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Abstract

Adolescent suicide attempts are on the rise, presenting a significant public health concern. Recent research aimed at
improving risk assessment for adolescent suicide attempts has turned to machine learning. But no studies to date have
examined the performance of stacked ensemble algorithms, which are more suitable for low-prevalence conditions. The
existing machine learning-based research also lacks population-representative samples, overlooks protective factors and their
interplay with risk factors, and neglects established theories on suicidal behavior in favor of purely algorithmic risk
estimation. The present study overcomes these shortcomings by comparing the performance of a stacked ensemble algorithm
with a diverse set of algorithms, performing a holistic item analysis to identify both risk and protective factors on a
comprehensive data, and addressing the compatibility of these factors with two competing theories of suicide, namely, The
Interpersonal Theory of Suicide and The Strain Theory of Suicide. A population-representative dataset of 173,664
Norwegian adolescents aged 13 to 18 years (mean = 15.14, SD = 1.58, 50.5% female) with a 4.65% rate of reported suicide
attempt during the past 12 months was analyzed. Five machine learning algorithms were trained for suicide attempt risk
assessment. The stacked ensemble model significantly outperformed other algorithms, achieving equal sensitivity and a
specificity of 90.1%, AUC of 96.4%, and AUCPR of 67.5%. All algorithms found recent self-harm to be the most important
indicator of adolescent suicide attempt. Exploratory factor analysis suggested five additional risk domains, which we labeled
internalizing problems, sleep disturbance, disordered eating, lack of optimism regarding future education and career, and
victimization. The identified factors provided stronger support for The Interpersonal Theory of Suicide than for The Strain
Theory of Suicide. An enhancement to The Interpersonal Theory based on the risk and protective factors identified by
holistic item analysis is presented.

Keywords Adolescent suicide attempt - Risk and protective factors * Optimism and well-being * Self-harm - Eating and
sleep problems
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those at-risk (Carter et al., 2017). Moreover, risk factors are
frequently evaluated in isolation from one another, resulting
in less accurate suicide risk assessment (Franklin et al.,
2017). These shortcomings are not limited to adolescent
suicide attempt risk assessment. They also characterize
existing theoretical frameworks of suicidal behavior, which
are inconclusive about the processes at play in suicidal
behavior development. For instance, questions persist as to
whether suicide attempts follow distinct risk pathways, as
proposed by The Interpersonal Theory of Suicide (Joiner,
2005), or result from the accumulation of a broad range of
psycho-socio-environmental strains as suggested by The
Stain Theory of Suicide (Zhang & Lester, 2008). In brief,
despite years of investment in research and the urgency of
the matter, both the conceptual understanding of factors and
processes related to adolescent suicide attempts and the
ability to identify high-risk adolescents remain woefully
inadequate. Moving beyond this impasse requires a holistic
approach to adolescent suicide that examines both risk and
protective factors across many individual, psychological,
sociological, and environmental domains (Hawton & van
Heeringen, 2009; Van Orden et al., 2010). The current
study leverages large and comprehensive data and machine
learning algorithms to perform a holistic analysis of factors
related to adolescent suicide attempts, identify the most
important risk and protective factors as well as the best-
performing algorithm for adolescent suicide risk assess-
ment, evaluate the face validity of the abovementioned
theories, and finally, propose a comprehensive model for
adolescent suicide attempts in light of its findings.

Risk and Protective Factors for Suicidal Behavior

Various factors from societal, environmental, and psycho-
logical domains have been identified as important con-
tributors to suicidal behavior (Turecki et al., 2019). For
example, economic hardships, low socioeconomic status,
and unemployment are known to increase suicide attempt
risks, particularly for young people (Kim et al., 2016).
Socio-environmental factors such as family dysfunction,
authoritarian parenting styles, impaired interpersonal rela-
tionships, and social isolation are also risk factors associated
with suicidal behavior (Gorostiaga et al., 2019; Sachs-
Ericsson et al.,, 2016). Environmental stressors including
exposure to violence, early traumas (e.g., sexual, physical,
and emotional abuse), and other victimization experiences
also have a strong impact on risk for suicide attempt
(Cha et al., 2018). Family history of suicide (possibly
accompanied by genetic predisposition; see Campos et al.,
2020), exposure to others’ self-harm or suicidal behaviors,
and availability of means of suicide attempt have also been
found to be associated with suicide attempt risk (Hawton &
van Heeringen, 2009; Turecki et al., 2019). In addition,
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mental disorders such as depression, anxiety, eating dis-
orders, self-harm, and substance use, along with certain
personality traits such as impulsivity, are significant psy-
chological factors related to adolescent suicide attempts
(Carballo et al., 2020; Reed et al., 2015). Feelings of frus-
tration stemming from unfulfilled aspirations may also play
crucial roles (Zhang, 2016). Finally, biological factors
(Chang et al., 2016) and behavioral factors such as internet
addiction or extensive use of social media can also
exacerbate the suicide risk (Sedgwick et al., 2019).

Until now, research addressing adolescent suicide has
focused on identifying risk factors, often leaving the
potentially significant role of protective factors (e.g., phy-
sical, mental, and social aspects of well-being) overlooked.
For example, resilience — the ability to recover from
adversities — is associated with better stress management
and emotional coping skills and has been shown to buffer
against suicidal behavior among adolescents with depres-
sive symptoms (Sher, 2019; Yu et al.,, 2021), and may
therefore play a crucial role in reducing vulnerabilities to
suicide attempt. Recent research also accounts for additional
environmental factors previously neglected in studies on
adolescent suicidal behavior such as peer acceptance,
meaningful activities and hobbies, lifestyle, and supportive
school environment (Gallagher & Miller, 2018). Strong
interpersonal relationships and social support from family,
peers, and significant others may likewise be protective
(Miller et al., 2015; Scardera et al., 2020). Finally, key
concepts from Positive Psychology and health promotion
research such as optimism, mastery, self-efficacy, and
happiness may discern important protective factors against
suicidal behavior (Huen et al., 2015; Johnson et al., 2010).

Existing empirical studies suggest that risk and protec-
tive factors for suicidal behavior can be found in societal,
economic, environmental, psychological, and individual
domains. But a comprehensive understanding of these fac-
tors is yet to be achieved (Hawton et al., 2012). One
plausible reason is that most factors have been examined in
isolation (Franklin et al., 2017). Studies that have aimed to
be more holistic tend to compare individually studied fac-
tors in an additive manner while neglecting their interaction,
overlap, or unique contributions to suicide risk, thus pro-
viding an incomplete picture (see for instance, Carballo
et al., 2020). Indeed, meta-analyses investigating multiple
risk factors for suicide attempts have revealed weak asso-
ciations, casting doubt on the utility of risk factors studied
in isolation with respect to actually predicting and pre-
venting suicide attempts (Bentley et al., 2016; Ribeiro et al.,
2016, 2018). Failing to consider the interconnectedness of
risk and protective factors is likely to result in over-
simplified understandings of their mechanisms and to mis-
direct research and clinical practice (Rothenberg et al.,
2023). In sum, there is an urgent need for rigorous holistic
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analysis to better understand both risk and protective factors
of suicidal behavior.

