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Abstract

Youth mental health is a current public health priority in Canada, with nearly one in four young

people living with a mental iliness. The contextual school environment can be particularly influential
given the considerable amount of time that youth spend in school. Schools are seen as ideal settings
for prevention and early intervention initiatives. While a myriad of practices and programs are being
implemented across schools to address student mesatéh there is limited and contradictory

evidence on their effectiveness. Most available research has been conducted using statistical
techniques that have limited ability to account for the complex interactions betweeowdng
environmental influeres. While machine learning techniques such as decision trees are well suited

for this type of analysis, they are relatively underused in public health research.

The overall objective of this dissertation was to use decision tree analysis to further our
understanding of the influence of the school contextual environment on youth depression, anxiety,
and psychosocial wellbeing. Specific objectives were to (1) compare the performance of decision
trees to traditional regression models in the context of haatleys data, (2) determine which
environmental and behavialifactors are most influential on mental health outcomes, and (3)
determine which, if any, combinations of school mental health practices are associated with better
student mental health. Thesqeatiives were addressed through three manuscripts using stadént
schootlevel data from the 201Z8 and 2018.9 waves of the COMPASS study.

The first manuscript provided a methodological overview and application of two decision tree
techniques: classifation and regression trees and conditional inference trees. Decision tree model
performance was compared to traditional linear and logistic regression. All techniques showed
general agreement in the identification of key differentiating factors acwessutcomes. Tree
models had slightly lower prediction accuracy than regression models but were more parsimonious.
Unlike traditional regression methods, decision trees allowed for the identification-bhean

associations and differential impacts amdghrisk subgroups.

The second manuscript used crgsstional studerevel data to examine associations of various
environmental and behavioural risk factors with youth anxiety, depression, and flourishing levels.
Having a happy home life and sensesdfiool connection were identified as key protective factors,
while behavioural factors such as diet, movement, and substance use did not emerge as important

differentiators. Females lacking both happy home life and sense of connection to school were at
v



greatest risk for higher anxiety and depression levels. These results highlighted the importance of the
home and school environments and suggested that a sense of connection to school may help to

mitigate the negative influence of a poor home environment.

The third manuscript used longitudinal studearid schoolevel data to examine variation in
school mental health practices as well as associations between changes in these practices and youth
anxiety, depression, and flourishing levels. Decision trees ugeré to comprehensively examine
whether any combination of practice and service changes were associated with mental health
outcomes. While substantial variability was seen in the mental health practices and services offered
between schools and across gedecision tree analysis found no combinations of changes that
meaningfully contributed to better student mental health outcomes. These results suggested that
incremental practice changes were not effective and highlighted the need for more comprehensive

school mental health approaches.

This dissertation used a novel decision tree approach to expand our knowledge of the influence of
the school contextual environment on youth depression, anxiety, and psychosocial wellbeing. These
findings havamportant implications for practice, as they suggest that schools can enhance student
mental health through initiatives that foster a supportive school environment and sense of connection.
These findings further support calls for comprehensive schodghlhgalgramming by showing that
current tactics of incremental and sporadic practices changes at the individual school level are
ineffective. This dissertation also provides a framework for future research, as the decision tree
approach used here can belagapto other public health domains to examine complex interactions
and identify highrisk subgroups. Further, the ability to comprehensively examine permutations of
simultaneously changing factors makiecision trees a compelling tool for natural expenm
evaluation. In addition to answering important research questions regarding the influence of school
context on youth mental health, this dissertation work highlights the potential power in combining

machine learning methods with large population healtheillance data.

Vi
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Chapter 1

Gener al I ntroducti on

Mental healtthas been identified as a puldfiealth priority both national(§t,2) and globally3,4).

Within Canadanearly 1 in 4 young people are living with a mental ill{®sandyouth have been
identified as a priority group for mental health prevention and intervention initigitj2es) In 2018,
4.6%of Canadian youtkb.8% of females and 3.4% of malesported having a diagnosed mood
disorder, representing over 100,000 y¢6jhwhile the prevalence of mood disorders among youth
has been relatively stable in recent y&rperceived mental health has worsened. In 2018, 6.7% of
Canadian youth aged 12 to 17 reporteddajoor perceived mental health and 13.8% reported high
life stress, compared to 4.1% and 12.1% respectively in(8DMouth are an important target gnm

for mental health interventions because nearly 70% of all mental illness occurs beforé/age 18
Youth also have higher rates of mood disorders than any other agé8yrand youth who have

experienced a mental illness are at higher risk of éxpeing a mental illness as ad(&s

Positive mental health is associated with better physical @gdthd increased life expectarit®)
while poor mental health and the existence of mental health disorders are associated with chronic
physical ilnesg11), substance ut?2), and decreased life expecta(iky). Additionally, youth with
untreated mental illness are more likely to miss educational and employment oppofigniiesn a
public health perspective, primary prevention of metitass can be just as important as clinical
intervention. It is important for prevention efforts to focus both on promotion of positive mental

health and prevention of poor mental health and mental health dsad)er

The causes of mental iliness aoenplex and are not only related to internal/intrinsic factors but
alsoecologicalfactorg15) such as relationships with family and frie(tB) and the built
environmentl?). In the case of youth, schools are a particularly impodamtextual environment to
consider since youth spend a considerable amount of time at school (approx. 25 hours per week).
More than any other age group, youth are particularly influenced by their friends and social
circle(18), with schools serving as &k location for social interaction. Additionally, within the
school setting, youth interact with authority figures who can shape their attitudes. Schools also
providemental health support providers wihcess to youth from a variety of backgrounds and
sacioeconomic circumstances who may otherwise be difficult to reach. As such, schools are

considered an ideal context in which to address mental (a4



While it is recognized that the schamintextualenvironment has the potential to influence yout
mental health, there is limited and often conflicting evidence of the impact of school practices. Many
mental healtipractices and progranms placein Canadian schoolsave not been evaluated for
effectiveness, while effectiveness reseamstschoolbased interventiondias been primarily limited
to small trials with inconclusive results. There is a dearthrgk-scale natural experimeavidence
addressing the effect of school mental hepitdtticesand most pasesearch has been conducted
using stastical techniques that have limited ability to account for the complex interactions between
co-occurring environmental influences. This dissertation reseatdiressed thisnowledge gap with
respect to the influence tife school contextual environmemtdaschool practices atudent mental
health in Canada. Specifically, thdssertatiorresearchused a novel application of decision tree
methods to investigate thelativeimportance of school conteahdwhether specificombinations of

schoolpractices are associated with bettgouthmental health outcomes



Chapter 2

Background and Literature Revi

2.1 Measures of Mental Health

The concept of mental health is broad and encompasses both positive constructs such as resilience
and flourishing, and negatiw®nstructs such as depression and anxiety. Generally, mental health
refers to a person's level of psychological and emotional wellbeing. Mental health is often defined as
a positive concepthe World Health Organization defines mental healtheastate bwellbeing in

