1.98 (1.51, gories of
2023 work hyperparameter  se- 99.84% 2.71)% predic-
lection with  3-fold tors
cross-validation
Alles e suicide Feed-forward 10% of the sam- AUC = 0.90, Individual genotypes:  reduction 9 cate-
et al, attempt neural  net- ple was used for accuracy = in prediction accuracy = 10.27 gories of
2023 work hyperparameter  se- 81% (9.25,11.50) %. Psychiatric disor- predic-
lection with  3-fold ders: reduction in prediction accu- tors
cross-validation racy = 10.67 (10.54, 10.81) %
Barak- Suicidal Nave Internal validation ROC = 0.77, Other and unspecied noninfec- Total
Corren be- Bayesian was conducted with speci city = tious gastroenteritis and colitis: number
et al, haviour classi er a testing subset that 90%, OR = 4.5 (distance from the mean of predic-
2023 is half the size of the sensitivity = in SDs = 1.35); Other chronic pain: tors not
cohort 0.37, PPV = OR = 4.3 (distance from the mean explicitly
0.02, NPV = in SDs = 1.35); Brachial neuritis or stated
1 radiculitis NOS: OR = 4 (distance
from the mean in SDs = 1)
Edgcomb  Suicide- LASSO Internal valida- Sensitivity = ICD-10: depressive  disorders: 84
et al., related regression tion was conducted 0.86, median coecient from cross-
2023 cases with  10-fold  cross- speci city = validation = 0.87; Hispanic:
validation 0.91, median coecient from cross-
accuracy = validation = 0.84; Antihistamines:
0.88 median coecient from cross-
validation = -0.81; Prior 365
day hospitalization: median co-
ecient from cross-validation =
-0.77; Alcohol: median coe cient
from  cross-validation = 0.57;
Psychiatric  admission: median
coecient from cross-validation
= 0.56; ICD-10 Group: Mental
Health Symptom: median coe -
cient from cross-validation = 0.47;
Injectables: median coe cient
from cross-validation = 0.47
Edgcomb  Suicide- Random for- Internal valida- Sensitivity = ICD-10: depressive disorders: me- 84
et al., related est tion was conducted 0.86, dian feature importance from cross-
2023 cases with  10-fold cross- speci city = validation = 0.05; Psychiatric ad-
validation 0.91, mission:  median feature impor-
accuracy = tance from cross-validation = 0.05;
0.88 Patient age: median feature impor-
tance from cross-validation = 0.03;
State Area Deprivation Index: me-
dian feature importance from cross-
validation = 0.03; National Area
Deprivation Index: median feature
importance from cross-validation =
0.03; Site: median feature im-
portance from cross-validation =
0.03; Involuntary legal status: me-
dian feature importance from cross-
validation = 0.02; ICD-10 Group:
Other Medical Condition: me-
dian feature importance from cross-
validation = 0.02
Lyall Suicidality Ridge pe- Internal validation Area under NA (absolute values of coe cients NA
et al, nalized was conducted with a ROC curve not reported)
2023 regression testing subset that is = 0.63,
25% of the data sensitivity =
50.48%,
speci city =
69.35%,
accuracy =
68.12%
Roza suicide Elastic net Internal validation AUC = Rank by feature importance (top 30
et al, risk regulariza- was conducted with 0.773, AUC 3): Sad/depressed in last 7 days;
2023 tion nested 10-fold cross- PR = 0.439, HRV Triangular index; Felt not so
validation sensitivity = good as other people in last 7 days
0.747,
speci city =
0.659
Roza suicide Nave Bayes Internal validation AUC = Rank by feature importance (top 18
et al, risk was conducted with 0.798, AUC 3): # days sad/incapable of enjoy-
2023 nested 10-fold cross- PR = 0.566, ment last 7 days; Felt not so good
validation sensitivity = as other people in last 7 days; De-
0.922, pression symptoms
speci city =

0.473
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Roza suicide Random for- Internal validation AUC = Rank by feature importance (top 30
et al, risk est was conducted with 0.814, AUC 3): Felt not so good as other peo-
2023 nested 10-fold cross- PR = 0.598, ple in last 7 days; Depression symp-
validation sensitivity = toms; # days sad/incapable of en-
0.630, joyment last 7 days
speci city =
0.792
Roza suicide Ensemble Internal validation AUC = Rank by feature importance (top 30
et al, risk was conducted with 0.811, AUC 3): Felt not so good as other peo-
2023 nested 10-fold cross- PR = 0.596, ple in last 7 days; Sad/depressed in
validation sensitivity = last 7 days; # days sad/incapable
0.899, of enjoyment last 7 days
speci city =
0.510
Wang Short Light Internal validation AUC = Rank by feature importance (top 20
et al, term gradient- was conducted with 0.888, 2): History of psychiatric disorders;
2023 suicidal boosting strati ed 10-fold sensitivity = Have you ever seen a psychologist
be- machine with cross-validation and 57.85%, for nerves, anxiety, tension or de-
haviour balanced further validated in speci city = pression?
bagging subsets of the cohort 95.11%
with diering genetic
susceptibilities
Wang Long Light Internal validation AUC = Rank by feature importance (top 20
et al, term gradient- was conducted with 0.852, 2): History of psychiatric disorders;
2023 suicidal boosting strati ed 10-fold sensitivity = Have you ever seen a psychologist
be- machine with cross-validation and 54.74%, for nerves, anxiety, tension or de-
haviour balanced further validated in speci city = pression?
bagging subsets of the cohort 94.05%
with diering genetic
susceptibilities
Yang Suicide LASSO Internal validation AUC = Anxious symptoms: OR = 5.994 all re-
et al, attempt regression was conducted with a 0.720, (95% ClI = 3.208, 11.197); Psy- tained
2023 testing subset that is threshold chotic symptoms: OR = 3.572 predic-
30% of the data probabilities (95% CI = 2.526, 5.052); Thyroid tors from
= 20-60% peroxidase antibodies: OR = 2.061 penalized
(95% CI = 1.49, 2.85); Serum total regres-
cholesterol: OR = 1.461 (95% CI = sion
1.081, 1.975); Anti-thyroglobulin:
OR = 1.338 (95% CI = 0.936,
1.913); Subclinical hypothyroidism:
OR = 1.172 (95% ClI = 0.841,
1.633); High density lipoprotein
cholesterol: OR = 0.487 (95% CI
= 0.309, 0.768)
Balbuena  Suicide Cox  regres- Internal validation AUC Females: Daily smoking: HR = Total
et al., sion was conducted with calculated at 1.52 (95% CI = 1.08, 2.14); Mood number
2022 a testing subset of 267 months symptoms: HR = 1.11 (95% CI = of predic-
unspeci ed size follow-up: 1.02, 1.21); Proportion of county tors not
Females = with low income: HR = 1.09 (95% explicitly
0.38 Cl=1,117) stated
Balbuena  Suicide Cox  regres- Internal validation AUC Males: Daily smoking: HR = 2.06 Total
et al, sion was conducted with calculated at (95% ClI = 1.21, 3.51); Triglyc- number
2022 a testing subset of 267 months erides: HR = 1.28 (95% CI = 1, of predic-
unspeci ed size follow-up: 1.64); Proportion of county with tors  not
Males = 0.57 low income: HR = 1.23 (95% CI = explicitly
1.08, 1.40) stated
Balbuena  Suicide Random sur- Internal validation AUC Females feature rank: 1. Mood Total
et al, vival forest was conducted with calculated at symptoms; 2. Proportion of county number
2022 a testing subset of 267 months with low income; 3. Daily smoking of predic-
unspeci ed size follow-up: tors not
Females = explicitly
0.50 stated
Balbuena Suicide Random sur- Internal validation AUC Males feature rank: 1. Married; Total
et al., vival forest was conducted with calculated at 2. Mood symptoms; 3. Lives with number
2022 a testing subset of 267 months spouse/partner of predic-
unspeci ed size follow-up: tors  not
Males = 0.43 explicitly
stated
Campos  Treatment- Nawe Bayes Internal validation AUC = 0.713 NA (coe cients in the feature se- NA
et al, associated was conducted with a lection procedure are reported, but
2022 suicidal testing subset that is not for post-hoc analysis of the
ideation 33.3% of the data and trained models)