The Interpersonal Theory of Suicide vs. The
Strain Theory

Theories are born from clinical and empirical observations
and, conversely, empirical research is often guided by an
existing theoretical framework. Thus, similar to the above-
mentioned studies of risk and protective factors, theories of
suicide tend to span psychological, interpersonal, societal,
and economic domains (for review, see Gunn & Lester,
2015). At the same time, current theories of suicidal beha-
vior may also be expected to echo the limitations of con-
temporary empirical research. Notably, overfocusing on risk
factors, being skewed towards adult rather than adolescent
suicidal behavior, and overlooking protective factors and
their interplay with risk factors are some of the limitations
of current theories (O’Connor & Nock, 2014). Related to
these limitations, existing theories present conflicting
accounts of the underlying mechanisms that contribute to
the development of suicidal behavior, which remains one of
the unaddressed gaps in the literature on adolescent suicide.
This is particularly evident with respect to two recent and
widely cited theories: The Interpersonal Theory of Suicide
(Joiner, 2005) and The Strain Theory of Suicide (Zhang &
Lester, 2008).

Developed by Joiner (2005), The Interpersonal Theory of
Suicide is an influential and extensively-researched frame-
work for understanding suicidal behavior. It belongs to the
ideation-to-action family of suicide theories, which assume
that the development of suicidal behavior and progression
from suicide ideation towards suicide attempt follow dis-
tinct processes (for review, see Klonsky et al., 2018).
Within this framework, Joiner’s theory posits that suicidal
behavior is rooted in two interpersonal issues: thwarted
belongingness and perceived burdensomeness. Thwarted
belongingness emerges when individuals feel alienated and
disconnected from others, which intensifies feelings of
loneliness, despair, and hopelessness. Burdensomeness
occurs when individuals perceive themselves to be a burden
on others, leading to a sense of worthlessness. While these
factors can fuel suicidal ideation, the theory asserts that
actual suicide attempt further requires an acquired capability
for suicide that is developed by confronting death and
habituating to pain. Self-harm as well as trauma and victi-
mization experiences are incorporated into the theory as
contributing factors (Buchman-Schmitt et al., 2014; Van
Orden et al., 2010).

The Strain Theory of Suicide, in contrast, does not
account for distinct developmental processes. Here, suicide
attempts are seen to result from various sociological and
psychological strains that lead to a distortion of coping

mechanisms (Zhang & Lester, 2008). The Strain Theory
expands on Durkheim’s (1897) classic theory of suicide,
which is based on societal-level factors such as value strains
(comparable to Durkheim’s Anomie) as well as interpersonal
problems and individual-level risk factors (Zhang, 2016).
Specifically, this theory proposes four strain types: value
strain, conceived as a failure to accommodate conflicting
beliefs or expectations that cause cognitive dissonance;
deprivation strain, such as relative socio-economic depriva-
tion; aspiration strain, or the discrepancy between aspiration
and reality; and coping strain, marked by deficient coping
skills and strategies to face crises (Zhang, 2019).

The Interpersonal Theory and The Strain Theory present
contrasting frameworks for conceptualizing suicide risk
factors. While The Interpersonal Theory posits specific
pathways along which individuals transition from suicidal
ideation to action, The Strain Theory adopts a statistics-
oriented approach, acknowledging diverse strains across
multiple domains. The present study proposes that a holistic
analysis of risk and protective factors can shed light on
whether suicide attempt risk is better conceived as an
amalgamation of various strains or as a developmental
process from ideation to action. This clarification is fun-
damental for adequately conceptualizing adolescent suicidal
behavior and identifying effective preventive measures.
Furthermore, a rigorous holistic analysis can identify unique
contributors to suicide attempt risk that are not encom-
passed by current theories, thereby enhancing the current
theoretical frameworks, particularly for adolescents.

Machine Learning in Suicide Research

In recent years, machine learning has emerged as a pro-
mising tool for research on suicide (Linthicum et al., 2019).
Unlike traditional statistical methods, machine learning
models do not assume linear relationships, can analyze a
multitude of variables and their interactions, and remain
unaffected by multicollinearity between items (Ley et al.,
2022). This approach has led to higher classification accu-
racy compared to conventional clinical tools or classical
statistical models (Lin et al., 2020). Despite the promising
progress in suicide risk estimation, previous machine
learning research has been hampered by significant limita-
tions including a lack of nationally representative
population-based samples, small sample sizes with low
prevalence of suicidal behavior, neglecting protective fac-
tors, and a failure to include data on lifestyle factors and
hobbies, which are particularly important in the context of
adolescent suicidal behavior. Additionally, most machine
learning studies rely excessively on a few algorithms such
as Random Forest and LASSO regression (Burke et al.,
2019), disregarding algorithms that may be more adequate
to the statistical properties of suicidal behavior (Kirtley
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et al., 2022; Schafer et al., 2021). For instance, stacked
ensemble algorithms that are particularly effective for
addressing low prevalence outcomes such as suicide
attempts (see Methods section) have not been utilized for
suicide attempt classification (Haghish et al., 2023). Fur-
thermore, the separation between ‘theory-driven’ and ‘data-
driven’ in mental health studies (Rothenberg et al., 2023) is
evident among recent machine learning studies on suicidal
behavior, which primarily focus on algorithmic risk esti-
mation and overlook established theories, which in turn
limits their implications in both research and practice (see
for example, Jung et al., 2019). Nevertheless, machine
learning can make an important contribution to research on
suicide risk, insofar as it can be used to identify and rank
risk and protective factors in a more comprehensive manner
while simultaneously taking a multitude of variables into
account (Konig et al., 2021). This holistic data-driven
procedure can identify factors that provide unique con-
tributions to the model, which can help to validate existing
theories or formulate new models of suicidal behavior. In
this sense, cutting-edge machine learning algorithms, such
as stacked ensembles, are vital for research: more accurate
risk estimation means the identified risk and protective
factors are likelier to achieve a higher predictive validity.
Falling short of the latter is a major limitation of current
theories of suicidal behavior (Schafer et al., 2021).

Current Study

There is a pressing need for effective methods to identify
adolescents at risk of attempting suicide, and machine
learning techniques appear to be a promising tool. Yet, the
current body of knowledge is limited by small sample sizes,
neglect of promising advanced stacked ensemble algo-
rithms, focus on risk but not protective factors, and omis-
sion of contextual data. Moreover, machine learning studies
of suicidal behavior overemphasize algorithmic risk esti-
mation while ignoring established theoretical models of
suicide, which limits their implications in research and
practice. This study bridges these gaps by drawing on a
large dataset representative of the population of Norwegian
adolescents and using multiple machine learning algorithms
to address three research questions. First, which machine
learning algorithm performs best for suicide attempt clas-
sification, and does a stacked ensemble model (see Methods
section) yield better performance compared to other popular
models? Second, what are the most important survey items
related to adolescents’ suicide attempts, and can these be
clustered together to reveal shared underlying risk and
protective factors? Third, do the identified latent factors
provide face validity for The Interpersonal Theory of Sui-
cide or The Strain Theory of Suicide, and are other
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important risk and protective factors overlooked by these
theories that can be added to enhance these models? Eval-
uating the face validity of influential theories within such
rigorous procedure also examines whether they are relevant
to adolescent suicide attempts. These questions are inter-
connected because the validation of current theories of
suicide requires reliable risk and protective factors, which in
turn depends on accurate suicide attempt risk estimation.
Thus, comparing the performance of advanced machine
learning algorithms is the building block of the current
study. To the best of the authors’ knowledge, the large
sample size and the diversity of machine learning algo-
rithms utilized make this study one of the largest and most
comprehensive studies on adolescent suicide attempts to
date. In addition, the present publication is unprecedented in
its use of machine learning to make a purely data-driven
assessment of theories of suicide.