which the individual realizes his or her own abilities, can cope with the normal stresses of life, can
work productively and fruitfully, and is able to make a contribution to his or her comm(2ai}yin
contrast, mental illness, also eefed to as mental disorder, is broadly definedf@etof symptoms

or behaviour associated in most cases with distress and interference with personal &(@&tjions
Assessment and measurement of mental health or mental iliness is oftersidgnvalidated scales

of concepts. Thisthesiss es t he t er torefemethetumbrellacenaeptoftbath positive
mental wellbeing and absence of mental illness,exaghinedmental health usinneasures of

depression, anxietyand flourishing

2.1.1 Depres sion

Unipolar depression iaset of mood disorders (including Major Depressive Disorder and Major
Depressive Episodes) characterized by feelings of sadness, hopelessness, and despondency. Major
Depressive Disorder (commonly referred to as simigfpres®nd) can be clinically diagnosed using
criteria from the Diagnostic and Statistical Manual of Mental Disorders {3({22). Key diagnostic
criteria for clinical depression include sustained depressed mood, anhedonia (diminished pleasure or
interest in ativities), fatigue, feelings of worthlessness or guilt, diminished concentration, or suicidal
ideation(22). While sadness is a common symptom of depression, depression differs from sadness in
terms of the duration of these feelings and other symptopesiexced, with anhedonia being a key
differentiating factor. Aside from clinical diagnosis, several scales have been developed to measure
depressionincludingthe Center for Epidemiologic Studies Depression Scale (CE2SP)Yhe

CESD10, a shortened v&ion of the CESD, has shown factorial validity and internal consistency
within adolescent populatiof4), and is often used to measure depression in population studies. The

CESD10 scale assesses constructs of positive aiegt fappiness, hopefulness), depressive affect
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(e.g.,loneliness, fear, irritability) and somatic symptoms (e.g. trouble concentrating, restless
sleep§24) by measuring the frequency of various symptoms.

2.1.2 Anxiety

Generalized anxiety disorder is a mood disorcharacterized by persistent worry and tension. Like
depression, generalized anxiety can be clinically diagnosed using criteria from th¥y @3Mvased

on physical and emotional symptoms. Anxiety can also be measured usiregpsdifscales, the most
widely used being the Generalized Anxiety DisordéiScale (GADB7)(25). The GAD7 has shown

validity for use in assessing anxiety symptoms in adolescents and in distinguishing between mild and
moderate generalized anxiety disof@6é). The scale assses frequency of anxiety symptoms such as

worry, nervousness and irritability.

2.1.3 Flourishing

Flourishing is a state of positiweellbeing characterized by positive emotionasychologicaland
social functioning. Unlike anxiety and depression, whichcarestructs related to mental illness,
flourishing is a construct related to positive mental health. While the concept of flourishing is
relatively new, it is increasingly being examined in mental health research. Flourishing can be
measured using Dienefourishing Scale (F&7), which has been shown to have strong internal
consistency and criterion validity across a range of age giZ8i29) The scale assesses overall
psychosocialvellbeingby asking respondents to indicate level of agreementsgifiperceived

success in areas of relationships,-sslieem, life purpose and optimism.

2.1.4 Sex Differences in Mental Health Measures

Prevalence of mental illnesses such as anxiety and depression in adolescent populations tends to be
higher for females thamale$30). These differences are commonly attributed to sociocultural gender
norms rather than biological sex differen@&. In general, females are more likely than males to

exhibit internalizing symptoms, which are captured within the depresSiE&[}10) and anxiety

(GAD-7) scaleg31). Previous research has found the CEBDand GAD7 scales to have

measurement invariance by seihin an adolescent sample in COMPASS), suggesting that

differences seen in these scales reflectdifierences in depression and anxiety levels between

females and males.



2.2 The School Environment

The contextual school environmeicompasses the physical settipgpulation compositiorand
cultural context of the schaadndcan beparticularly influential on youth health behaviours given the
considerable amount of time that youth spend in school. Beyond the influence of the physical built
environment, the school also serves as a setting for complex social interaction. Thecslogaal
model of health, originally developed by Bronfenbre(@@) suggests that an individual's health
behaviours are influenced by a hierarchical network of internal and environmental factors, and the
interaction between these factors. More spedijichealthis influenced by factors at the individual,
interpersonal, organizational, community and public policy 1€84)sin the context of the school
environment, youth may be influenced at the interpersonal level bypéd¢eacherelationshipsand

at the organizational level by school policies, procedures, custngebuilt environment. Following

the socialecological framework, any interventions to address health need to account for these
multiple levels of influence on youtB3). The schooimay influence youth mental health both directly
through explicitpractices anéhterventionprograms, and indirectly through its policies|ture,and

composition.

2.2.1 School -level Differences and Intraclass Correlation

It is important to understand the extéo and the ways in which school environments differ to
understand the potential influences that varmugextuafactors have on youth mental health. A
common measure of school heterogeneity is the intraclass correlation coefficienirfl@&)conext

of this dissertation workhe ICC represents the amount of variability between studental health
outcomesghat is attributable to differences between the schbels attendWhile there is no defined
cut-off for what is considered a meaningfulsignificant ICC, from a statistical perspective an ICC
of 5% is considered moder&®,36) A systematic review of the effect of the school environment on
emotional health found estimated ICCs between 0.4% arf@@g%dditional studieexamining

various measures of mental health found relatively low estimated ICCs between 0%(86¢B8%o
while another study examining various aspects of school climate found more meaningful estimated
ICCs between 2% and §39), suggesting that in the domainyafuthmental health thechoollCC is
sensitive to the specific outcome under study. In the context of siewvabinterventions, higher

ICCs could suggest that schdeVel interventionhave potential to beffective h modifying health



behaviour§36). However, the heterogeneity of the school environment may make application of
interventions across locations more challeg@in).

2.2.2 School Compositional and Structural Factors

Past research intbe influence on youth emtal health ofchootlevel compositional factors such as
socioeconomic status (SES), urbanicagdenrolment sizénasshown mixed results. SES is timost
examinedactor, and somestudies havéound lower school SES to Isggnificantly associated with
depression, anxiety, and wellbeing sympt(38s41) while aCanadiarstudy found that
neighbourhood income explained most betwsemool difference in depressed mt).
Additionally, a recent review of school contextual impacts on health inegsdditiad evidence that
low schoollevel SESwvorsenednental health inequalitié$3). However, other studies have found no
association between schdelel SES and depressiddi 46). School urbanicity is less often
examined, thougbne studyfound that students in urban schools had higher odds of suicidal
behaviour but not depression sympté¢4as, while another foundstudents irurban schools had
poorer mental healfB8). No assciation has been found between school sizethnic composition
and depression symptoms after controlling for other environmental andeshaiational
factor444,45,47,48)

Research othe relationship between mental health andsthectural(i.e., physical built) school
environmenis limited;, however a recent systematic review fousmimeevidence of a positive effect
of green spaces and desi gnat (9 Tha samearéviemfpunds pac e s 0
mixed evidence on the effect of sdh start timeg&t9), while associations have been found between
difficulties in transportation to schoahd anxietyanddepressiofb0). Two studieson other structural
factors such as coeducational vs. s@®e schools, public vs. private schgalsd elements of the
staff work environment found reignificantassociatioato depression symptonos
wellbeing38,45) Overall, while studies have fodm significant school effect in terms of ICC, there
is limited evidence that this effect is due to toenposition obuilt structureof the school

environment.