further external vali-
dation was conducted
(bi-directionally)

with the Australian
Genetics of Bipolar
Study (AGBS)
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Campos Treatment-  Decision tree Internal validation AUC = 0.573 NA (coe cients in the feature se- NA
et al, associated was conducted with a lection procedure are reported, but
2022 suicidal testing subset that is not for post-hoc analysis of the
ideation 33.3% of the data and trained models)
further external vali-
dation was conducted
(bi-directionally)
with the Australian
Genetics of Bipolar
Study (AGBS)
Campos  Treatment-  AdaBoost Internal validation AUC = 0.770 NA (coe cients in the feature se- NA
et al, associated was conducted with a lection procedure are reported, but
2022 suicidal testing subset that is not for post-hoc analysis of the
ideation 33.3% of the data and trained models)
further external vali-
dation was conducted
(bi-directionally)
with the Australian
Genetics of Bipolar
Study (AGBS)
Campos Treatment- Random for- Internal validation AUC = 0.750 NA (coe cients in the feature se- NA
et al, associated  est was conducted with a lection procedure are reported, but
2022 suicidal testing subset that is not for post-hoc analysis of the
ideation 33.3% of the data and trained models)
further external vali-
dation was conducted
(bi-directionally)
with the Australian
Genetics of Bipolar
Study (AGBS)
Campos  Treatment-  Logistic Internal validation AUC = 0.771 NA (coe cients in the feature se- NA
et al, associated  regression was conducted with a lection procedure are reported, but
2022 suicidal testing subset that is not for post-hoc analysis of the
ideation 33.3% of the data and trained models)
further external vali-
dation was conducted
(bi-directionally)
with the Australian
Genetics of Bipolar
Study (AGBS)
Grendas  Subsequent Cox regres- Internal validation AUC = 5-HTTLPR polymorphism (LL vs. all re-
et al., suicide sion was conducted with a 0.511, SS): HR = 22405 (95% Cl = tained
2022 or a testing subset that is sensitivity = 1.7454, 2.7356); Number of previ- predic-
suicide 33.3% of the data 0.000, ous suicide attempts (>3 vs. 0): tors from
reat- speci city = HR = 1.8667 (95% Cl = 1.3444, feature
tempt 1.000, 2.3890); Number of previous sui- selection
accuracy = cide attempts (1 or 2 vs. 0): HR =
0.508 1.7677 (95% Cl = 1.2475, 2.2879);
5-HTTLPR polymorphism (SL vs.
SS): HR = 1.2232 (95% CI =
0.7638, 1.6826); Age: HR = 0.7326
(95% CI = 0.5323, 0.9329); Part-
nership/cohabiting: HR = 0.5766
(95% CI = 0.1574, 0.9958)
Grendas  Subsequent Random sur- Internal validation AUC = Percentage (%) of times retained: all re-
et al, suicide vival forests was conducted with a 0.799, 5-HTTLPR polymorphism: 88.2; tained
2022 or a testing subset that is sensitivity = Age: 84.0; Number of recent stres- predic-
suicide 33.3% of the data 0.611, sors: 74.8; Age at rst SA: 72.8; tors from
reat- speci city = Number of previous suicide at- feature
tempt 0.806, tempt: 72.6; Child sexual abuse: selection
accuracy = 65.4; Impact of recent stressors:
0.704 60.4; Hostility: 54.4; Marital sta-
tus:  49.0; History of head in-
jury: 48.2; Psychosocial function-
ing: 41.2
Joo Overall Multivariate Internal validation ROC = NA (all prediction results are based NA
et al, suicidal logistic re- was conducted with a 0.766, on the elastic net model)
2022 thoughts gression testing subset that is sensitivity =
and be- 20% of the data 0.7207,
haviours speci city =
0.619
Joo Overall Random for- Internal validation ROC = NA (all prediction results are based NA
et al, suicidal est was conducted with a 0.755, on the elastic net model)
2022 thoughts testing subset that is sensitivity =
and be- 20% of the data 0.741,
haviours speci city =

0.614
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Joo Overall Elastic net Internal validation ROC = Rank (European only): 1. CBCL Total
et al, suicidal regression was conducted with a 0.766, depressive symptoms; 2. CBCL in- number
2022 thoughts testing subset that is sensitivity = ternalizing problems; 3. CBCL to- of predic-
and be- 20% of the data 0.764, tal problems tors not
haviours speci city = explicitly
0.580, stated
accuracy =
0.672
Joo Suicidal Multivariate Internal validation ROC = NA (all prediction results are based NA
et al, ideation logistic re- was conducted with a 0.736, on the elastic net model)
2022 gression testing subset that is sensitivity =
20% of the data 0.704,
speci city =
0.625
Joo Suicidal Random for- Internal validation ROC = NA (all prediction results are based NA
et al, ideation est was conducted with a 0.758, on the elastic net model)
2022 testing subset that is sensitivity =
20% of the data 0.695,
speci city =
0.630
Joo Suicidal Elastic net Internal validation ROC = Rank (European only): 1. CBCL Total
et al, ideation regression was conducted with a 0.759, depressive symptoms; 2. CBCL number
2022 testing subset that is sensitivity = anxious/depressed symptoms; 3. of predic-
20% of the data 0.739, CBCL internalizing problems tors not
speci city = explicitly
0.581, stated
accuracy =
0.660
Joo Suicide Multivariate Internal validation ROC = NA (all prediction results are based NA
et al, attempt logistic re- was conducted with a 0.718, on the elastic net model)
2022 gression testing subset that is sensitivity =
20% of the data 0.494,
speci city =
0.485
Joo Suicide Random for- Internal validation ROC = NA (all prediction results are based NA
et al, attempt est was conducted with a 0.946, on the elastic net model)
2022 testing subset that is sensitivity =
20% of the data 0.858,
speci city =
0.745
Joo Suicide Elastic net Internal validation ROC = Rank (European only): 1. CBCL Total
et al, attempt regression was conducted with a 0.929, total problems; 2. We ght a lot in number
2022 testing subset that is sensitivity = our family; 3. CBCL externalizing of predic-
20% of the data 0.858, problems tors not
speci city = explicitly
0.818, stated
accuracy =
0.838
Lozupone  Suicidal Random for- No validation was NA (AUCs Rank: 1. Education (Importance all re-
et al, ideation est conducted reported for Score = 1.0000); 2. Age (Impor- tained
2022 logistic tance score = 0.9084); 3. Mild predic-
regression cognitive impairment (Importance tors from
models but score = 0.7580); 4. Gender (Impor- feature
not for tance score = 0.7131); 5. Mini men- selection
random tal state examination (Importance
forest) score = 0.6019)
Tate Suicidal Gradient Internal validation AUC = Rank: 1. Sex; 2. Aggression symp- Total
et al, be- boosted was conducted with a 0.643, 95% toms; 3. Externalizing symptoms number
2022 haviours machine testing subset that is Cl = 0.585, of predic-
10% of the data and 0.702 tors not
further external vali- explicitly
dation was conducted stated
with the Netherlands
Twin Register
Tate Suicidal Random for- Internal validation AUC = Rank: 1. Aggression symptoms; 2. Total
et al., be- est was conducted with a 0.617, 95% Sex; 3. Externalizing symptoms number
2022 haviours testing subset that is Cl = 0.559, of predic-
10% of the data and 0.677 tors  not
further external vali- explicitly
dation was conducted stated
with the Netherlands
Twin Register
Tate Suicidal Elastic net Internal validation AUC = NA (feature level coe cients were Total
et al, be- regression was conducted with a 0.676, 95% not reported) number
2022 haviours testing subset that is Cl = 0.620, of predic-
10% of the data and 0.734 tors  not
further external vali- explicitly
dation was conducted stated