Methods
Participants

The present study used a subset of the Ungdata survey, a
large-scale survey representative of the population of
Norwegian adolescents, collected from 2014 to 2019.
Ungdata is regarded as the most comprehensive source of
information on adolescent health and life situation in
Norway (Ungdata.no). The analyzed subset is comprised of
the 173,664 adolescents who participated in the survey and
responded to the recent suicide attempt item. Of this sam-
ple, 49.5% were boys and 50.5% girls, ranging in age from
13 to 18 years (mean = 15.14, SD = 1.58). Participation
was voluntary and informed consent for participation was
obtained from all participants and their parents prior to
assessment. The data were collected in schools via in-
classroom digital questionnaires during regular school
hours in almost all Norwegian municipalities. The data
include no personal identifiable information, and the survey
procedure is approved by Norwegian Centre for Research
Data (NSD).

Measures

The dataset included 550 survey items encompassing a
wide range of domains such as individual characteristics,
demographic factors, societal influences, psychological
aspects, behavioral factors, hobbies and lifestyle, and
living environment. These items are broadly described
within several domains, and examples of items are given.
Due to the large number of analyzed items, detailed
description and documentation of the items as well as
their response options is omitted here and provided in the
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Open Science Framework (OSF) repository of the project:
https://osf.io/agsfy/.

Suicide Attempts and Self-harm

Participants were asked three questions related to suicidal
and non-suicidal self-harm behaviors. Recent suicide
attempts were assessed using a single binary item that
asked respondents: “Have you tried to take your own life
in the past 12 months?” Additionally, participants were
queried about self-harm with two items: “Have you tried
to harm yourself in the past 12 months?” and “Have you
ever tried to harm yourself?” For all three questions,
participants were provided the response options of “yes”
or “no”.

Socio-demographic and Family Living Environment

Participants answered a variety of demographic and back-
ground questions, such as age, gender, and sexual orienta-
tion. In addition, they were asked to assess various aspects
of their family environment, including family affluence as
well as objective and subjective socio-economic status
(Currie et al., 1997; Torsheim et al., 2016). For example,
participants were asked to respond to questions such as “Do
you have your own bedroom?” and “How many times have
you travelled somewhere on holiday with your family over
the past year?’ They also rated statements such as “My
parents struggle to pay for the essentials (food, rent, phone
bill, etc.)” and “My parents don’t have enough money to
pay for various leisure activities that I would like to take
part in” using a Likert scale, with responses ranging from
“completely agree” to “completely disagree.” These items
are a few examples of several items that provided com-
prehensive  information about adolescents’
demographic and family living environment.

socio-

Perceived Deprivation, Aspiration, and Optimism
Regarding Future

Perceived deprivation was measured with several items
asking participants about the quality of their school,
neighborhood safety, municipality environment, and their
interest in living in the same municipality in the future. For
example, items such as “How much do you like the local
area where you live?”, “When you are out in the evening,
do you feel safe on roads and streets in the nearest town or
village center?” and “Overall, do you like living in your
area, or would you move if you could?” reflected on par-
ticipants’ opinions about their local living environment. A
series of questions also probed personal, educational, and
vocational aspirations, future life and career expectations,
current life satisfaction, and optimism regarding future

personal, education, and career achievements and satisfac-
tion. For instance, items asked, “Do you think that you will
be unemployed at some point in your life?” and “Do you
think that you will have a good, happy life?”

Mental Health

The dataset included a comprehensive assessment of
multiple dimensions of mental health among the partici-
pants. Depressive and anxiety symptoms were assessed
with Hopkins Symptom Checklist (Derogatis, 1983). In
addition, the UCLA Loneliness Scale (Franzoi & Davis,
1985), and the self-perception profile for adolescents
(Wichstraum, 1995) were also administered. Several
conduct problems were assessed with the Olweus anti-
social behavior scale (Olweus, 1989) and a set of items
from the National Longitudinal Youth Survey (Windle,
1990). Substance use was examined across a range of
legal and illegal substances, including doping and
performance-enhancing substances, alcohol, cigarettes
and other tobacco products, cannabis, and other illicit
substances. For example, an item asked, “Have you ever
used hash, marijuana, or cannabis?” and other items
inquired about the frequency of consumption of the
mentioned substances for various recall periods, provid-
ing details about recent and lifetime substance use.

Physical Health, Health Behavior, and Well-being

Physical health was measured with several items asking
about experiences of localized pain, abdominal pain,
headaches, hospitalization, sleeping problems, and fre-
quency of missing school-days due to various illnesses. The
survey also included inquiries about healthy activities such
as engagement in physical exercise and spending time in
nature. For example, one of the items asked, “How often do
you go hiking or walking in the countryside?”” Furthermore,
participants’ dietary habits were examined, encompassing
variables related to junk food consumption and healthy
diets. For instance, the frequency of consuming vegetables,
fruits, whole meal breads, fast food, street food, junk food,
diet drinks, and energy drinks was assessed. For instance,
one of the items asked, “How often do you drink energy
drinks (Red Bull, Battery, etc.)?” The dataset also captured
information about a diverse range of indoor and outdoor
individual and group sports activities. Finally, participants’
opinions regarding the health consequences of substance
use were also collected. For example, one item asked, “How
damaging to your health do you think smoking hash, mar-
ijjuana, and cannabis are?” In sum, the dataset included
information about adolescents’ physical health, diet, and
activities for promoting health, as well as their opinions
about consuming hazardous substances.
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Interpersonal Relationships, Belongingness, and
Social Well-being

Adolescents’ relationships with family members, relatives,
teachers, and peers were evaluated. Additionally, assess-
ments included their sexual and romantic relationships, as
well as their feeling of alignment with those around them,
group memberships, and inclinations for participation in
both small and larger group settings. For example, one item
asked participants to rate the statement “I often feel in tune
with the people around me” on a Likert scale. Participants
were also asked about the relative compatibility of their
values with values held by significant others such as par-
ents. This included topics about online and offline inter-
personal interactions as well as parental supervision of
online and offline activities. For instance, participants were
asked to respond to statements such as, “My parents are
very strict about me not drinking alcohol”, “My parents
know the people I chat with on the Internet” and “Have your
parents or anyone else ever said that they are worried
about your gaming?”

Victimization Experiences

The survey examined adolescents” experiences of victimi-
zation and cybervictimization, including online and offline
incidents such as bullying, physical assault within the
family or school setting, and instances of physical, verbal,
or sexual harassment (Stefansen et al., 2009). For instance,
items asked, “How many times have you received bullying
messages via mobile phone?” and “Over the past year, how
many times have you been in a fight?” In addition, the
survey contained questions about victimization experiences
related to substance use, such as, “Have you been the victim
of robbery or theft because you were drunk?” and “Have
you had unwanted sexual experiences as a result of drink-
ing alcohol?”