2.2.3 School Climate and Connectedness

More research has focused on cultural aspects of the sechaarenent, which are generally

considered modifiable. School climabepadlydefined as the quality and character of school life, is



most examinedSeveraktudies have foundssociations betweeaspects opositive schootlimate
andbetter depressi@¢B8,47,51)and mental wellbein@8,52 54) outcomesthough the strength of
associatiorvariesby study ancexact measuréddditionally, being surrounded by peers with positive
attitudes toward school has been associated with a lower likelihomgjafive emotions such as
anxiety and selflestructive though{§5). Other studies have found mixed results or no association
between school climatbut some evidence afprotective association between school safety and
depressive symptor(s6,57) When examiningstaff reports owarious aspects of school climate
separately, Virtanen et é8) found that low perceptions of trust and participation were associated
with studentdepression and psychologicaimptoms bufound no association for otherpests such

as support for innovation, orientation towards higfality work, or accepted and clear goals. Overall,
the inconsistent definition of school climate complicates inference on its association to mental health

outcomes.

Closely relatedo and ofte intertwined withthe contextuallevel concept okchool climate is
individuallevel student sense of school connectednBss.definition of school connectedness varies
throughout pastesearch bus commonly measured using mtitém school connectioscales.
School connectedness has been associatedigptiessiofb9i 61), anxiety(59), emotionalmental
distres$62,63) and mental wellbeir{§3) outcomesA systematic review of the effect of the school
environment found no beneficial effect of environmental factors at the delvebbutdid find that
perceptions of connectedness and support affect emotional(B&althowever, vhile school
connectednesis measured at the individual level and often considered an indilédadl
characteristicastudy by Pratet al(54) examining both schodével and studentevel sense of
communityarguel thatit should be consideredsahootlevel characteristicOverall, available
evidencesuggests protectivanfluence ofpositive school climate argkbnse of school connection

student mental health.

2.3 School Mental Health in Canada

As mentioned previouslyouth mental health is a public health priority in G#a#,2,5)and schools
have been identified @ ideal context in which to addresgntal healt{b,19) Federal
organizations, provincial governments and organizations, sdigiotts, and individual schools all
play a role in developing mental hdafitrategies and implementipglicies, practices, and program

interventions.



2.3.1 Nationa | Mental Health Strategies

The Mental Health Commission of Canada (MHCC) federally funded organizatidasked with
developingools and programs to supptite mental health of Canadiassd providing
recommendations to governments anothmunity stakeholdef®4). The MHCC published the Mental
Health Strategy for Canada in 2@&2 whichcalls foran increase in comprehenss&hootbased
mental health programs. The strategy recommends the implementation of initiatives that promote
mental health for all students in combination with targeted prevention effortsrisk atudents.

While specific program suggestions are not ted in the recommendations, the MHG&salso
released a schoblased activities toolkit focused on mental health stigma with specific practice
recommendations such as poster campaigns and ass¢6ilies

The Joint Consortium for School Health (JCSHynm®ther nationajroupcomprised of
representatives from provincial health and education ministries and the Public Health Agency of
Canada (PHACand tasked witloringing together health and education systems to improve the
health and wellbeing of Canadighildren and youthising a comprehensive school health
approacle6). Whilet he or g ani zrotspedfic breentdlhealthitise JCS$published a
better practices report focusing on the promotion of positive mental health within schools
201319). The report provides specific better practices for school health stakeholders related to the

social and physical environment, teaching and learning, partnerships and services, and healthy school

policy.

2.3.2 Provincial Mental Health Strategies

Education and healthcare fall within provincial jurisdiction and as sadousprovincial

governmental organizations have developgdousmental health strategies. These strategies often
includestrategic priorities for schoddased mental health, but stao not provide specific practice or
program recommendatiof@i 77). In Ontario, theMinistry of Health and_.ong-Term Carepublished

a Comprehensive Mental Health and Addictions Strg&fywhichincludes a focus on building
schootbased capacityl he strategy suggests implementing training and programs to support early
identification of mental healtissues butloes not provide specific program recommendations.
Additionally, theOntarioMinistry of Education released Ontario's WBEing Strategydr Education

in 201478), which focuses on promotingpsitive mental health and wellbeibgtdid not

recommend specific policies or practickkst mental health promotion initiatives in Ontario focus
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on improving mental health knowledge as mandatedarHealth and Physical Education
curriculum(79).

In British Columbia, the Ministry of Mental Health and Addictions created a mental health
roadmagn 201968) that includes strategic direction on mental health in schools, and has allocated
funding for schoebased mental health programs with a focus on staff training and student workshops
aimed at promoting mental health literacy and social and emotionalng@®iIn Alberta, the
governmental Mental Health Review Committee releasédlaing Mental Health repqi®9)in 2015
with a strategic priority of enhancing schdi@sed mental health prograrisQuebecthe Institut
National de SaétPubliqgue du Qebec released a synthesis of recommendgfi®$or schoolbased

practices aimed at improving mental health and addressing mental health issues.

2.3.3 School and School District Initiatives

While broad mental health strategies are prescribed federally aridgady, it is primarily the
responsibility of individual schodlistrictsand schools to create and implement actionadgetal
healthpractices and programs. A 2019 survey of Ontario principals found that schools are
increasingly concerned with the mahhealth challenges of their students and are implementing a
host of policies and programs to address these coif@&)n&long with embedding mental health
education throughout the curriculumpatchwork of shoolspecificinitiativesandstudentled

activities have been implementektcording to the 2019 surveyitiatives generally focus on

positive schoelvide mental health and range from specific programming to broader environmental
change1). Schools are also working to adapt the broaderenrient through creating a school
climate focused on open dialogue and changing the physical environment by creating safe spaces for
selfregulation and meditati¢g®@1). However, shools are often heavily reliant on community and
other thirdparty supposd for assistance with program implementatieor. exampleSchool Mental
Health Ontario is an implementation support team that sweith school districts to implement best
practices, with a focus on a tiered intervention m@3I Overall, while manymental health

initiatives have been implementadross school$io comprehensiveniversal programming has been

appliedprovincially or nationally.