with the Netherlands
Twin Register
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Tate Suicidal Neural  net- Internal validation AUC = NA (feature level coe cients were Total
et al, be- work was conducted with a 0.656, 95% not reported) number
2022 haviours testing subset that is Cl = 0.601, of predic-
10% of the data and 0.714 tors not
further external vali- explicitly
dation was conducted stated
with the Netherlands
Twin Register
van Child- Binomial pe- Internal validation AUROC = Rank (clinical control vs. suici- all re-
Velzen reported nalized logis- was conducted with 0.715, dal thoughts and behaviour): 1. tained
et al, suicidal tic regression a testing subset that sensitivity = Family conict; 2. Prodromal psy- predic-
2022 thoughts is dened by data 0.602, chosis; 3. Impulsivity: negative ur- tors from
or be- collection sites (7 out speci city = gency; 4. Impulsivity: lack of plan- feature
haviours of 21 used for testing) 0.710, ning; 5. CBCL depression subscale selection
accuracy =
0.656, PPV
= 0.674,
NPV = 0.640
(from a
comparison
with clinical
control
samples and
optimal
alpha
penalization)
van Parent- Binomial pe- Internal validation AUROC = Rank (clinical control vs. suici- all re-
Velzen reported nalized logis- was conducted with 0.774, dal thoughts and behaviour): 1. tained
et al, suicidal tic regression a testing subset that sensitivity = CBCL anxious/depressive subscale; predic-
2022 thoughts is dened by data 0.649, 2. CBCL internalizing; 3. CBCL tors from
or be- collection sites (7 out speci city = externalizing; 4. CBCL depres- feature
haviours of 21 used for testing) 0.760, sion subscale; 5. History of men- selection
accuracy = tal health service use; 6. History of
0.704, PPV mental health treatment
= 0.730,
NPV = 0.684
(from a
comparison
with clinical
control
samples and
optimal
alpha
penalization)
Cho Suicide Random for- Internal validation AUC = Rank: 1. Benzodiazepines; 2. BMI; Total
et al, est was conducted with a 0.818, 3. Age number
2021 testing subset that is accuracy = of predic-
30% of the data 0.832, tors  not
sensitivity = explicitly
0.600, stated
speci city =
0.833, NPV
= 0.999,
PPV = 0.007
Li et Recent Gradient Internal validation AUC = 0.87, Rank: 1. Excitement; 2. Hostility; Total
al., suicide boosted de- was conducted with a accuracy = 3. Hamilton anxiety scale number
2021 attempt cision trees testing subset that is 0.87, of predic-
with extreme 40% of the data sensitivity = tors  not
gradient 0.591, explicitly
boosting speci city = stated
0.612
Li et Long- Gradient Internal validation AUC = 0.88, Rank: 1. Hamilton anxiety scale; Total
al., dated boosted de- was conducted with a accuracy = 2. Marriage status; 3. Hostility number
2021 suicide cision trees testing subset that is 0.88, of predic-
attempt with extreme 40% of the data sensitivity = tors not
gradient 0.528, explicitly
boosting speci city = stated
0.496
Oppen- Suicidal LASSO No validation was NA (LASSO Age: Lasso coecient = -0.004, all re-
heimer thoughts regression conducted, but regression 95% CI = -0.15, -0.03; Level of ed- tained
et al, and be- hyperparameter model ucation: Lasso coe cient = -0.01, predic-
2021 haviours selection was con- performance 95% CI = -0.33, 0.08; HAM-D de- tors from
ducted with 10-fold not reported, pression: Lasso coe cient = 0.01, feature
cross-validation however 95% CI = -0.01, 0.05; Kessler Psy- selec-
follow-up chological Distress Scale: Lasso co- tion out
analysis with ecient = 0.002, 95% CI = -0.01, of 114
Poisson 0.05; L. amygdala to sad: Lasso variables
regression coe cient = 0.08, 95% CI = 0.08,
with selected 0.42
predictors
explained
21.2% of the
variance in
suicidal

thoughts and
behaviours)
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Cho Suicide Random for- Internal validation AUC = Rank: 1. Moderate exercise; 2. Total
et al, overall est was conducted with a 0.818, Strenuous exercise; 3. Alcohol in- number
2020 follow testing subset that is accuracy = take of predic-
up 30% of the data 0.788, tors not
sensitivity = explicitly
0.657, stated
speci city =
0.788, PPV
= 0.003,
NPV = 0.999
Cho Suicide Random for- Internal validation AUC = Rank: 1. Strenuous exercise; 2. Al- Total
et al, one- est was conducted with a 0.849, cohol intake; 3. Moderate exercise number
2020 year testing subset that is accuracy = of predic-
follow 30% of the data 0.754, tors  not
up sensitivity = explicitly
0.817, stated
speci city =
0.754, PPV
= 0.007,
NPV = 0.999
Ge et Suicidal Neural  net- Internal validation AUC = Rank: 1. Free thyroxine; 2. Hamil- Total
al., ideation work was conducted with a 0.743, ton depression scale; 3. Profes- number
2020 testing subset that is sensitivity = sional skill worker of predic-
25% of the data 0.7068, tors not
speci city = explicitly
0.6709 stated
Haines- suicide K-nearest Internal valida- AUC = 0.65, NA (feature level coe cients were NA
Delmont risk neighbours tion was conducted accuracy = not reported)
et al, with  10-fold  cross- 0.68
2020 validation
Haines- suicide Random for- Internal valida- Accuracy = NA (feature level coe cients were NA
Delmont risk est tion was conducted 0.60 not reported)
et al, with  10-fold  cross-
2020 validation
Haines- suicide Support vec- Internal valida- Accuracy = NA (feature level coe cients were NA
Delmont risk tor machine tion was conducted 0.57 not reported)
et al, with  10-fold  cross-
2020 validation
Haines- suicide Logistic Internal valida- Accuracy = NA (feature level coe cients were NA
Delmont risk regression tion was conducted 0.55-0.59 not reported)
et al, with  10-fold  cross-
2020 validation

*If the total number of predictors included in the feature space is reported, then we report in this column the top decile of important
predictors by rank. Otherwise, the top three predictors are reported. In the case where feature selection algorithms were deployed (such
as selecting non-zero coe cients from a penalized regression), we report all retained features as important features.

Table A.4: Model performance and feature importance metrics extracted from the
nal set of reviewed studies.
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Supplementary Note 1

Clinical scales:

A dimensional representation of overall psychopathology was measured using the

Youth Self-Report (YSR) for those< 18 and the Adult Self-Report (ASR) for those

18. Both scales provide raw scores as well as normed T-scores with respect to
the general population. The YSR and ASR provide an output of \Total Problems
Score". In factor analyses, the Total Problems score has been found to represent
a unidimensional construct of general psychopathology (i.e. p-factor). The Total
Problems Score can be further divided into the Internalizing and Externalizing sub-
scale scores. Each of these raw scores can then be converted to a T-score, such that
the YSR and ASR T-scores can be pooled.

Suicidal ideation was captured using the Suicidal Ideation Questionnaire-Jr (SIQ-
Jr) for those <18 and the Adult Suicidal Ideation Questionnaire (ASIQ) for those

18, and the Columbia Suicide Severity Rating Scale (C-SSRS) for the whole sample.
The SIQ-Jr and ASIQ are self-report questionnaire asking about the frequency of
various thoughts pertaining to suicide over the past 30 days, with 15 and 25 items,
respectively, and 12 items that appear in both measures. The SIQ-Jr and ASIQ were
normalized to the number of questions in each questionnaire before being transformed
into one score.

The C-SSRS is an evaluator-rated measure based on a semi-structured interview
regarding a chosen time interval of interest. It contains a Suicidal Ideation Severity
sub-scale (C-SSRS-SIS) that asks to rate the most intense level of suicidal ideas in the
corresponding time interval. Scores range from 0 to 5 on an ordinal scale. Response
options include no SI (0); wish to be dead (1); non-speci ¢ active suicidal thoughts
(2); SI with methods, but not intent to act (3); active suicidal thoughts with some
intent, but no plan (4); active suicidal thoughts with a specic plan and intent (5).
The time intervals of interest in this study were \over the past year" and \throughout
your lifetime". Posner and colleagues (2011) explored predictive validity of this C-

SSRS sub-scale in a sample of adolescents (12-18 years old) where scores of 4 or 5 on
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the lifetime C-SSRS-SIS was predictive of suicidal behaviour in the follow-up period
(OR=2.76, 95% CI=1.07{7.12).