Hobbies

The survey captured detailed information about partici-
pants’ hobbies, including individual and group activities
within and outside of school, involvement in youth clubs,
participation in various organizations, and different ways of
spending time at home or with friends (e.g., in a shopping
mall or outside a convenient store). Participants’ media
usage, engagement with social media platforms, internet
addiction, as well as both online and offline video gaming
were assessed, providing an overall picture of participants’
hobbies. For example, items that assessed videogaming
included, “How often do you play computer or video
games?”, “Do you think that you spend too much time
gaming?”, “Have your parents or anyone else ever said that
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they are worried about your gaming?”’, “Have you tried to
reduce the amount of time that you spend gaming without
managing to?”, “Has your gaming led to conflicts or
arguments in your family?”, and “Have you missed school
due to gaming?”, providing information about the extent of
videogaming and how it might influence adolescents’ rela-
tionships and academic performance.

Statistical Analysis
Missing data imputation

The present study contains no missing observations with
regard to the outcome variable — recent suicide attempt —
because only participants who responded to this item were
included. Moreover, the outcome variable was excluded in
the imputation process and reattached to the imputed dataset
afterwards. The missing observations were imputed with
version 0.3 of the m1im R package (Haghish, 2022c¢). This
software uses an advanced machine learning imputation
algorithm and has been found to outperform other popular
missing data imputation packages (Haghish, 2023b).

Base-learner and stacked ensemble algorithms

This study uses two types of supervised machine learning
algorithms: base-learner algorithms and stacked ensemble
algorithms. A base-learner algorithm is a single machine
learning model that makes predictions based on data. A
stacked ensemble algorithm (meta-learner) combines mul-
tiple base-learners to improve predictive performance by
leveraging their individual strengths (Van der Laan et al.,
2007). Using the h2o machine learning software version
3.37 (H20.ai, 2023), this study trained a diverse set of
base-learners including FElastic Net (ELNET), Gradient
Boosting Machines (GBM), Random Forest (RF), and
Extreme Gradient Boosting (XGBoost; Chen et al., 2023).
To train the stacked ensemble model, the autoEnsemble
R package version 0.2 (Haghish, 2023a) was employed,
which specializes in building a stacked ensemble model for
imbalanced outcomes, which are outcomes with low pre-
valence (see below). Thus, this algorithm seems suitable for
classifying recent suicide attempts, which have a low pre-
valence in the population.

Procedure

Figure 1 shows the procedure of training and testing the
base-learners and the stacked ensemble model. As shown in
Fig. 1, the data were split into training and testing datasets
using stratified random sampling without replacement. The
stratified random splitting ensures that both training and
testing datasets maintained identical prevalence of
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Fig. 1 Procedure of tuning and testing the base-learners and the
stacked ensemble model

participants who reported recent suicide attempts. The
training dataset, comprising 80% of the data (N = 138,931),
was used to train' the models, while the remaining 20%
formed the testing dataset (N = 34,733), utilized for eval-
uating the performance of the best models. The algorithms’
parameters were fine-tuned using random search and 10-
fold cross-validation, aiming to maximize Area Under the
Precision-Recall Curve (AUPRC). All reported perfor-
mance metrics in the results section are based on the testing
dataset, providing a reliable assessment of the models’
performance on unseen data with a large sample size.

Severe class imbalance The prevalence of recent suicide
attempts (during the past 12 months) is expected to be low,
that is, no more than a few percentage points. In models
training with low prevalence of the outcome variable, a
severe class imbalance problem arises, which can introduce
bias during model training and performance evaluation,
favoring the majority who do not report a recent suicide
attempt (Jeni et al., 2013). For example, if the prevalence of

! This study utilizes supervised machine learning algorithms, which
are trained on a labeled outcome i.e., ‘recent attempted suicide’ vs. ‘no
recent attempted suicide.” In this context, ‘training’ and ‘fine-tuning’ a
model refers to the processes of teaching an algorithm to make a
suicide risk estimation and classification and also, tune the parameters
of the algorithm to minimize error.

recent suicide attempts is 4%, an impractical model that
assumes none of the participants attempted suicide will have
a classification accuracy of 96% because most of the par-
ticipants indeed did not attempt suicide, highlighting the
problem of severe class imbalance. To address this problem,
the training dataset was balanced with an undersampling
strategy, randomly removing some of the non-suicidal
participants to create a training dataset with equal number of
positive and negative instances, that is, a training dataset
where the prevalence of recent suicide attempt is 50.0%, in
order to better train and evaluate the model (Dal Pozzolo
et al., 2015). Crucially, this procedure left the testing dataset
untouched, such that the original prevalence of recent sui-
cide attempts remained withheld. The fine-tuned models
were then calibrated with monotonic transformations, as
implemented in the h20 software, to ensure that the models
will expect the original prevalence of recent suicide
attempts in the testing dataset (Fernandez et al., 2018; Kuhn
& Johnson, 2013).

Model performance comparison For each base-learner
algorithm, the best model was selected based on which
model in the training dataset had the highest AUPRC,
which is the most suitable performance metric under severe
class imbalance (Davis & Goadrich, 2006). However, to
allow comparison of the results of this study with other
machine learning studies on suicide attempt classification,
the Area Under the Curve (AUC) of the Receiver Operating
Characteristic (ROC) curve is also reported. Direct com-
parison of sensitivity and specificity among different mod-
els was also facilitated by calculating a point on the ROC
curve where both sensitivity and specificity of the classifi-
cation model are equal, using the adjROC R package®
(Haghish, 2022a). Finally, the h2otools R package
(Haghish, 2022b) was used to compare the performance of
the best models with bootstrapping from the testing dataset
(n =2000). This package reports Cohen’s D statistics in
order to compare performance metrics between models and
indicates whether differences in performance are due to
chance.

2 Notably, the sensitivity and the specificity of the model depend on
the cutoff value in the estimated risk used for classification, and more
importantly, different models apply different cutoff values. This results
in high diversity among the sensitivity and specificity values of the
models, such that these two values are no longer useful for comparing
the performance of different models, which is one of the common
limitations in machine learning studies of mental health. The adjROC
package resolves this problem by calculating not only the point in the
ROC curve where sensitivity and specificity are equal, but also the
confidence interval of that point, thus providing an easy-to-interpret
performance measure for comparing different machine learning
models.
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Variable importance In machine learning, variable
importance is a measure of how much a specific variable
(i.e., a survey item) contributes to the model’s predictions.
Identifying which variables provide unique contributions to
the model is one way that machine learning can advance the
understanding of suicide attempt risk and its underlying
factors. Here, variable importance was calculated from the
best base-learner models using the h2o R package’
(H20.ai, 2023). To make the variable importance compar-
able between models, the h2o software scales them to range
from O to 1. The top 10 variables for each of the trained
base-learners are reported. The autoEnsemble algorithm is
trained on the base-learners’ predictions and therefore
cannot generate items’ importance.

Exploratory factor analysis After identifying the most
important items related to adolescent suicide attempts in the
survey data, Exploratory Factor Analysis (EFA) was con-
ducted to assess whether these items reflect common
underlying latent factors or risk domains. Since these items
are expected to be diverse and belong to different domains,
grouping them together may improve understanding of the
prominent risk or protective factors related to suicide
attempts across domains. To perform the EFA and identify
the number of latent factors, parallel analysis was carried
out using the psych R package (Revelle & Revelle, 2015).
The Maximum Likelihood estimator with Promax rotation
was used. For EFA on mixed-type data, where strong linear
relationships between the items are not expected, model
performance metrics for factor reliability (e.g., the Tucker-
Lewis Index or TLI and Root Mean Square Error of
Approximation or RMSEA) have been shown to be useful
additional metrics for EFA model evaluation (Finch, 2020;
Haghish et al., 2023). Following these suggestions, good
model fit criteria for the EFA model were defined as having
RMSEA lower than 0.08 and ideally near 0.05, as well as a
value of TLI above 0.9 (Xia & Yang, 2019).