2.4 Effectiveness of School Mental Health Initiatives

While a multitude of initiatives related to youth mental health have been impleniesttbols

across Canada, there is limited evidence on their effectiveness. The MHCC has reported that less than
half of mental health programs in schools have been &ea{d). Additionally, most initiatives being
implemented are not based on past evidence of effectiveness. In Ontario, less than half of public
health initiatives focused on youth mental health are considered evidaseé83). While the body

of evidence is growing, most information on the effectiveness of programs and practices comes from
studies based outside of Canada, such as in the United States and Aueopv of the literature

on associations between schowntal healtpolicies, practicesand programs argtudent anxiety,
depression, and flourishing outcosrehows a multitude sftudies onetime intervention trials, but

limited evidence related to ongoing policies and practices

2.4.1 Ongoing School Policies and Practices

Literature on therifluence of school policies and practices primarily focuseégaching and
disciplinarystyles, as well as the relative benefit oschool mental health services provided by
professional mental health staff compared to existing school Regardingé¢aching styleshere is
some evidence that a supportive teaching style is associated with positive mental health and
protective against mental health problems. Perceived teacher support has been associated with higher
odds of positive heal{B4) andlower rates of depressi{8b,86) anxiety(86), andpsychosomatic
problem$87). Conversely, passive teaching sty8&) and poor studerteacher relationshipl9)

have been associated with emotional and behavioural problems and lower subjeltiiemg
Regarding disciplinary stylesne study found thauthoritativeschool environmentsharacterized
by high structure and high suppbeve been associated witbtter socialemotionalhealti{90),

while another study found thatermissivedisciplinarystyle characterized by low structure and high
support is associated with increased odds of depressive syni@idraaggesting that a lack of

structure may limithe benefits of teacher support.

Literature on schodbasedmental health servicemtesseveral benefits. Gsite schoomental
health services often provide a first step in addressing concernsasexr\guide to owtf-school
supportsand are often esl by highrisk student®?2). Additionally, schools that provide early
identification and screening programs have seen an increase in service use by youth with mild to

moderate mental and behavioural disor(@3¥andincreased referral to external provid@#). Few
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studies have examined the impact&e$chool mental health services and student anxiety,

depression, and flourishing outcombewever, one past longitudinal stuidyind thatincreases to

the availabity of mental health services led to decreases in depressive syripidriowever,

while schools are seen as an ideal setting to provide mental health services, many schools do not have
the resources or expertise to provide these services indepef@Enfylditionally, from the student
perspective, teachers may not be the preferred source of emat@iaingsupport due to concerns

around confidentialit$96) whereas students generally prefer adults in clear mentorshifo&@&g)

Thus, whileavailability of mental health services is associated with improved student mental health,

trained mental health professionals may be needed to ensure effectiveness.

2.4.2 School -based Intervention Programs

In contrast to the limited research available for ongaichool policies and practicear fnore
researclexists evaluatinghe effectivenessf school program interventions, mostly throwgghall
intervention trialsMost studies are conducted in the United States and Europe, with limited Canadian
evidence axilable.Several review articles have examirmarall effectiveness in relation to anxiety,
depression, andellbeingoutcomesWhile results are inconsistent, interventions that are-tenyg,
whole-school approaches that focus on both universal anétéatgopulations and are delivered by
trained staff show the most prom({@8). However, a general lack of rigor and high risk of bias have

limited the ability to draw conclusions on the effectiveness of individual programs.

Regardingnterventions focused on mental iliness preventiddQ® review examining a wide
range of schoebased anxiety and depression prevention programs founelxtieanally delivered
targeted interventions were more effective at prevention of depressiomivarsalprogramgi.e.,
those delivered to the entire study body}hose administered by school staff, though the same
effects were not seen for anxi€d9). While many of the programs reviewed showed small positive
effects, the authors noted th& &f 81 studies showed some degree of bias. Another review of
randomized controlled trials for anxiety and depression prevention programs found that the majority
of interventions studied were effective for both depression (65%) and anxiety (73%), th®ugh th
overall mean effect size was considered very gaQ0). In contrast to the 2017 review, two other
reviews of similar interventions found universal programs to be more effective than targeted
program$100,101) Despite this, targeted interventionsy@deen found to perform better for certain

types of program<CBT-based interventions delivered to targeted populations showedsjreate
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reductions to depressi(t02), and the positive effects of yoga interventions for anxiety reduction
were strongst for targeted, longeduration progran{d03). However bothreviews warned against
drawing firm conclusions of program effectiveness due to methodological issues and small sample

sizes.

In contrast to programs focusing on mental iliness, resilimesedand holistiovellbeing
interventions that concentrate on positive mental health have shown limited effectiveness. A 2017
review of universal resilience interventions found no effect on anxiety, depression, or general
psychological distress, though some immment was seen for internalizing probléh@gl). Most
studies reviewed had a high risk of biegviews of he Penn Resiliency Program, a widely adopted
12-session program focused on cognitive restructuring, showed no overall evidence of
effectivenas(105), with high variability in results depending on the target group and specific
implementatio(iL06). A positivewellbeingfocused intervention, The World Health Organization
Health Promoting Schools Framework, is a holistic approach focusing ocutumiand
environment changes that has been widely implemented gl@allgupported in Canada by the
JCSH however studies examining the impact of this intervention on depression found nqiBct
A broader review omindfulnessbased programs found that while all studies reported positive
results, none included aggpropriate measur@®98). Thus, the lack of positive evidence found to
date may be due to poor study desigmeasurememather than ineffective inteentions.

2.4.3 Gaps between Evidence and Practice

A metareview of mental health promotion and problem prevention programs found that, while effect
sizes were small to moderate in statistical terms, theanreddl impact can be particularly meaningful

for high-risk studentf08). However, the effects associated with specific interventions were variable
and could not always be relied upon. In general, whol®ol, longterm approaches to the

promotion of mental health appear to be more effective than brisflidaed progran(@8,109)

Brief interventions that focus only on individual skills in the absence of environmental change are
insufficient to produce lasting effe¢®,110) Despite thisin practicemost schocbased

interventions tend to be shaerm(109). Additionally, evidence shows that schdased

interventions are only effective when completely and accurately implenf@8jetthough in practice
interventions are often poorly implemented due to inconsistent and poorly trained

implementergl09,111) insufficient fundingand misalignment with intended and actual
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outcomegl11) This gap between evidence and practice may reflect systemic issues in knowledge
translation, insufficient time and resources, and inadequate support. A lack afugdibg evidence
onthe effectivenessf specific available programs may also hamper implementation.

2.5 Use of Decision Trees in Public Health Research

Decision tree learning is a machine learning technique that is increasingly being used in health
researclas an alternative to traditional regression methods. Decision trees are statistical models that
examine an outcome of interest by segmenting the sample into distinct subgroups based on similar
combinations of predictor variables. The subgroups are dewdrbinhierarchically partitioning the

data using a series of splits. This hierarchical partitioning is represented by a tree structure. The
predicted value of the outcome for each subgroup is determined by averaging the outcome over all
members of the subgup.Several decision tree techniques have been devetyaedhe last 50

yearg112) includingclassification and regression trees (CART) and conditional inference trees (Cl).