The PRIME Screen-Revised consists of 12 items intended to capture self-reported
Psychosis Spectrum Symptoms. Each item has 7 response options ranging from \def-
initely disagree" (0) to \de nitely agree" (6). Participants were classi ed as having
psychosis spectrum symptoms if they endorsedl item as \de nitely agree” (6) or

3 items as \somewhat agree" (5).

The borderline personality disorder (BPD)-related facets of the Personality Inven-
tory for DSM-5 - Short Form (PID-5-SF) were included as individual T-scores in the
analysis instead of a composite BPD score. The World Health Organization Disability
Assessment Scale 2.0 (WHODAS 2.0) is a 36-item scale that ask about functioning in
the past 30 days. The Con ict Behaviour Questionnaire consists of 20 self-reported
items asking about the quality of the participant's relationship with a caregiver of
their choice. The Adolescent Alcohol and Drug Involvement Scale captures substance
use frequency on an 8-point ordinal scale ranging from \never" (0) to \several times
a day" (7).
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Supplementary Note 2

Statistical analysis:

Prior to conducting multivariable modelling, three variables (family income; dis-
ruptive impulse control and conduct disorders; and con ict behaviour questionnaire)
were excluded due to large missingness. Furthermore, gender diversity was overspec-
i ed by the combination of gender identity and assigned sex at birth. Thus, only
gender diversity was retained. We also collapsed certain categories of ethnicity/race
due to low cell counts. Categories for \Multiracial" and \White" were retained, while
all other responses (i.e., \Black", \East Asian", \Other", and \South East Asian")
were grouped into a \Racialized" category.

We also assessed co-linearity in the independent variabl&upplementary Fig-
ure B.1) and variance in ation factors in preliminary models of the self-harm cate-
gories. This uncovered high correlations between the internalizing and externalizing
broadband scores with the total problems scores on the YSR/ASR and we chose to
only include the total problems scores in subsequent analyses. The self-harm cate-
gories were also highly correlated with the C-SSRS-SIS (for both past year and lifetime
experiences) and the standardized SI1Q-Jr/ASIQ scores. Given that the self-harm cat-
egories are derived from the C-SSRS-SBS, we chose to exclude the C-SSRS-SIS and
only include the standardized SIQ-Jr/ASIQ in a sensitivity analysis.

Multinomial logistic regressions were t on participants with complete data on self-
harm, YSR/ASR, age at recruitment, gender diversity, and ethnicity/race (past-year
N=419). For multivariate logistic regression models, we removed ve participants
due to missing gender diversity or ethnicity/race reports and conducted nonpara-
metric missing value imputation using random forests on the remaining independent

variables.
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Figure B.1: Pearson correlation matrix for the entire feature set without imputation
(N=316).
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Author/Group

Term

De nition

O'Carroll et al.,
1996
NIMH/American
Association of
Suicidology

Suicide attempt

Instrumental
suicide-related
behavior

Suicide-related
behavior

\A potentially self-injurious behavior with
a nonfatal outcome, for which there is
evidence...that the person intended at
some. .. level to kill himself/herself..."

\Potentially self-injurious behavior for
which there is evidence that (a) the per-
son did not intend to kill himself/herself
...and (b) the person wished to use
the appearance of intending to kill him-
self/herself in order to attain some other
end (e.g., to seek help, to punish others, to
receive attention)."

Encompasses suicides, suicide attempts,
and instrumental suicide-related behav-
iors.

Silverman et al.,
2007

Suicide attempt

Self-harm

Suicide-related
behavior

Consistent with O'Carroll et al., 1996

\a deliberate and often repetitive destruc-
tion or alteration in one's own body tissue
without suicidal intent  ."

\a self-inicted, potentially injurious be-
havior for which there is evidence. . . either
that: (a) the person wished to use
the appearance of intending to kill him-
self/herself in order to attain some other
end; or (b) the person intended at some
undetermined or some known degree to Kill
himself/herself."

Nock et al., 2007

Suicide attempt

Non-suicidal
self-injury

Suicidal gestures

Consistent with O'Carroll et al., 1996

\direct, deliberate self-injury in which
there is no intent to die."

\leading someone to believe one wants to
die when there is no intention of doing so."
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International Society Non-suicidal \deliberate, self-directed damage of body
for the Study of Self- self-injury tissue without suicidal intent and for
Injury (ISSS) purposes not socially or culturally sanc-
tioned."
DSM-5-TR Suicidal attempt (pg \...a self-initiated sequence of behaviors
920) by an individual who, at the time of initia-

tion, expected that the set of actions would
lead to his or her own death.”

Non-suicidal \...intentional self-in icted damage to the

self-injury (pg 923)  surface of his or her body of a sort likely
to induce bleeding, bruising or pain. .. with
the expectation that the injury will lead to
only minor or moderate physical harm (i.e.,
there is no suicidal intent).”

Posner et al., 2007; Suicide attempt Consistent with O'Carroll et al., 1996

Posner et al., 2008;

Posner et al., 2014%® Interrupted attempt \When the person is interrupted (by an
outside circumstance) from starting the
[suicide attempt]"

Aborted attempt \When person begins to take steps toward
making a suicide attempt, but stops them-
selves before they actually have engaged in
any self-destructive behavior."

Preparatory \Acts or preparation towards imminently
behaviors making a suicide attempt."
Suicidal behaviors Encompasses suicides, suicide attempts,

interrupted attempts, aborted attempts
and preparatory behaviors.

Self-injurious \Self-injurious behavior associated with

behavior without no intent to die. The behavior is in-

suicidal intent/NSSI  tended purely for other reasons, either
to relieve distress (often referred to as
\self-mutilation”, e.g., super cial cuts or
scratches, hitting/banging, or burns) or
to e ect change in others or the environ-
ment."
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NICE Guidelines, Self-harm \Intentional self-poisoning or injury irre-

2012, 20228 spective of the apparent purpose of the
act."

De Leo et al., 202Y; Suicide attempt \An act in which a person harms himself

International or herself, with the intention to die, and

Association of survives."

Suicide Prevention
Interrupted suicide  Consistent with Posner et al.
attempt

Aborted suicide Consistent with Posner et al.
attempt

Preparatory suicidal Consistent with Posner et al.
behaviors

Self-harm \a non-fatal act in which a person harms
himself or herself intentionally, with vary-
ing motives including the wish to die."
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Contrast LR Test Chi p-value* R2 Boot-
Sq strap**
R2
NoSH all features vs. null model 58.60 1.45E-13 0.25 0.14
(N=302) vs. select features vs. null model 40.94 4.71E-10 0.18 0.17
NSSI (N=59) all features vs. select features 17.66 1.66E-03 - -
NoSH all features vs. null model 67.79 2.73E-15 043 0.24
(N=302) vs. select features vs. null model 42.71 2.38E-10 0.28 0.28
SB (N=27) all features vs. select features 25.08 2.03E-05 - -
NSSI (N=59) all features vs. null model 39.75 7.21E-10 0.52 0.24
vs. SB (N=27) select features vs. null model 6.39  1.23E-02 0.10 0.13
all features vs. select features 33.36 9.88E-08 - -
NSSI (N=59) all features vs. null model 52.24 2.45E-12 052 0.25
vs. Comb select features vs. null model 13.16 3.57E-04 0.15 0.14
(N=48) all features vs. select features 39.08 3.58E-08 - -
SB (N=27) vs. all features vs. null model 29.18 9.88E-08 0.44 0.18
Comb (N=48) select features vs. null model - - - -

NoSH = No Self-harm; NSSI = NSSI 5 times, no SB; SB = SB only; Comb = Both
SB and NSSI 5 times
*False discovery rate corrected p-values correcting for 15 tests.
**The .632 bootstrap estimator with 100 iterations was used for an unbiased R2

measure.

Table B.2: Past-year model p-values from likelihood ratio tests comparing models
with di erent sets of features and estimates of variance explained.