Face validity for existing theoretical models The latent
factors identified through EFA are data-driven; that is, the
selection of items and construction of factors are conducted
without making assumptions about the data or existing
models of suicide. The factors derived from EFA are
selected from a large pool of 550 items spanning multiple
domains and comprise items that make unique contributions
to the classification models for suicide attempts. These
items provide the core information to highly predictive

3 For the ELNET algorithm, the size of regression coefficients
between independent items and the outcome indicates the variables’
importance, whereas for tree-based algorithms such as GBM, RF, and
XGBoost, variable importance was calculated based on gains of the
loss function or reduction in error in the process of constructing
decision trees.
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machine learning models. (This also hints at the potential
predictive validity of the resulting EFA model, but dis-
cussing this point is outside the scope of the present article.)
Additionally, the achievement of a good model fit for the
EFA would demonstrate its construct validity. Therefore, by
aligning the latent factors of the EFA model with factors
derived from existing theoretical models, face validity for
the latter can be established. Following common practice
(see for instance, Goswami et al., 2013), this approach can
substantiate the existing models by showing that the sug-
gested EFA model clusters are conceptually coherent with
established theories.

Results
Descriptive Statistics

Of 173,664 adolescents, 4.65% (N = 8090, 3.42% male,
5.86% female) reported a recent suicide attempt during the
past 12 months. The Fisher’s test revealed that gender was
statistically significant with respect to the prevalence of
reported suicide attempt, with higher prevalence among
girls (OR =0.57, p<0.0001). For girls, the prevalence of
suicide attempt was also higher among junior highschoolers
(age 13 to 15, mean prevalence =6.33%) than senior
highschoolers (age 16 to 18, mean =5.18%), and the dif-
ference  was  statistically  significant (OR =1.23,
p <0.0001). For boys, the prevalence was 3.26% for junior
highschoolers and 3.65% for senior highschoolers, and the
difference was not due to chance (OR = 0.89, p =0.001).

Model Performance

As noted above, the best way to compare the performance
of the trained models is to evaluate their AUCPR metrics,
which are less biased under severe class imbalance. Table 1
presents the sensitivity, specificity, AUPRC, AUC, as well
as the 95% Confidence Intervals (CI) of these metrics for all
trained models. Although all models yielded excellent AUC
values above 93%, their AUPRC varied largely, suggesting
that some algorithms may have been more compromised
than others by severe class imbalance. Among the five
algorithms compared, the autoEnsemble stacked ensemble
algorithm provided the highest AUCPR as well as highest
AUC, sensitivity, and specificity, thus considerably out-
performing all the base-learner models. The autoEnsemble
reached equal sensitivity and specificity of 90.1%, AUPRC
of 67.5%, and AUC of 96.4%. The second-best model was
XGBoost with AUPRC of 61.9%. The AUPRC of auto-
Ensemble was 5.6% higher than the XGBoost model, which
was statistically significant (D = 13.69, p =0.0005). The
results also indicate that the stacked ensemble model
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Table 1 Performance of the best

base-learner models and the Algorithm

Sens*Spec (95% CI)

AUPRC (95% CI)

AUC (95% CI)

stacked ensemble model Base-learner

ELNET
GBM
RF
XGBoost

0.880 (0.879-0.887)
0.889 (0.883-0.896)
0.860 (0.851-0.868)
0.894 (0.886-0.902)

0.548 (0.524-0.574)
0.547 (0.520-0.573)
0.455 (0.433-0.484)
0.619 (0.595-0.643)

0.946 (0.941-0.951)
0.950 (0.946-0.955)
0.932 (0.927-0.937)
0.957 (0.953-0.961)

Stacked ensemble

autoEnsemble

0.901 (0.893-0.908)

0.675 (0.653-0.697) 0.964 (0.961-0.976)

Sens*Spec the crossing-point in the ROC curve for equal sensitivity and specificity, ELNET Elastic Net,
GBM Gradient Boosting Machines, RF Random Forest, XGBoost Extreme Gradient Boosting, AUPRC Area
Under the Precision-Recall Curve, AUC Area Under the Curve, CI confidence interval

significantly outperformed all base-learners. It is note-
worthy that the AUCPR of the XGBoost algorithm was also
7.2% higher than that of GBM - the third-best model — and
that this performance difference was statistically significant
(D =12.80, p =0.0005).

Variable Importance

The variable importance was calculated for all base-learner
models, as shown in Table 2. As noted, important variables
are those that provide unique information to the model,
aiding the model to make more accurate suicide attempt risk
estimation. Among the 550 psycho-socio-demographic
items that were entered as potential suicide attempt indi-
cators, all models agreed that “recent self-harm™ was the
most important item related to suicide attempts. Further-
more, all models identified “life-time self-harm” and “felt
worthless” items among the top-ten most important vari-
ables. Items related to depression, anxiety, optimism
regarding future education and employment, sleeping pro-
blems, and frequently missing school days also emerged as
important in several models. Note that items’ importance
does not necessarily indicate any causal relationship, linear
relationship, or correlation with suicide attempt. Instead, it
merely reflects the unique information contributed to the
model by each item.

Exploratory Factor Analysis

To gain a more nuanced understanding of the important
items related to adolescent suicide attempts, exploratory
factor analysis was performed to cluster the important items
and explore potential latent factorial structures reflected by
the items. Prior to EFA, binary items such as “contact with
health service” as well as self-harm items were excluded.
The parallel analysis suggested 6 factors. However, in the
6-factor model, the items of the 6™ factor had stronger
loading on other factors. Thus, a 5-factor solution was
implemented. This model had RMSEA of 0.057 and TLI of

Table 2 The most important items according to the best of the base-
learners

Items XGBoost GBM ELNET RF
Recent self-harm® 1.000 1.000 1.000 1.000
Life-time self-harm* 0.042 0.994 0.486  0.831
Felt worthless 0.132 0.143 0.203  0.507
I throw up after eating 0.057

Not falling asleep before 2 AM  0.057 0.556
Optimism regarding future 0.054 0.215 0.640

education & career
Contact with health service® 0.049 0.143 0.241

My parents are disappointed 0.047
with me

Number of school days missed  0.037 0.332
Felt unhappy, sad, or depressed 0.023 0.198 0.208
Problems falling asleep 0.221 0.385
I am content with myself 0.101

Been angry recently 0.100

Being hit by an adult in the 0.098

family

Felt nervous or uneasy 0.121
Hopelessness about future 0.116

Being teased or threatened 0.105
online

Feeling so much pressure 0.102
Feeling lonely 0.102

Woken up early and couldn’t 0.530
sleep again

I tend to blame yourself for 0.351
things

I feel food controls my life 0.325

“Binary items that will be excluded in EFA

0.952, demonstrating good fit. It is noteworthy that
repeating the EFA with WLSMV estimator, instead of
Maximum Likelihood estimator, resulted in a similar model
and comparable factor loadings. Table 3 presents the factor
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Table 3 Exploratory factor analysis with 5-factor solution