Decision trees have the benefit of being easy to interpret visualljnanidking the human
decisionmaking process. While linear and logistic regression models have traditionally been used in
public health research to examine relationships between outcomes and a set of predictor variables,
their ability to handle interactioeffects between predictors is limi{@d 3). Decision trees are better
suited to account for complex interactions among variéhildsl115) Additionally, since decision
trees are noparametric, they do not rely on the same model assumptions as @myrassiels and
can be used to examine nlimear relationships between varialfles3). Unlike decision trees,
regression models also typically examine average effects and therefore interventions based on
regression model results are geared toward th@ageenember of the population as opposed to
accounting for the needs ligh-risk subgroupél16). Decision trees may also have improved
prediction accuracy over regressimodels when underlying associations are-loear(115), though
evidenceof relaive accuracyappears to bsituation dependenDespite these benefits, decision trees
are relatively underutilized in public health reseaholihe examination of contextuetfects
specifically, given the complexity of the school environment with mudtimteracting factors and
combinations of policies and programs being implemented, decision tree analysis may be preferable
to regression methods in examining the influence of these policies and programs on youth health

behaviours.
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2.6 Summary and Knowledge G aps

With nearly 1 in 4 young people living with a mental illn@syouth mental health is a current

public health concern in Candd&). The school environment can have a meaningful impact on the
mental health o$tudents andan serve as an idealrdext for prevention and intervention
initiativeg5,19) Cultural aspects of the school environment such as school climate and student
connectedness have been associateddeinessio(88,47,51,5D61), anxiety59), emotional/mental
distres$62,63) and mental wellbeir{§8,52 54). Several strategies have been developnally

and provincially to address mental heatithin schoolsettings Individual schools and boards have
alsoresponded to increasing concerns around student mental health with the implementation of a
multitude ofpractices and program interventi¢8s). However, there is limited and contradictory
evidence on the effectiveness of many sctaded mental healthitiatives currently being
implemented. While schot¢éaching andlisciplinarystyleg88,90,91)andschootbased mental health
service$44) have been associated wibsitivestudent mental health outcomes, there is very limited
evidence within the Gedian context. Additionally, while many schdi@sed interventions have

been evaluatethternationally insufficient sample size and poor study quality limit inference on the
effectiveness of individual programs. In genewalyersallong-term approachdsave shown the

most promisg98), though there is a disconnect in Canada between best available evidence and actual

practice.

While schoolbased mental health initiatives are being implemented across the country, there is
little evidence to guide admirtiators and other staff on the effective implementation of policies,
practices, angrograms Very few interventions have been evaluated in the Canadian context, and
reviews of interventions globally have assessed the quality of evidence 9pag) While
randomized controlled trials are often considered the gold standard for evaluation, small sample sizes,
artificial study environments, and the absence ofwaald influences can limit the external validity
of results. Additionally, since many slies do not sufficiently report on setting components, the
ability to translate results from a controlled trial to a-eafld setting can be difficult17). Reviews
have noted a need for largeale natural experiments of the school environment ticauatfor the
impact of realworld factors on variations in program implementa8100) Decision tree analysis
is a relatively underutilized techniguethin the field of public healtthat is wellsuited to the

examination of complex environmentattors and identification of highsk groups.The overall
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goal of this thesis was therefore to use decision trees to better understand the influence of the school
contextual environmeran youth depression, anxiety, and psychosocial wellbeing.
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Chapter 3

Study Rationale and Research Qu

This researclused decision tree analysisftwther our understanding of the influence of the school
environment on youth mental health through three studies. The specific ainsrestdarchvere to

(1) compare the performance of decision trees to traditional regression models in the context of health
survey data, (2) determine whichntextualand behaviour factors are most influential on mental

health outcomes, and (3) determinieieh, if any, combinations of school mental health practices are

associated with better student mental health.

3.1 Study 1 7 Comparing the Performance of Decision Trees to Traditional

Regression Methods

Decision trees are a machine learning technique that@emasingly being used in health research.
Decision trees can account for complex and-liveear relationships between variab{@é43 115),

making them well suited for use in research on school environments, which are characterized by
complex interactins between multiple factorBecisiontrees may have improved prediction

accuracy over regression methods in cases where restrictive assumptions on the functional form of the
data are not mgiL15) however, past evidence appears to be mixed and doewémdentThe use

of decision tree techniques has the potential to improve analysis of complex environmental data in the

domain of youth health.

3.1.1 Study 1 Research Questions

The objective of Study 1 was éxamine two types of decision tree techniques: ifleaon and
regression trees (CART) and conditional inference trees @i study aimed toompare the
performance of these decision tree techniquémsgistic regression and linear regression in predicting
youth mental health outcomes in a largeltirachool observationalurveystudy. Specifically, this

studyansweredhe following research questions:

1. Do CART and Clhave better prediction accuracy than logistic and linear regression, as
measured by area under the receiver operating characteristic curve (AUC) and average mean
square prediction error (MSPE)?

2. lIs relative variable importancmeasured as the relative imgement to model fitconsistent

across different classification and regression techniques?
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3. Qualitatively, how does model interpretability compare across different classification and

regression techniques?

3.1.2 Study 1 Hypotheses

| expecedthe following resuk for each research question:

1. Based on previous reseatichother health domains$ expecedclassification and regression
trees to have better prediction accuracy than regression techniques for depraggity,
and flourishing outcomes in this contex

2. | expecedrelative variable importance to vapgtween regression and tteehniques, but
that the most important variable®wd be consistently identified.

3. | expecedtree methodso have more direct interpretatiotisan regression modelghen

interaction termsvere considered.

3.2 Study 2 1 Examining Environmental and Behavioural Factors Associated

with Youth Mental Health Outcomes

Following the sociakcological mod€B3), youth mental health can be influenced by a hierarchy of
behaviouraljnterpersnal and contextual factor&rom a public health perspective, environmental

risk and protective factors are important to examine given that many are considered modtble.
school environment can be a particularly influential context given the amount of time youth spend at
school. School connectedness has been associated wittdiepvessio(b9i 61), lower anxiety59),

and better mental wellbei(®g). However, pastesearch has generally examined various behavioural
and contextual influences in isolation. Additionally, the primarily regredsémed analytic

techniques used have focused on quantifying average population effects rather than examining
differential impats on highkrisk groupsAn exploratory examination using decision tree techniques
could help to better understand the complex interactions between a wide array of behavioural and

environmental influences on youth mental health.

3.2.1 Study 2 Research Questions

The objective of Study 2 was to use an exploratiagision tre@nalysis tadetermine which
contextualand behaviour factors are most influentialymuthmental health outcomeSpecifically,

this study aimed to us#ecision treefo examine iteracting associations between behavioural (diet,
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physical activity, sedentary behaviosieep, substance use) and interpergooatextualfamily

relationships, peer relationships, school connectedness) factors and youth depression, anxiety, and

flourishing levels. This study answered the following research questions:

1.

3.