Contrast LR Test Chi p-value* R2 Boot-

Sq strap**
R2
NoSH all features vs. null model 77.69 9.05E-18 0.36 0.22

(N=184) vs. select features vs. null model 28.26 1.99E-07 0.15 0.14
NSSI (N=78)  all features vs. select features 49.43 2.65E-10 - -

NoSH all features vs. null model 66.94 1.05E-15 0.46 0.25
(N=184) vs. select features vs. null model 34.86 7.60E-09 0.26 0.22
SB (N=34) all features vs. select features 32.09 7.79E-06 - -

NSSI (N=78) all features vs. null model 26.12 4.81E-07 0.29 0.13
vs. SB (N=34) select features vs. null model 12.86 3.86E-04 0.15 0.14
all features vs. select features 13.26 4.11E-03 - -

NSSI (N=78) all features vs. null model 9299 7.89E-21 0.47 0.32

vs. Comb select features vs. null model 70.33 2.51E-16 0.38 0.34
(N=142) all features vs. select features 22.66 9.85E-04 - -
SB (N=34) vs. all features vs. null model 46.88 2.26E-11 0.37 0.18
Comb select features vs. null model 15.02 1.33E-04 0.13 0.14
(N=142) all features vs. select features 31.86 2.01E-07 - -

NoSH = No Self-harm; NSSI = NSSI 5 times, no SB; SB = SB only; Comb = Both
SB and NSSI 5 times

*False discovery rate corrected p-values correcting for 15 tests.

**The .632 bootstrap estimator with 100 iterations was used for an unbiased R2
measure.

Table B.3: Lifetime model p-values from likelihood ratio tests comparing models with
di erent sets of features and estimates of variance explained.
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Measure

UK CLSA Variable
Bio- Name

bank

Field

ID

White blood cell (leukocyte) count
Red blood cell (erythrocyte) count
Haemoglobin concentration
Haematocrit percentage

Mean corpuscular volume

Mean corpuscular haemoglobin

Mean corpuscular haemoglobin concentration

30000 BLDWBC_COM
30010 BLORBC.COM
30020 BLDMgh.COM

30030 BLDHct_COM

30040 BLIMCV_COM
30050 BLBICH_COM
30060 BLEICHC_COM

Red blood cell (erythrocyte) distribution width 30070 BLDRDW _COM

Platelet count

Mean platelet (thrombocyte) volume

Lymphocyte count
Monocyte count
Granulocyte count
Neutrophill count
Eosinophill count
Basophill count
Albumin

Alanine aminotransferase
Cholesterol
Creatinine
C-reactive protein
Glycated haemoglobin (HbAlc)
HDL cholesterol
LDL direct
Triglycerides
Vitamin D

Sex

Age

Depression

Anxiety

Stroke

Cancer

Alzheimer's disease
Smoking status

30080 BLDPIt_COM
30100 BLDMPV_COM
30120 BLDLY_NB_COM
30130 BLDMO_NB_COM
- BLD_-GR_NB_COM
30140 -
30150 -
30160 -
30600 BLD.ALB_COM
30620 BLIALT _COM
30690 BLDCHOL_COM
30700 BLDCREAT_COM
30710 BLDHSCRP.-COM
30750 BL[EHBA1lc.COM
30760 BLDHDL_COM
30780 BLD.LDL_COM
30870 BLDTRIG_COM
30890 BLD.VITD -COM
31 SEXASK_COM
21022 AGENMBR _COM
130895 DPECLINDEP _COM
130907 CCCANXI _COM
42007 CCCCVA_COM
2453 CCCCANC_COM
131037 CCELZH _COM
20116 SMKDSTY_COM
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Medication burden* 137 OARMED _COM,
HYP_UTHYRMED _COM,
STR_MED _COM,
HBP_MED _COM,
DIA_MED _COM,

IHD _MED _COM,
HYP_OTHYRMED _COM,
STR_TIAMED _COM,
DPR_MED_COM,
OST_MED _COM,

PKD _MED_COM,
CAO_MED _COM,
ICQ_EMBMED _.COM

Body mass index 21001 HWIDBMI _COM
Menopause status 2724  WHMENOP_COM

Age at menopause 3581 WHMPAG _AG_COM
Number of live births 2734 WHOPREG_LIVE NB_COF1
Ever taken oral contraceptive pill 2784 -

Ever used hormonal contraceptives - WHCGCONCP_COF1

Ever used hormone-replacement therapy 2814 WHBRT _COM

Fasting time 74 -

Assessment centre 54 -

*Medication burden in the CLSA was calculated as a count of \yes" responses
across the listed variables when asked if the participant was currently tak-
ing medication for specic diseases. More information on all listed variables
can be found through the respective data showcase websites (UK Biobank:
https://biobank.ndph.ox.ac.uk/showcase/index.cgi; CLSA: https://datapreview.clsa-
elcv.ca/datasets)

Table C.1: UK Biobank eld IDs and CLSA variable names of the variables included
in this study.
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Male (n=167,569) Female ( n=194,505) Test
Measure Range/count Mean (SD)/%  Range/count Mean (SD)/% statistic p-value
White blood cell (leukocyte) 3.40-9.60 6.61 (1.35) 3.40-9.60 6.58 (1.35) 6.8 7.4E-12
count (10(9)/L)
Lymphocyte count (10(9)/L)  0.95-3.07 1.83 (0.47) 0.95-3.07 1.92 (0.48) -54.7 <2.2E-16
Monocyte count (10(9)/L) 0.26-0.81 0.5 (0.13) 0.26-0.81 0.45 (0.12) 118.9 <2.2E-16
Neutrophill count (10(9)/L) 1.56-6.45 4.04 (1.04) 1.56-6.45 4 (1.04) 13.1 3.23E-39
Eosinophill count (10(9)/L) 0.03-0.48 0.17 (0.1) 0.03-0.48 0.16 (0.09) 56.5 <2.2E-16
Basophill count (10(9)/L) 0.01-0.08 0.03 (0.02) 0.01-0.08 0.03 (0.02) -85 2.87E-17
Red blood cell (erythrocyte) 4.35-5.65 4.82 (0.28) 3.92-5.13 4.38 (0.26) 452.6 <2.2E-16
count (10(12)/L)
Haemoglobin concentration 13.20-16.60 15 (0.78) 11.60-15.00 13.49 (0.75) 558 < 2.2E-16
(g/dL)
Haematocrit percentage (%) 38.30-48.60 43.4 (2.34) 35.50-44.90 39.61 (2.14) 477 < 2.2E-16
Mean corpuscular volume 78.20-97.90 91.12 (3.46) 78.20-97.93 90.79 (3.62) 26.2 1.39E-150
(fL)
Mean corpuscular 27.00-31.00 30.1 (0.78) 27.00-31.00 29.97 (0.86) 28.4 1.08E-176
haemoglobin (pg/cell)
Mean corpuscular 32.00-36.00 34.51 (0.76) 32.00-36.00 34.34 (0.78) 61.8 <2.2E-16
haemoglobin concentration
(grdL)
Red blood cell (erythrocyte) 11.80-14.50 13.28 (0.55) 12.20-16.10 13.44 (0.72) -73.3 <2.2E-16
distribution width (%)
Platelet (thrombocyte) 135.00-317.00  230.68 (40.65) 157.00-371.00  261.31 (47.15) -198.7 <2.2E-16
count (10(9)/L)
Mean platelet (thrombocyte) 7.00-9.00 8.38 (0.45) 7.00-9.00 8.4 (0.44) -8 1.77E-15
volume (fL)
Albumin (g/dL) 35.00-50.00 45.28 (2.33) 35.06-50.00 44.82 (2.38) 54.1 <2.2E-16
Alanine aminotransferase 7.00-55.00 25.19 (9.45) 7.00-45.00 18.88 (7.07) 214 <2.2E-16
(VL)
Creatinine ( umol/L) 65.40-119.30 82.39 (10.48) 52.20-91.90 65.33 (8.26) 496.2 <2.2E-16
Cholesterol (mmol/L) 0.60-5.20 4.43 (0.58) 1.88-5.20 4.6 (0.48) -54.4 <2.2E-16
HDL cholesterol (mmol/L) 1.00-4.19 1.36 (0.28) 1.30-4.40 1.73 (0.32) -308.3 <2.2E-16
LDL direct (mmol/L) 0.27-3.40 2.76 (0.46) 0.75-3.40 2.84 (0.41) -37.1 7.08E-300
Triglycerides (mmol/L) 0.23-1.70 1.17 (0.31) 0.23-1.70 1.11 (0.31) 48.6 <2.2E-16
Glycated haemoglobin 20.00-48.00 35.12 (3.92) 20.00-48.00 35.06 (3.74) 4.9 0.00000109
(HbA1c) (mmol/mol)
Vitamin D (ng/mL) 10.00-80.00 45.87 (16.9) 10.00-80.00 45.95 (17.03) -1.4 0.174
C-reactive protein (mg/L) 0.08-5.00 1.46 (1.1) 0.08-5.00 1.51 (1.17) -10.8 2.49E-27
Age (years) 39.00-72.00 57.06 (8.1) 40.00-71.00 56.62 (7.92) 16.5 3.94E-61
Depression (yes) 15382 9.18 27100 13.93 1963 <2.2E-16
Depression (no) 152187 90.82 167405 86.07
Anxiety (yes) 7853 4.69 14540 7.48 1206 2.63E-264
Anxiety (no) 159716 95.31 179965 92.52
Stroke (yes) 5573 3.33 3878 1.99 628 1.54E-138
Stroke (no) 161996 96.67 190627 98.01
Cancer (yes) 10482 6.27 17932 9.26 1104 5.18E-242
Cancer (no) 156680 93.73 175753 90.74
Alzheimer's disease (yes) 830 0.5 879 0.45 4 0.0607
Alzheimer's disease (no) 166739 99.5 193626 99.55
Smoking status (current) 20107 12.05 17027 8.79 3914 < 2.2e-16
Smoking status (former) 65373 39.18 62311 32.16
Smoking status (never) 81392 48.78 114402 59.05
Medication burden (median)  0-28 2 0-48 2 1304 1.31E-285
Body mass index (kg/m2) 12.81-68.41 27.84 (4.25) 12.12-74.68 27 (5.15) 53.7 <2.2E-16
Menopause (yes) - - 119473 73.16 - -
Menopause (no) - - 43834 26.84 - -
Age at menopause (years) - - 18.00-68.00 49.74 (5.11) - -
Number of live births - - 0-22 1.822 (1.2) - -
Ever taken oral - - 220301 81.05 - -
contraceptive pill (yes)
Ever taken oral - - 51505 18.49 - -
contraceptive pill (no)
Ever used - - 103884 38.24 - -