Items Internalizing Sleep disturbance  Disordered eating ~ Optimism & Victimization
Problems burdensomeness experiences

I tend to blame myself for things 0.895

Felt unhappy, sad, or depressed 0.893

Felt worthless 0.851

Felt nervous or uneasy 0.760

Hopelessness about future 0.736

Feeling so much pressure 0.684

Feeling lonely 0.777

I am content with myself 0.545

I have been angry recently 0.507

Not falling asleep before 2 AM 0.998

Problems falling asleep 0.811

Woken up early and couldn’t sleep again 0.840

Number of school days missed 0.316

I throw up after eating 0.780

I feel food controls my life 0.610

Future education & career optimism 0.309 0.512

My parents are disappointed with me 0.471 0.478

Being hit by an adult in the family 0.739

Being teased or threatened online 0.444

Note: Self-harm items, which were the most important items related to adolescent suicide attempts, were excluded from the EFA because they were

binary

loadings of a 5-factor solution EFA. As shown in Table 3,
the five factors corresponded to internalizing problems,
sleep disturbance, disordered eating, burdensomeness and
lack of optimism regarding future education and career, and
victimization experiences.

Discussion

Research on adolescent suicide attempts is limited by a lack
of reliable tools for identifying at-risk adolescents, scant
knowledge about the interrelation of risk and protective
factors, and conflicting theories of suicide that, moreover,
focus on adult rather than adolescent populations. The
present study addresses these challenges multi-dimension-
ally, that is, at methodological, empirical, and theoretical
levels. Methodologically, it compared a diverse set of
advanced machine learning algorithms, including a stacked
ensemble algorithm, using a large and comprehensive
dataset for identifying adolescents at risk. Accordingly, the
findings demonstrate that the autoEnsemble model is the
best-performing algorithm with the highest AUCPR, sig-
nificantly outperforming other examined algorithms. This
finding suggests that autoEnsemble algorithm is a superior
classification algorithm for classifying suicide attempts and
it could be implemented towards early identification of at-
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risk adolescents, which is vital for a timely intervention
(Jones et al., 2019). At the empirical level, the study per-
forms a holistic analysis of risk and protective factors to
identify the most important factors associated with adoles-
cent suicide attempts, while taking their interplay into
account. This resulted in identifying 6 latent factors
including both risk and protective factors, a noteworthy
finding that addresses an important gap in the literature.
Finally, at a theoretical level, it uses its findings to assess
the face validity of two widely-cited but contrasting con-
temporary theories of suicide, The Interpersonal Theory of
Suicide and The Strain Theory of Suicide. The results
support the Interpersonal Theory of suicide and suggest an
enhancement to this model.

Transitioning towards Stacked Ensemble Suicide
Attempt Risk Assessment

To date, machine learning studies of suicide have been
methodologically limited in that they rely on a handful of
popular algorithms, do not address the statistical problem of
class imbalance, and are based on small and/or narrow
datasets. The present study addressed these gaps by training
a diverse set of machine learning algorithms, including
multiple base-learners (Elastic Net, Gradient Boosting
Machines, Random Forest, and Extreme Gradient Boosting)
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and a stacked ensemble algorithm; by drawing on a large
comprehensive dataset, and by implementing a rigorous
methodological procedure to address the severe class
imbalance problem. Altogether this facilitated optimized
identification of the most important risk and protective
factors.

In line with recent successes of stacked ensemble algo-
rithms for modeling imbalanced outcomes in healthcare
research (Sowjanya & Mrudula, 2023), the findings of this
study showed that the autoEnsemble algorithm (Haghish,
2023a) significantly outperformed all base-learner models.
This model significantly outperformed all fine-tuned popu-
lar base-learner models and could classify 90.1% of ado-
lescents reporting a recent suicide attempt as well as 90.1%
of adolescents not reporting a recent suicide attempt. To the
authors” knowledge, the autoEnsemble model, which
reached a high AUPRC of 67.5% and an AUC of 96.4%,
achieves the highest performance in suicide attempt classi-
fication reported from cross-sectional data among adoles-
cents to date (Bernert et al., 2020; Haghish et al., 2023).
These breakthrough findings highlight the utility of auto-
Ensemble stacked ensemble algorithms for suicide attempt
risk estimation and identifying at-risk adolescents. Future
research should investigate whether the superior perfor-
mance of the autoEnsemble algorithm extends to the clas-
sification of other low-prevalence outcomes in social and
health research. If confirmed by future studies, the approach
presented in this article could be adapted to tackle other rare
conditions, thereby comprising a more general scientific
contribution.

Holistic Analysis of Risk and Protective Factors

A major shortcoming of existing studies of adolescent sui-
cide attempts relates to the methodological failure or
inability to explore relationships among potential risk fac-
tors, rather than assessing risk factors in isolation, and to the
frequent omission of potential protective factors from ana-
lysis. To address these problems, the present study posited
that a holistic set of items from various personal, inter-
personal, socio-economic, environmental, and psychologi-
cal domains can be assessed simultaneously by using
machine learning techniques and drawing on a large,
comprehensive dataset. The accuracy of the resultant
models, which ranged in AUC from 93.2% to 96.4%,
indicates that the models were highly effective in assessing
adolescent suicide attempt risk. Furthermore, the risk and
protective factors identified offer substantial insights for
understanding adolescent suicide attempts.

The analysis identified several factors and indicators.
Self-harm tendencies emerged as the most important indi-
cator of suicide attempts, corroborating the existing litera-
ture on adolescent suicidal behavior (for review, see

Hawton et al., 2012). The EFA identified 5 additional fac-
tors that corroborate the existing literature. First, the infer-
nalizing problems factor encompassed items associated with
depressive symptoms, anxiety, irritability, loneliness,
hopelessness, worthlessness, self-blame. These symptoms
and indicators are well-studied in relation to adolescent
suicide attempts and prevention (Reyes-Portillo et al.,
2014). For instance, depression screening instruments have
been used to evaluate adolescents’ suicide risk (Davis et al.,
2021). Loneliness has also been linked to suicide ideation
among adolescents (Khatcherian et al., 2022), and a recent
meta-analysis has underscored loneliness as a major pre-
dictor of suicide ideation and behavior among adolescents
in particular (McClelland et al., 2020). Similarly, there is a
growing literature on the link between irritability and ado-
lescent suicidal behavior, which is also supported by the
results of this study (Benarous et al., 2019). Interestingly,
however, the item “I have been angry recently”, grouped
under the internalizing problems, and no other item related
to externalizing problems emerged as important. Thus,
perhaps a particular type of irritability such as general
aggression or self-directed aggression is more relevant to
adolescent suicide attempt risk rather than externalizing
behavior and aggression towards others, which calls for
further research. Alongside internalizing problems, the
findings pinpoint online and offline victimization experi-
ences as crucial contributors to adolescent suicide attempts,
which is in line with the literature (for review, see Miranda-
Mendizabal et al.,, 2019; Runkle et al., 2023). Indeed,
cybervictimization can severely harm mental health of
adolescents (Kowalski et al., 2014) and aligns closely with
other physical victimization experiences, which are among
the most important items in the EFA model (for review, see
Holt et al., 2015; Massing-Schaffer & Nesi, 2020). The
EFA model further delineated two factors representing sleep
disturbance and disordered eating. Consistent with these
findings, there is an emerging consensus that sleep dis-
turbances (for review, see Kearns et al., 2020; Russell et al.,
2019) and disordered eating provide a unique signal for
adolescent suicidal behavior (Miranda-Mendizabal et al.,
2019; Smith et al., 2018).