Which behaviourafdiet, physical activity, sedentary behaviour, sleep, substance use) and
interpersonatontextualfamily relationships, peer relationships, school connectedness)
factorsemerge as differentiators of youth depression, anxiety, and flourishing levels?
Does school connectedness have a protective associagionttodepression, anxiety, and
flourishing levels, and how does this association vary by other behavioural andrisdheg)
factors?

Are there differential associations between behavioural and interpersonal factors and

depression, anxiety, and flourishing levels across certain demographic subgroups of students?

3.2.2 Study 2 Hypotheses

| expected the following results for daesearch question:

1.

Because of lack of previous reseatctlid not have an a priori hypothesis for the relative
importance of and interaction betwearious behavioural and environmental factors.

| expected school connectedness to emerge as an impbftargntiator of student
depression, anxiety, and flourishing levels.

Based on previous researtlexpectedsexto emerge as an important differentiabdr
depression, anxiety, and flourishing levelad expectetemales to have worse mental health

levels than males

3.3 Study 3 1T Examining the Impact of School Mental Health Practices on

Youth Mental Health Outcomes

While schools have been identified as ideal contexts in which to address youth mentah health

Canadé7,19) most mentahealth initiatives in place in Canadian schools are not evidence

based7,83) A lack of evidence exists on the effectiveness of ongsihgolpractices andwhile

there have been masjudies evaluating oftame program interventionsmall sample sizeand poor

study designs have led to limited and contradictory evid88telhere is a need for largecale

naturalexperimental evidence that accounts forithpact of ceoccurring changé$13) Identifying
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specific combinations of practices asstmibwithbetter student mental health can help to inform the

evidence base facthool mental healthest practices

3.3.1 Study 3 Research Questions

The objective of Study 3 wae determinewhich, if any, combinationsf schoolmental health
practices are assated with better student mental heaipecifically, this study aimed to examine
changes imental health practices and youth depression, anxiety, and flourishing levels to answer the

following research questions:

1. Is there an effect afchootlevel contextualdifferenceson youth depression, anxiety, and
flourishing levels, as measured the intraclass correlation coefficient (ICC)?

2. What school mental health practices are in ptaress a large sample of Canadian high
schools, and ithere variation in these practices across schools or over time?

3. Are certain combinations of practice changssociated with lower levels of depression and

anxiety, or higher levels of flourishing in youth?

3.3.2 Study 3 Hypotheses
| expected the following redslfor each research question:

1. Based on previous research, | expected moderate yet meaningful ICCs of approxirGétely 2

for depression, anxiety, and flourishing outcomes.

2. | expected schools to vary substantially in the availability of mental heaftices, levels of

staff training, and coordination with external organizations.

3. Based on previous research, | expettedavailabilityof full-time mental health professionals
and onsite counselling services to be associatét lower levels of deprasson and anxiety. |
expected staff training on mental health awareness to be associated with higher levels of

flourishing.
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Chapter 4
Met hodol ogy

This chapter describes the general methodology used to answeevimisly described research
guestionsAll researt questions were answered using data from The COMPASS Study
(COMPASS) This chapter describes the COMPASS study desanple, survey measures, and

statistical analysis techniques used throughout this thesis.

4.1 The COMPASS Study
The COMPASSStudy (COMPASS)is an ongoingprospective cohort study (202027) designed to

collect hierarchical data from Canadian secondary schools in Ontario, Alberta, British Columbia, and
Quebec, and the students who attend these s¢hb8)sThe purpose of COMPASS is to evaluate

how changes in the school environmeinicluding the built environment, policiggtacticesand

programs influenceyouth health behaviours. COMPASS collects studamd schoclevel data

related to healthy eatin physical activity, sedentary behaviour, substance use, mental health,
bullying, school connectedness, and academic achievement. COMPASS usesaprasiental

design to evaluate natural experiments that can inform stlaseld prevention programming.
COMPASS has received ethics clearance from the University of Waterloo Research Ethics Board
(ORE 30118). Additional details about the COMPASS host study are available online
(https://uwaterloo.ca/compasgstem).

4.1.1 Sampling and Recruitment

COMPASS uses pugseful sampling to recruit schools based on their use of dofimenation,
passiveconsent parental permission protocols. Passivesent protocols are requiredensure
higher participation rates and to reduce selectio(l& Schoollevel samplng occurs in two
stages. First, the COMPASE&searcttoordinator recruits schodistrictsboards that use passive
consent protocols and receivdistrict/boardapproval and ethics clearandext, the COMPASS
researcltoordinator recruits individual schisowithin thedistrictboard. Additional details on school

board and school recruitment are availfiér 122)

COMPASS uses wholschool sampling, meaning that all grade 9 to 12 studset®ndary-V in

Quebec)within a participating school are eli¢iband invited to participate. Activaformation,
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passiveconsent parental permission protocols are used. Parents/guardians are informed of the study
minimum of two weekén advanceof the data collectiodate andnay contact the COMPASS
researcltoordnator should they choose to withdraw their ofnéd) from the study. Students may

choose to decline participation at any time on the day of the data col{@28dn

Schools are surveyed annually throughout the course of the study. To follow studeriimey
COMPASS uses an anonymous linking process to generate a longitudinal cofsanrglé. As part
of the student questionnaire, students answer a series of questions related to thepank,
month of birth that are used to create-gglheratd identification codes. These sgdnerated codes
are matched across yeawdollow students over time while keeping their identities anonymous.

Additional details on data linkage are availgbit).

Theresearch questions in this thesis wameweredising data from the 20118 (Year 6) and
201819 (Year 7) data collection years. The 2dB/sample consistlof 66,434 students from 122
schools in Ontario (61 schools), Alberta (8 schools), British Columbia (16 schools) and Quebec (37
schools).The participation rate for 20178 was 81.9%. The 2018 sample consietiof 74,501
students from 136 schools in Ontario (61 schools), Alberta (8 schools), British Columbia (15 schools)
and Quebec (52 schools). The participation rate for-A@1®&as 84.2%Between 20128 and 2018
19, data from 286 students from I8schools were successfully linked, allowing fane-year

longitudinal sample.

4.2 Data Sources and Measures

The research questions in this thesis were answered using dawgmtata from th€ OMPASS
studentguestionnaire and schelgvel data from the COMPASS School Policies and Practices

guestionnaire, as well as supplemental census data from Statistics Canada.

4.2.1 Student Questionnaire

The COMPASS student questionnaire is gp@fe papebasedjuestionnaire completed by students
during class time on the day of the data collection. The questionnaire asiseffistered and
anonymous and takes approximately 40 minutes to complete. Detailed procedures for the
guestionnaire administration are aahbig123) Thestudeniguestionnaire is available in English and
French. Students in Quebec primarily complete the questionnaire in French, while students in all

other provinces complete the questionnaire in English. The questionnaire includes measures o
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student demographics, healthy eating, physical actséigentary behaviour, substance use, mental
health, bullying, school connectedness, and academic achiey&g®nA complete copy of the
student questionnaire used in 2a1& and 201819 is provded in Appendix AThis thesis used
outcome measures of studeefpression, anxiety, and flourishing scales as well as 23 oedetor

measures.