hormone-replacement
therapy (yes)
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Ever used - - 167765 61.75 - -
hormone-replacement

therapy (no)
Fasting time (hours) 0.00-72.00 3.86 (2.53) 0.00-48.00 3.67 (2.22) 23.2 4.51E-119

Welch's two sample t-test was used to compare means of continuous variables and Pearson's Chi-squared test with Yates'
continuity correction for counts of categorical variables. Kruskal-Wallis rank sum test was used for medication burden speci cally
due to the non-normal distribution of count data. All p-values are two-sided.

Table C.2: Descriptive statistics of peripheral biomarkers demographics of 362,074
individuals from the UK Biobank included in the study.
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Male (n=11,410) Female ( n=11,555) Test

Measure Range/count Mean (SD)/%  Range/count Mean (SD)/% statistic p-value
White blood cell (leukocyte) 3.40-9.60 6.44 (1.36) 3.40-9.60 6.42 (1.35) 1 0.305
count (10(9)/L)
Lymphocyte count (10(9)/L)  1.00-3.00 1.85 (0.46) 1.00-3.00 1.97 (0.46) -19.6 2.38E-84
Monocyte count (10(9)/L) 0.30-0.80 0.4 (0.11) 0.30-0.80 0.39 (0.112) 8.5 2.52E-17
Granulocyte count (10(9)/L)  1.60-7.00 4.25 (1.13) 1.60-7.00 411 (1.12) 8.7 3.75E-18
Red blood cell (erythrocyte) 4.35-5.65 4.89 (0.31) 3.92-5.13 4.46 (0.29) 96.9 <2.2E-16
count (10(12)/L)
Haemoglobin concentration 132.00-166.00  148.32 (8.35) 116.00-150.00  133.98 (8.03) 121.1 <2.2E-16
(g/dL)
Haematocrit percentage 78.20-97.90 91.95 (3.41) 78.20-97.90 91.48 (3.54) 9.5 3.43E-21
(Mean corpuscular volume
(fL)
Mean corpuscular 27.00-31.00 29.74 (0.93) 27.00-31.00 29.62 (0.98) 7.5 5.1E-14
haemoglobin (pg/cell)
Mean corpuscular 320.00-360.00  333.62 (7.97) 320.00-360.00  332.46 (7.66) 10.2 2.59E-24
haemoglobin concentration
(grdL)
Red blood cell (erythrocyte) 135.00-317.00  207.22 (40.85) 157.00-371.00  238.86 (47.05) -50.6 <2.2E-16
distribution width (Platelet
(thrombocyte) count
(10(9)/L)
Mean platelet (thrombocyte) 7.00-9.00 8.05 (0.54) 7.00-9.00 8.08 (0.53) -3.7 0.000216
volume (fL)
Albumin (g/dL) 35.00-50.00 40.19 (2.46) 35.00-50.00 39.83 (2.48) 10.8 4.27E-27
Alanine aminotransferase 7.00-55.00 24.45 (8.98) 7.00-45.00 19.69 (6.93) 44 <2.2E-16
(VL)
Creatinine ( umol/L) 66.00-119.00 89.02 (11.6) 53.00-91.00 70.34 (8.78) 130.8 <2.2E-16
Cholesterol (mmol/L) 1.80-5.20 4.18 (0.67) 2.01-5.20 4.47 (0.55) -25.5 2.48E-139
HDL cholesterol (mmol/L) 1.00-4.15 1.43 (0.35) 1.30-4.45 1.84 (0.42) -71 <2.2E-16
LDL direct (mmol/L) 0.02-3.40 2.31 (0.66) 0.08-3.40 2.49 (0.6) -18.2 6.66E-73
Triglycerides (mmol/L) 0.24-1.70 1.16 (0.32) 0.30-1.70 1.14 (0.31) 2.8 0.0046
Glycated haemoglobin 4.30-6.50 5.5 (0.34) 4.20-6.50 5.46 (0.33) 8.8 1.11E-18
(HbAlc) (mmol/mol)
Vitamin D (ng/mL) 10.00-80.00 57.73 (15.77) 10.00-80.00 58.48 (15.78) -2.3 0.0212
C-reactive protein (mg/L) 0.10-5.00 1.42 (1.09) 0.10-5.00 1.58 (1.19) -9.8 9.09E-23
Age (years) 45.00-86.00 63.27 (10.17) 45.00-86.00 62.79 (10.13) 35 0.000412
Depression (yes) 1368 12.04 2410 20.94 328 2.38E-73
Depression (no) 9997 87.96 9098 79.06
Anxiety (yes) 745 6.55 1243 10.79 129 5.94E-30
Anxiety (no) 10629 93.45 10276 89.21
Stroke (yes) 234 2.06 143 1.24 23 0.00000157
Stroke (no) 11136 97.94 11377 98.76
Cancer (yes) 1774 15.59 1721 14.93 2 0.173
Cancer (no) 9607 84.41 9805 85.07
Alzheimer's disease (yes) 26 0.23 25 0.22 0.002 0.962
Alzheimer's disease (no) 11357 99.77 11510 99.78
Smoking status (current) 941 8.29 975 8.49 134 7.65E-30
Smoking status (former) 7309 64.42 6589 57.38
Smoking status (never) 3095 27.28 3920 34.13
Medication burden (median)  0-5 0 0-6 1 137 1.13E-31
Body mass index (kg/m2) 13.55-59.95 28.34 (4.71) 12.90-69.65 27.81 (5.97) 7.4 1.58E-13
Menopause (yes) - - 7741 80.46 - -
Menopause (no) - - 1880 19.54 - -
Age at menopause (years) - - 11.00-75.00 49.96 (5.15) - -
Number of live births - - 0-35 2.316 (1.46) - -
Ever used hormonal - - 8544 79.81 - -
contraceptives (yes)
Ever used hormonal - - 2161 20.19 - -
contraceptives (no)
Ever used - - 4430 38.51 - -

hormone-replacement
therapy (yes)
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Ever used - - 7073 61.49
hormone-replacement
therapy (no)

Welch's two sample t-test was used to compare means of continuous variables and Pearson's Chi-squared test with Yates'
continuity correction for counts of categorical variables. Kruskal-Wallis rank sum test was used for medication burden speci cally
due to the non-normal distribution of count data. All p-values are two-sided.