Among the EFA factors, only optimism regarding future
education and career, labeled as “optimism and burden-
someness” in Table 3, reflected the well-being aspect of
mental health. Adolescents experience intense pressure to
make decisions about their higher education and career
(Scanlon et al., 2019), decisions that fundamentally shape
their lives and future social standing. Thus, a positive out-
look on future educational and career opportunities may be
vital for their well-being. The literature increasingly high-
lights optimism as a protective factor for adolescent mental
health, enhancing resilience and decreasing risk-taking
behavior (for review, see Rincon Uribe et al.,, 2022).
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Optimism has also previously been shown to be a protective
factor against adolescent suicidal behavior (Chang et al.,
2013; Quiroga & Walton, 2014), and may also moderate the
relationship between depressive symptoms and suicide
ideation (Lee, 2011).Burdensomeness, which was reflected
by the item “My parents are disappointed with me”, had a
slightly higher factor loading on the victimization experi-
ences factor. These findings hint that perceived burden-
someness could also be related to academic performance
and future career outlook, and its overlap with victimization
experience further underscore its significance as a major
psychological distress for adolescents.

While each of these factors has been individually
addressed in existing literature on adolescent suicidal
behavior, the distinct contribution of this study lies in
revealing these factors as the most critical among several
hundred items spanning a wide range of core individual,
psychological, societal, and environmental domains. Fur-
thermore, many previously assumed risk factors did not
emerge as uniquely important. For instance, the existing
literature frequently cites substance use, particularly can-
nabis, as an independent risk factor for adolescent suicide
attempts (Runkle et al., 2023; Schmidt et al., 2020). How-
ever, substance use did not emerge as uniquely important in
this study. Similarly, demographic factors did not provide
unique contributions to suicide risk assessment, despite
their considerable relevance to suicide attempt prevalence
(Arnarsson et al., 2015; Caputi et al., 2017; Greydanus,
2017). Likewise, other environmental factors, such as rural
versus urban living along with socioeconomic variables,
were not important contributors to the model’s accuracy,
counter to existing research (Runkle et al., 2023). Surpris-
ingly, apart from cyberbullying, other items related to
internet addiction and excessive use of social media — often
spotlighted as major influencers of adolescent loneliness
and suicidal behavior — did not emerge as uniquely
important (see, Khatcherian et al., 2022). A recent review
study has estimated that physical pain may double adoles-
cents’ risk of a suicide attempt (Hinze et al., 2019). Notably,
however, items on physical pain and headache did not
emerge as unique suicide risk indicators and made no
unique contributions to the models’ accuracy. Finally, in
contrast to optimism regarding future education and career,
other well-being-related health behaviors such as spending
time in nature, engaging in physical activities, and partici-
pating in social activities did not emerge as important
contributors to suicide risk assessment. It is important to
note that the seeming lack of importance of these items is
better understood in relation to the items that are deemed
important. ‘Nonimportant’ items here are those that, when
the identified ‘important’ items are presented to the models,
provide negligible improvement to the models’
performance.
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Revisiting Interpersonal Theory of Suicide and the
Strain Theory of Suicide

Inconsistencies among existing theories of suicide, specifi-
cally in terms of the factors and processes they account for,
are notable challenges in existing literature. This article
addressed this issue by evaluating two widely-cited, con-
trasting theories — The Interpersonal Theory of Suicide and
The Strain Theory — based on its machine learning-enabled
empirical findings. Overall, the results align more closely
with The Interpersonal Theory of Suicide than with The
Strain Theory. Specifically, the findings validate some core
components of the former theory while providing little
support for the latter. The holistic analysis revealed a small
number of items that could form coherent clusters of psy-
chological, attitudinal, and interpersonal factors. These
factors suggest that suicide risk might be more accurately
estimated as a development along distinct intra- and inter-
personal pathways rather than as sum of a broad collection
of psycho-socio-environmental factors, as suggested by The
Strain Theory. This is an important finding, which suggests
future research should pay a closer attention to specific
processes influencing adolescents’ suicidal behavior rather
than merely accounting for a wide range of risk factors.

Further, the analysis substantiated several factors derived
from The Interpersonal Theory of Suicide. For example, it
supported the theory’s notion of hopelessness — individuals’
lack of belief in any future improvement of their current
adversities. The findings also substantiated the theory’s
proposition that traumas, victimization experiences, and
habituation to pain through self-harm, which were ranked
highly important by the machine learning models, could
predispose individuals to suicide attempts (Van Orden et al.,
2008). Likewise, both perceived burdensomeness and
worthlessness stood out as key indicators, aligning with this
theory. On the contrary, thwarted belongingness, a central
concept in the Interpersonal Theory of Suicide, was not
among the important items identified and the importance of
this factor for adolescent suicide risk estimation is not
supported. However, loneliness, which emerged as impor-
tant in this study, may be a consequence of thwarted
belongingness. Interestingly, the results of the EFA sug-
gested that loneliness, worthlessness, and hopelessness may
constitute the common latent factor internalizing problems,
alongside self-blame, depression, anxiety, and irritability
Ssymptoms.

The Strain Theory of Suicide proposes four categories of
strains, of which none emerged as important in this study.
The data contained items related to adolescents’ values and
their compatibility or incompatibility with the values of
parents and peers. Neither of these emerged as important
predictors. Similarly, other items reflecting aspirations and
relative deprivation were not found to be important. Even
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though The Strain Theory recognizes the role of deficient
coping strategies to face crisis, this study underscored
coping deficits associated with suicide risk. Self-blame,
acting out, and somatization of psychological distress were
common among adolescents who reported a recent suicide
attempt, indicating that these adolescents tend to cope with
or handle psychological distress through their body and
self-oriented acting out behavior, which is a noteworthy
finding.

Towards a Holistic Model of Adolescent Suicide
Attempts

The findings of this study uncovered important intra- and
inter-personal risk and protective factors related to adoles-
cent suicide attempts, which can be used to refine existing
models. The study revealed several significant factors that
are not considered in The Interpersonal Theory of Suicide.
Notably, internalizing problems, somatization symptoms
and acting out behaviors, and optimism regarding future
education and career are critical factors that can supplement
this theory, as depicted in Fig. 2.