4.2.1.1 Mental Health Scales

Depressiorwas measured using the Centre of Epidemiologic Studies Depression $0&eESD
10)(23,126) The scale assesses symptoms of depression by asking respondents to indicate the
frequency of various symptoms.§.,sadness, loneliness, trouble concentrating) during the past week
on a 4point Likert scale from OffNone or less thah dayd) to 3 {5-7 day®). Scores range from 0 to

30, with higher scores indicating greater degrees of depressive symptomatology and risk of unipolar
depression. Students with a score greater than or equalterd @lassified as having clinically

relevant depressive symptom$ieTCESDB10 has shown factorial validity and internal consistency

when used within adolescent populati@s.

Anxiety was measured using the Generalized Anxiety Disordteni Scale (GAB7)(25). The
scale assesses the frequency of ansgtyptoms €.g.,worrying, nervousness, irritability) over a
two-week period on a-point Likert scale from Off\ot at alb) to 3 fiNearly every dag). Scores
range from 0 to 21 with higher scores indicating greater levels of anxiety symptoms and risk of
generalized anxiety disorder. Students with a score greater than or equavéeldassified as
having clinically relevant anxiety symptoms. The GADas shown validity for use in assessing
anxiety symptoms in adolescents and in distinguishing betwddrand moderate generalized
anxiety disordd€6).

Flourishing was measured using a modified version of Diener's Flourishing Scd&/jF8)e
scale assesses overall psychosocial wellbeing by asking respondents to indicate level of agreement
with selfperceived success in areas of relationshipsesttfem, life purpose and optimism onra 5
point Likert scale from 1fStrongly Disagre® to 5 @iStrongly Agreé). Scores range from 8 to 40
with higher scores indicating greater levels of flourishing. Sd¢ede has been shown to have strong

internal consistency and criterion validity across a range of age ¢28.23)
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4.2.1.2 Demographics

This thesis examined studdevel demographics related to sex, grade, ethnicity, and weekly

spending monewhich is a proxyfor studertievel socioeconomic statLifo measure sex, students

were asked AAr eodwiotuh freenap @n e oamil ie @ Wanheasure i Fe mal e
grade, students wer e @wthresgponsedfiians rangingdrdmSr adde Yo u |
to AGWadSet ukent s i n Quebec were givenotoesponse o0
i Secomnmdady fEsedoraary 3 is equivalent to Grade 9, Secondary 4 is equivalent to Grade

10 and Secondary 5 is equivalent to GradeTblmeasu e et hni ci ty, students we
would you describe yourself? (Mark all that appl
AAsi ano, HAAboriginal (First Nations, Met i s, Il nui

who indicatel more tlan one ethnicitypr who indicated Aboriginal ethnicityere classified aMixed

or Multi-ethnicTo measure weekly spending money, student
do you usually get each week to spend on yourself or to save? (Remember todthchatey from

allowances and jobs like balsjtting, delivering papers,etd.) Response opti®ns rang

to OMor eocatnrdano 1$1do0 not know how much money | get

4.2.1.3 Body Weight and Weight Perception

This thesis examined two measuoé®bjective body weight and subjective weight perception. To

measure objective body weight, students were asked to provide their height and weight, from which a

body mass index was measured. Body mass index values were categorized according to World Healt
Organization ageand sexspecific cutoffsi nt o cat egories of AUnder wei gh
AOver wei ght 0Studentawho didnbt@revee valid height and weight data were

cl assi fied TosneaSurkeonveighSpereeptiond students vee a bldwealalyouidescribe
yourweigh? 6, with response options for AVery under we

weight o, fAOver weight o, AVvery overweighto.

4.2.1.4 Eating Behaviours

This thesis examined two eating behaviours related to daily breakfasingption and consumption

of fruits and vegetables. To measur diyadidoinbty br e alk
eat breakfast every day, why do you mdpongedbr eakf ¢
Al eat br e ak feaxlassifieedas dailyybreakfasy aonsurens, while students who

responded one @nore reasons for skipping breakfast were classified aslaibhconsumers. To
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measure fruit and veget abl Yesterdayfoom thetime ywmwokest ud e nt
upt o the time you went to bed, how many servings

response optionsrangingfrdmNone 6 t o A9 or more servingso.

4.2.1.5 Movement Behaviours

This thesis examined measures of daily physical activity, screen time, gndlsgleaeasure physical

activity, students were asked to indicate the amount of time spent on hard and moderate physical

activity each day of the last seven daysd aderived measure of average daily minutes of physical

activity was calculeed. To measurscreen time, students were asked to inditeemount of time

per day they usually spefidwat c hi ng/ st r e ami nfigP | TaW isnhgo evsi doer o /ntoovni pe
gameso, ATal kifinSgurdn ntghe hpechamede,rnet d,] i aamgd . A Re xt i
derived measure for average daily screen tirae calculated by suming the time spent on each

activity. To measure sleep, students were asked to indicate the amountméitidag they usually

spendi S| eepi ngo.

4.2.1.6 Substance Use

This thesis examirtemeasures of current use of cigarettesigarettescannabis, and binge drinking.
To measure current use o0®nhawnaryoféehe last 30 daysdidyadie nt s v
smoke one or ,mowiet ltirgaspdnxes ?0ysbDohse NA&8Ogdagsf (e

day) 6. Students were classified as current <cigar
last 30 daysTo measure currentuseotel gar et tes, students were asked
daysdidyouusean@ garette?0, with response options rang

day) 0. Student s wecigaette Usassfsheyfindieattd adlsast one day ef ask in e

thelast30daySf 0 measure current c¢ anirnahelas 12umenghs, hasvt udent s
often did you use marijuana or cannabis? (a joir
fromfil have never used marijuanad to AEvery daybo.
users if they indice&¢d A Onchkedo aomomdar e frequent use. To measu
students were asked @l n t have5dankstof alcdhol onmard om s | how
one occasion?0, rwintghi nrge sfproonns efi 1o phtaivoen snever done
da | yo. Students were classifdiedatsdciiOneatabinoigtk

frequent use.
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4.2.1.7 Bullying and Educational Measures

This thesis examinemieasures of bullying victimizatiotruancy, and educational expectatiohs

measureblly i ng vi cti mi zat ilothelasts30 dayhewdften haveyouebeea s k e d A

bullied by other studente?, wistplonrse opti ons ranging from @l h a
students i n thhDeaillays tor3 (Gtudeatssdidididededahyyfréquencyvere
classified as bully victimsTo measurdruancy, studentswefel n t he | ast 4 weeks, T

did you skip when you were not sfupopro siedd ctloa?sdos,e swi
i Mor e t ha nStliénts skipging sixeosndore classes were grouped so that final response
categoriecliasclesded Al0or 2 cl asseso, Toimgasureo 5 c |

educational expectations, students were asked @\
wi || get? (Choose only one) o, wless highsedh@mponse opt.i
diploma,college or trade, university a ¢ h edleogrréese, uni ver si tydaavanced ¢
knowo. Students who indicated a coll egm®to trade,

pursue possecondary education.