Table C.3: Descriptive statistics of peripheral biomarkers demographics of 22,965
individuals from the CLSA included in the study.
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Measure

Source

Sex Lower Upper Units
bound bound

White blood cell (leukocyte) count
Red blood cell (erythrocyte) count
Red blood cell (erythrocyte) count
Haemoglobin concentration
Haemoglobin concentration
Haematocrit percentage
Haematocrit percentage

Mean corpuscular volume

Mean corpuscular volume

Mean corpuscular haemoglobin*

Mean corpuscular haemoglobin concentration*
Red blood cell (erythrocyte) distribution width
Red blood cell (erythrocyte) distribution width

Platelet (thrombocyte) count
Platelet (thrombocyte) count

Mean platelet (thrombocyte) volume**

Lymphocyte count
Monocyte count
Granulocyte count***
Neutrophill count
Eosinophill count
Basophill count

Albumin

Alanine aminotransferase
Alanine aminotransferase
Cholesterol****
Creatining*****
Creatining*****

Complete blood count
Complete blood count
Complete blood count
Complete blood count
Complete blood count
Complete blood count
Complete blood count
Complete blood count
Complete blood count
Complete blood count
Complete blood count
Complete blood count
Complete blood count
Complete blood count
Complete blood count
Complete blood count
Blood di erential
Blood di erential
Blood di erential
Blood di erential
Blood di erential
Blood di erential
Metabolic panel
Metabolic panel
Metabolic panel
Lipid panel
Metabolic panel
Metabolic panel

Both 3.4 9.6 10(9)/L
Male 4.35 5.65 10(12)/L
Female 3.92 5.13 10(12)/L
Male 13.2 16.6 g/dL
Female 11.6 15 g/dL
Male 38.3 48.6 %
Female 35.5 44.9 %
Male 78.2 979 fL
Female 78.2 97.93 fL
Both 27 31 pg/cell
Both 32 36 g/dL
Male 11.8 14.5 %
Female 12.2 16.1 %
Male 135 317 10(9)/L
Female 157 371 10(9)/L
Both 7 9 fL
Both  0.95 3.07 10(9)/L
Both  0.26 0.81 10(9)/L
Both 1.6 7.01 10(9)/L
Both 1.56 6.45 10(9)/L
Both  0.03 0.48 10(9)/L
Both 0.01 0.08 10(9)/L

Both 3.5 5 g/dL
Male 7 55 U/L
Female 7 45 U/L

Both - 200 mg/dL

Male 0.74 1.35 mg/dL
Female 0.59 1.04 mg/dL

C-reactive protein - Both - 5 mg/L
Glycated haemoglobin (HbALc)****** - Both 4 6.5 %

HDL cholesterol**** Lipid panel Male 40 - mg/dL
HDL cholesterol**** Lipid panel Female 50 - mg/dL
LDL direct**** Lipid panel Both - 130 mg/dL

Triglycerides**** Lipid panel Both - 150 mg/dL

Vitamin D - Both 10 80 ng/mL

Note: Clinical guidelines were identi ed from the Mayo Clinic unless otherwise noted
*Clinical guidelines identi ed from Mount Sinai Health System
**Clinical guidelines identi ed from the Clevland Clinic

***Clinical guidelines for total granulocyte count is a sum of the three cellular subtype cuto s

****\Jalues were converted to mmol/L based on this source:

conditions/high-blood-cholesterol/diagnosis-treatment/drc-20350806

***x%\alues were converted to

pmol/L based on this source:
procedures/creatinine-test/about/pac-20384646

https://www.mayoclinic.org/diseases-

https://www.mayoclinic.org/tests-

reekkValues were converted to mmol/mol based on International Federation of Clinical Chemistry guide-

lines

Table C.4: Clinically acceptable ranges for circulating biomarkers collected from Mayo

Clinic guidelines.
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Measure UK Biobank CLSA
White blood cell (leukocyte) count 0.66 0.45
Lymphocyte count 0.34 0.38
Monocyte count 0 -1
Granulocyte count - 0.43
Neutrophill count 0.6 -
Eosinophill count 0.1 -
Basophill count 0.17 -
Red blood cell (erythrocyte) count -0.77 -0.45
Haemoglobin concentration 0.63 0.61
Haematocrit percentage -0.26 0.74
Mean corpuscular volume 2 2
Mean corpuscular haemoglobin 2 2
Mean corpuscular haemoglobin concentration 2 -1
Red blood cell (erythrocyte) distribution width -1 -1
Platelet (thrombocyte) count 0.52 -0.12
Mean platelet (thrombocyte) volume 2 1.57
Albumin 2 -0.44
Alanine aminotransferase -0.13 -0.1
Creatinine -0.53 -0.1
Cholesterol 2 2
HDL cholesterol -0.54 -0.58
LDL direct 2 1.55
Glycated haemoglobin (HbAlc) 0.94 1.03
Triglycerides 0.61 -1
Vitamin D 0.81 1.76
C-reactive protein 0.15 -0.03

Table C.5: Box-Cox lambdas used to normalize the outcome measures in this study.
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Outcome Model Degrees of Freedom  Likelihood Ratio Sig.
Chi-squared
White Blood Cell 2vs. 1 2 649.8 *
3vs.2 3 1244.95 *
4vs. 2 3 13.18 *
5vs.2 1 3.28 NS
6vs.3 3 13.4 *
7vs.3 1 4.27 *
8vs.6 1 491 *
8vs.7 3 14.03 *
9vs. 8 3 3.61 NS
Neutrophil 2vs. 1 2 1055.38 *
3vs.2 3 2492.4 *
4vs. 2 3 5.13 NS
5vs.2 1 3.18 NS
6vs.3 3 5.35 NS
7vs.3 1 4.82 *
8vs.6 1 5.2 *
8vs.7 3 5.73 NS
9vs. 8 3 5.93 NS
Lymphocyte 2vs.1 2 87.12 *
3vs.2 3 457.53 *
4vs. 2 3 4.32 NS
5vs.2 1 0.07 NS
6vs.3 3 4.33 NS
7vs.3 1 0.19 NS
8vs.6 1 0.15 NS
8vs.7 3 4.29 NS
9vs. 8 3 1.17 NS
C-reactive Protein 2vs. 1 2 32.8 *
3vs.2 3 75.2 *
4vs. 2 3 17.64 *
5vs.2 1 0.48 NS
6vs.3 3 17.46 *
7vs.3 1 0.38 NS
8vs.6 1 0.62 NS
8vs.7 3 17.7 *
9vs. 8 3 2.21 NS
Triglyceride 2vs. 1 2 185.87 *
3vs.2 3 1487.72 *
4vs. 2 3 6.05 NS
5vs.2 1 9.03 *
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6vs.3 3 7.47 NS
7vs.3 1 10.73 *
8vs.6 1 9.56 *
8vs.7 3 6.29 NS
9vs. 8 3 0.54 NS

1. outcome PRS + sex + age + covariates

2. outcome PRS + sex + rcs(age, 4) + covariates

3. outcome PRS + sex + rcs(age, 4) + sex:rcs(age, 4) + covariates

4. outcome PRS + sex + rcs(age, 4) + PRS:rcs(age,4) + covariates

5. outcome PRS + sex + rcs(age, 4) + PRS:sex + covariates

6. outcome PRS + sex + rcs(age, 4) + sex:rcs(age, 4) + PRS:rcs(age, 4) +

covariates

7. outcome PRS + sex + rcs(age, 4) + sex:rcs(age, 4) + PRS:sex + covariates

8. outcome PRS + sex + rcs(age, 4) + sex:rcs(age, 4) + PRS:rcs(age, 4) + PRS:sex

+ covariates

9. outcome PRS + sex + rcs(age, 4) + sex:rcs(age, 4) + PRS:rcs(age, 4) + PRS:sex

+ PRS:rcs(age, 4):sex + covariates

Covariates = medication burden + BMI + smoking status + anxiety + depression +

stroke + cancer + Alzheimer's disease + data collection site + fasting time

Note: Sig. is denoted as * if g0.05 and NS if p> 0.05.