The proposed model includes 6 factors, including self-
harm and the five factors identified through exploratory
factor analysis. These factors can be simplified within four
categories or orientations, as shown in Fig. 2. Similar to The
Interpersonal Theory of Suicide, the first category, labeled
“orientation towards others”, places emphasis on inter-
personal problems, featuring factors such as burdensome-
ness, victimization experiences, and distorted relationships
with significant others, which results in reduced social
support (for the latter, see Haghish et al., 2023). Rather than
focusing on thwarted belongingness, this article highlights
the connections between adolescent suicidal behavior and
feelings of loneliness and worthlessness. These symptoms,
however, fall under the broader umbrella of internalizing
problems — labeled “orientation towards negative affect and

Fig. 2 Enhancing The
Interpersonal Theory of Suicide
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self’— forming the second category in the proposed model.
This category also includes other symptoms and indicators
of negative self-experiences frequently discussed in the
literature, such as hopelessness about the future, depressive
symptoms, anxiety symptoms, and self-blame. The litera-
ture suggests that internalizing problems such as depressive
symptoms heighten adolescents’ vulnerability to future
victimization. Additionally, a self-blame mechanism med-
iates the association between internalizing problems and
victimization experiences (Schacter & Juvonen, 2017). Self-
blame, which showed the highest factor loading on the
internalizing factor, is a pivotal aspect of this category and
explains why internalizing problems are more pronounced
among suicidal adolescents than externalizing problems
(Garnefski et al., 2005). In line with this notion, addressing
self-blame by promoting self-appraisals is shown to buffer
suicidal thoughts and behaviors, strengthening individuals’
resilience (Johnson et al., 2010). Self-blame is also pre-
valent among individuals with somatization disorder and
self-harm tendencies (Davoodi et al., 2019; Guerreiro et al.,
2015), which form the third category of factors in the
model, labeled “orientation towards body.” Somatization,
acting out, and self-harm factors suggest that suicidal ado-
lescents may grapple with affect regulation issues and
impaired mentalization skills — the ability to understand,
tolerate, and regulate feelings and stressful experiences —
leading to physical manifestations of psychological distress
and/or negative self-experience (Colmenero-Navarrete
et al., 2022; Guerreiro et al., 2015). Such outcomes pose
significant challenges for adolescents, who are in the pro-
cess of socio-cognitive development (Poznyak et al., 2019).
In the developmental process of increasing autonomy, youth
turn to their friends and peers to share experiences and to
learn coping strategies, but self-blame and a feeling of
burdensomeness may hinder them from reaching out for
help (Aguirre Velasco et al., 2020). Therefore, if accom-
panied by self-blame, psychological distress, emotional
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pain, and frustration may reappear as physical symptoms or
trigger an urgent need to discharge frustration through
acting out.

Finally, optimism regarding future education and career
constitutes another important factor in the model. Research
has shown that optimism/pessimism and future orientation
interact with one another and exacerbate suicide risk (Chang
et al., 2013). The unique contributions of “hopelessness
towards the future” and “optimism regarding future edu-
cation and career” are noteworthy and their loading on
different latent factors, including internalizing and optimism
regarding future, can be understood with reference to the
Wellbeing/Illbeing Structural Model (WISM; Rgysamb &
Nes, 2016). This model assumes that psychological well-
being and illbeing have important directional components.
The model conceptualizes wellbeing as comprising both
well-staying (positive “restoration” states like contentment
and satisfaction) and well-moving (positive directional,
“action” states such as interest and optimism). Corre-
spondingly, ill-being is divided into ill-staying (e.g.,
depression and hopelessness) and ill-moving (e.g., fear and
worry). Hence, hopelessness is clustered particularly with
ill-staying and negative emotions such as depressive
symptoms and despair (low in directional, action-related
content). In contrast, optimism is related to approaching
goals and the motivational ‘wanting-system,” instead of the
motivational avoidance system.

Theoretically, the identification of optimism underscores
the value of resilience-focused theories like the Resilience
Theory and the Broaden-and-Build Theory of Positive
Emotions (Fredrickson, 2001). The optimism items inclu-
ded in the present study reflect optimistic expectations about
two domains, higher education, and future employment.
While these domains are vitally important for adolescents,
these items might only capture a narrow aspect of optimism.
Further research is required to elucidate whether general
optimistic future orientation or specific expectations related
to future educational and employment opportunities pri-
marily influence adolescent suicide attempts.

Strengths and limitations

This study has several strengths that address important gaps
in the literature. It uses a large and comprehensive dataset
representative of the population of Norwegian adolescents
and trained the most accurate classification model for ado-
lescent suicide attempts to date, using a stacked ensemble
algorithm that has not been tested for suicide classification
before. In addition, it performs a holistic data-driven ana-
lysis of both risk and protective factors associated with
adolescent suicide attempts, examines the face validity of
two well-established theories of suicide, and proposes a
refined model building upon The Interpersonal Theory of
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Suicide. Therefore, the article makes novel contributions to
research methodology, identifying risk and protective fac-
tors as well as theoretical conceptualization of adolescent
suicide attempts.

Despite these noteworthy findings, several limitations
warrant consideration. First, the data in use are retro-
spective, raising concerns about the temporal precedence of
predictive factors. In addition, the identified key risk factors
are limited by cross-sectional data, which does not allow
causal interpretations. However, the identified factors are
well-recognized within the suicide literature on adolescents,
which should be taken into consideration. Moreover, sui-
cide attempt risk can persist from adolescence into early
adulthood for at least half of the at-risk adolescents
(Geoffroy et al., 2021). This fact underscores the potential
of retrospective data analysis in identifying adolescents at
future risk, even for those without prior reported suicide
attempts (Haghish et al., 2023; Haghish & Czajkowski,
2023). A second limitation is that the measure of recent
suicide attempts relied on self-reporting questionnaires with
closed questions, devoid of details on attempt severity or
method employed. Nevertheless, recent machine learning
studies indicate that the probability risk score estimated for
suicide attempts also reflects on the severity of the suicide
symptoms (Haghish et al., 2023; Haghish et al., 2023;
Haghish & Czajkowski, 2023). Furthermore, obtaining such
detailed suicide data is challenging in population-scale
youth surveys (Haghish et al., 2023). Finally, the data in use
were neither collected for suicide research nor for purposes
of examining The Interpersonal Theory of Suicide and The
Strain Theory of Suicide, and many of the individual,
environmental, and lifestyle items were descriptive.
Nevertheless, these items provided a vast amount of infor-
mation, allowing for holistic analysis of an array of risk and
protective factors related to adolescent suicide attempts.

Conclusion

The existing literature on adolescent suicide attempts is
marked by critical gaps with respect to identifying at-risk
adolescents and holistically uncovering and conceptualizing
associated risk and protective factors. This study attended to
the urgent need to address these gaps, both by accounting
for a broad range of possible risk and protective factors and
their interrelationships, and by addressing the limitations of
the existing literature in a multi-dimensional — methodolo-
gical, empirical, and theoretical — manner. The findings
showed that with large and comprehensive data, machine
learning models can identify at-risk adolescents with high
accuracy. The results also showed that the autoEnsemble
stacked ensemble model significantly outperformed other
models, underscoring the superiority of stacked ensemble
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models for modeling low-prevalence outcomes such as
suicide attempts. This model achieved AUC of 96.4% and
equal sensitivity and specificity of 90.1% in classifying
adolescent recent suicide attempts, the highest reported
accuracy from cross-sectional survey data to date. In addi-
tion, the holistic analysis identified several factors related to
adolescent suicide attempts that are not well-captured in
current theoretical models of suicide. Several known risk
factors that have primarily been studied in isolation did not
emerge as important in the machine learning model, which
is also noteworthy. The results showed that adolescent
suicide attempt risk is not merely a sum of different societal,
economical, and psychological strains, but rather takes
shape in intra- and inter-personal processes that are both
dynamic and specific, relating to internalizing problems,
lack of optimism regarding future education and career,
interpersonal conflicts with significant others, victimization
experiences, as well as somatization and acting out ten-
dencies. These results are better aligned with The Inter-
personal Theory of Suicide than The Strain Theory of
Suicide. Finally, based on the revealed factors, the article
proposed an adolescent-specific improvement to The
Interpersonal Theory, which calls for further examination
by future studies.
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