Table C.6: Likelihood ratio tests between nested models of increasing complexity in
the UK Biobank.
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Outcome Model Degrees of Freedom  Likelihood Ratio Sig.
Chi-squared

White Blood Cell 2vs. 1 2 111.68 *
3vs.2 3 57.37 *
4vs. 2 3 2.37 NS
5vs.2 1 0.56 NS
6vs.3 3 2.30 NS
7vs.3 1 0.68 NS
8vs.6 1 0.74 NS
8vs.7 3 2.36 NS
9vs. 8 3 1.05 NS

Neutrophil 2vs. 1 2 158.11 *
3vs.2 3 107.62 *
4vs. 2 3 5.87 NS
5vs.2 1 0.03 NS
6vs.3 3 5.49 NS
7vs.3 1 0.00 NS
8vs.6 1 0.00 NS
8vs.7 3 5.49 NS
9vs. 8 3 0.67 NS

Lymphocyte 2vs.1 2 1.33 NS
3vs.2 3 22.40 *
4vs. 2 3 0.77 NS
5vs.2 1 1.75 NS
6vs.3 3 0.76 NS
7vs.3 1 1.59 NS
8vs.6 1 1.61 NS
8vs.7 3 0.77 NS
9vs. 8 3 3.98 NS

C-reactive Protein 2vs. 1 2 4.04 NS
3vs.2 3 4.29 NS
4vs. 2 3 0.92 NS
5vs.2 1 1.28 NS
6vs.3 3 0.92 NS
7vs.3 1 1.22 NS
8vs.6 1 1.22 NS
8vs.7 3 0.92 NS
9vs. 8 3 6.82 NS

Triglyceride 2vs. 1 2 26.69 *
3vs.2 3 50.63 *
4vs. 2 3 0.45 NS
5vs.2 1 0.55 NS
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6vs.3 3 0.51 NS
7vs.3 1 0.33 NS
8vs.6 1 0.41 NS
8vs.7 3 0.58 NS
9vs. 8 3 1.04 NS

1. outcome PRS + sex + age + covariates

2. outcome PRS + sex + rcs(age, 4) + covariates

3. outcome PRS + sex + rcs(age, 4) + sex:rcs(age, 4) + covariates

4. outcome PRS + sex + rcs(age, 4) + PRS:rcs(age,4) + covariates

5. outcome PRS + sex + rcs(age, 4) + PRS:sex + covariates

6. outcome PRS + sex + rcs(age, 4) + sex:rcs(age, 4) + PRS:rcs(age, 4) +
covariates

7. outcome PRS + sex + rcs(age, 4) + sex:rcs(age, 4) + PRS:sex + covariates

8. outcome PRS + sex + rcs(age, 4) + sex:rcs(age, 4) + PRS:rcs(age, 4) + PRS:sex

+ covariates

9. outcome PRS + sex + rcs(age, 4) + sex:rcs(age, 4) + PRS:rcs(age, 4) + PRS:sex

+ PRS:rcs(age, 4):sex + covariates

Covariates = medication burden + BMI + smoking status + anxiety + depression +

stroke + cancer + Alzheimer's disease

Note: Sig. is denoted as * if g0.05 and NS if p> 0.05.

Table C.7: Likelihood ratio tests between nested models of increasing complexity in

the CLSA.
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PRS Mediator Outcome Mediated Direct Proportion Total
PRS Q1 WBC 4.35x10-4 0.015 0.0282 0.0154
PRS WBC Q1 4.63x10-5 0.0311 0.0015 0.0311
PRS Q2 WBC 1.33x10-4 (0.45) 0.0153 0.0086 (0.45) 0.0155
PRS WBC Q2 1.34x10-5 (0.39) 0.0204 6.54x10-4 (0.39) 0.0204
PRS Q3 WBC 4.56x10-5 (0.67) 0.0154 0.003 (0.67) 0.0154
PRS WBC Q3 4.92x10-6 (0.61) 0.0093 5.28x10-4 (0.61) 0.0093
PRS Q1 Neutrophil  5.36x10-4 0.0113 0.0454 0.0118
PRS Neutrophil Q1 4.21x10-5 0.0313 0.0013 0.0313
PRS Q2 Neutrophil  2.82x10-4 (0.09) 0.0115 0.0239 (0.09) 0.0118
PRS Neutrophil Q2 2.08x10-5 (0.08) 0.0203 0.001 (0.08) 0.0203
PRS Q3 Neutrophil  4.67x10-6 (0.93) 0.012 3.89x10-4 (0.93) 0.012
PRS Neutrophil Q3 1.15x10-6 (0.84) 0.0094 1.22x10-4 (0.84) 0.0094
PRS Q1 Lymphocyte 4.78x10-5 (0.82) 0.0071 0.0067 (0.82) 0.0071
PRS Lymphocyte Q1 2.85x10-6 (0.73) 0.0313 9.12x10-5 (0.73) 0.0313
PRS Q2 Lymphocyte 7.09x10-5 (0.63) 0.0072 0.0098 (0.64) 0.0073
PRS Lymphocyte Q2 3.90x10-6 (0.62) 0.0207 1.89x10-4 (0.62) 0.0207
PRS Q3 Lymphocyte 1.35x10-4 (0.25) 0.007 0.0191 (0.26) 0.0071
PRS Lymphocyte Q3 5.63x10-6 (0.23) 0.0093 6.04x10-4 (0.23) 0.0093
PRS Q1 CRP 1.53x10-4 (0.45) 0.0078 0.0193 (0.45) 0.008
PRS CRP Q1 9.60x10-6 (0.45) 0.0307 3.13x10-4 (0.45) 0.0307
PRS Q2 CRP 1.48x10-4 (0.41) 0.0074 0.0196 (0.41) 0.0075
PRS CRP Q2 7.92x10-6 (0.37) 0.0199 3.98x10-4 (0.37) 0.0199
PRS Q3 CRP -1.29x10-4 (0.3) 0.0078 -0.0168 (0.34) 0.0077
PRS CRP Q3 -4.44x10-6 (0.4) 0.0092 -4.85x10-4 (0.4) 0.0092
PRS Q1 Triglyceride 7.38x10-4 0.0111 0.0624 0.0118
PRS Triglyceride Q1 6.65x10-5 0.0289 0.0023 0.029
PRS Q2 Triglyceride 2.64x10-4 (0.13) 0.0119 0.0216 (0.13) 0.0122
PRS Triglyceride Q2 2.23x10-5 (0.17) 0.0183 0.0012 (0.17) 0.0183
PRS Q3 Triglyceride 9.86x10-5 (0.4) 0.012 0.0082 (0.4) 0.0121
PRS Triglyceride Q3 5.69x10-6 (0.56) 0.0082 6.92x10-4 (0.56) 0.0082

Self-harm behaviour as a mediator
Mediator model: Qi

Outcome model:

covariates

biomarker

Q1 = \Ever thought that life was not worth living?"
Q2 = \Ever contemplated self-harm?"

Q3 = \Ever self-harmed?"

Biomarker as a mediator
Mediator model:

biomarker

PRS + sex + rcs(age, 4) + sex:rcs(age, 4) + covariates
PRS + Qi + sex + rcs(age, 4) + sex:rcs(age, 4) +

PRS + sex + rcs(age, 4) sex:rcs(age, 4) + covariates
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Outcome model: Qi PRS + biomarker + sex + rcs(age, 4) + sex:rcs(age, 4) +
covariates

Covariates = BMI + smoking status + stroke + cancer + Alzheimer's disease

Note: E ects are reported from causal mediation analyses using nonparametric boot-
strapped con dence intervals (1000 iterations). E ects are signi cant (p-values 0.05)
unless otherwise reported as \e ect (p-value)"

Table C.9: Mediation models testing bidirectional mediation through self-harm be-
haviors in the UK Biobank.



Figure C.1: Histograms of the pruned measures in the UK Biobank (n = sample size,
m = missing).
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Figure C.2: Histograms of the pruned and Box-Cox transformed measures in the UK
Biobank (n = sample size, m = missing).
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Figure C.3: Histograms of the pruned measures in the CLSA (n = sample size, m =
missing).
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