4.2.1.8 School Connectedness

This thesis examined school connectedness usiaglapted versioof the National Longitudinal

Study of Adolescent Health SGHtem scal€l27), whichasksstudents to indicate their agreement to

t he st dfedclosetdpsopléaty school 0o, Al feel I am part of
at schobeél fihe teacher s amtd My o ehedols afftee atn meg f
point Likert scale ranging fr oAsixthimnf &ting gopd Agr e e ¢
grades i s i,masaddedadcatnunteric scoranying from 6 to 24 was generated, with

higher scores indicating stronger sense of connection to school.

4.2.1.9 Home Life and Social Support

This thesis examined three measures relateédppyhome life family supportand friend support

Students were asked to indicate their agreemaethiree statements on a fipeint Likert scale

ranging from AStr ongl y Toamgasuegeappyhbroe lifg, Sttdentsn gl y di s ac
indicatedlevelofagr eement wi t h Al . Toaneasurefamiyasyppost, sthdentse | i f e «
indicated |l evel ohnagmée&mabobuwi mg pPprobl ems with

support, students indicatéde v e | of agreement with Al can tal k &
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Three binary indicators were generated for stude

other response options.

4.2.2 School Policies and Practices Questionnaire

The School Policies and Practices questionnaire (SPP) is an online questionnaire completed by a
school administrator who is familiar with their school's policy and program environment. The SPP
takes approximately 30 minutesdomplete ands typically conpleted within three weeks before or
shortly after the data collection date. The SPP is available in Frenaliministrators in Quebeand

in English foradministrators in all other provinces. The SPP includes measures on school policies,
practices andrpgrams related to healthy eating, physical activity, sedentary behaviour, substance
use, mental health, and bullyifig 8) This thesis usetheasures from the mental health section of the
SPR which was developeas part of the expanded COMPASS mentalthenodulg¢128). A

complete copyf themental health section of the SBsed in 201718 and 20189 is provided in
AppendixB. This thesisisedmeasures abn-site school mental health services and programs,
availability of mental health staff and training, and coordination @iternalorganizations

described in further detail below

4.2.2.1 On-Site School Mental Health Services and Programs

To examine availality of on-site mental health services, administratoeseraskediAre any of the
following mental health services available-site at your school? (Check all that applwith options

of a) lAssessment for emotional or behavioural problems (including behavioural observation,
psychosocial assessment and olestin checklists), b) Diagnostic assessment (comprehensive
psychological evaluation)) fiBehavioural management consultation with teachers, students, or
familiesd, d) iCase management, including monitoring and coordination of seby&EdiReferral to
specialized programs or services for emotional or behavioural problems or digpfdaGsisis

intervention (e.g., response to traumatic events, including disasters, serious injury/death of a member
of the school community) g) Alndividual counselling/tarapy, h) iGroup counselling/therapyi)
fiSubstance abuse counselingnd j)fiFamily support services in school setting (e.g., child/family

advocacy, counselling) Separatéinaryindicatos weregenerated for availability of each service.

To examineadditional schoekpecific mental health programming, administrators were asked

fiOther than classes/curriculum, does your school offer any programs to promote menta) health?
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Administrators who indicatedYesd were further prompted to indicate whethergreons are new or
continuing andyiven an opefended text response to describe the progrBnogram details were
examined for applicability and a binaygs/noindicator of schoekpecific programming was
generated.

4.2.2.2 Mental Health Staffing and Training

To examine availability of mental health professionals, administrators were 8Blestse indicate the
availability of the following mental health professionals at your school (Select all availability options
that applyd with categories af}Child and Youth Worke, b) iCounsellog, ¢) fiSocial Workeo, d)
fiPsychologigh, e)fiMental Health Nursiand f)fiOther (please list) Response options includé@n

callo, A0n-site full-timeo, andfiRegularly scheduld@dwith the optionto put in hours per month for
regularly scheduled professionals. Response optiensafranged into ordinal categories for each
professi on®hc olf | &tNomde@,r, taind AFul | ti meo.

To examine availability of mental health training for scheiaff, administrators were asked
“During the past 12 months, how many staff have received the following training related to mental
health® with categories ajMental health awareness/literacy (e.g., basic information, key warning
signsh, b) fiProviding matal health support (e.g., mental health first aid, Supporting Mindsj etc.)
and c)fiSuicide preventiol Response options includédll or mos®, iSome €.9.,1-5)0 or iNone),

and were arranged into ordinal categories for each type of training.

4.2.2.3 Coordination with External Organizations

To examine school coordination with community organizations related to mental health,
administrators were askétlVhat are your general practices for routine referral to and coordination
with communitybased mental health omgaations or providers? (Check all that apphyjth options

of a) AiStaff make passive referrals (e.g., give brochures, lists and contact information of providers or
organizations), b) iStaff make active referrals (e.g., staff complete form feithily, make calls or
appointments, assist with transportatiyr) fiStaff follow-up with student/family (e.g., calls to

ensure appointment kept, assess satisfaction with referral, need fordipljova) fiStaff follow-up

with provider (via phone,-eail, mail)o, e) iStaff host or attend team meetings with community
provider® and f)fiStaff do not make referralsResponseptionswere arranged into ordinal

categorie® f AiNoneboO, APassive referrapséo, fActi ve
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To examine schoaloordination with local public healtimits, administrators were ask@during
the past 12 months, what role did your local Public Health Unit (PHU) play when working with your
school on improving mental health for students? (Check all that appity) options of a)iNo
contact with local Public Health Uijtb) fiProvided information/ resources/programs (e.g., posters,
toolkits)o, ¢) iSolved problems jointlyand d)fiDeveloped/implemented program activities jointly
A binaryyes/noindicatorwas generatefibr responses-d to represent havingach type of

coordination.

4.2.3 School -level Administrative and Census Data

This thesis used administrative data on school province and total enrolment size, which was gathered
as part of the recruitment process. ScHeeél sociodemographic data was also gathered by linking
school location information to supplemental Statistics Canada data from th€@@dis. This thesis
examined a measure of school urbaniaging population density data collected using the Geosearch
lookup too{129)based on the population centre in which the school resides. Stdeaibd in

geographic areasith populations from 100,000 and greater and a population density of at least 400
per square kilometavereclassified agiLarge Urban, sctools with populations between 30,000 to
99,999 and a population density of at least 400 per square kilowertrlassified agMedium

Urbarp, and schools with populations less than 30,000 or a population density under 400 per square
kilometerwereclassfied asiSmall Urban/Rural This thesis examined a measure of school
socioeconomic statussing median household income data. The data were collected from publicly

available datafilgd30)based on the school forward sortation area.

4.3 Statistical Analyses

The research questions in this thesis were answered using decision tree tecArdgdsimn tree is

a machine learning technigue that examines an outcome of interest by segmenting the sample into
distinct subgroups based on similar characteristics of predictor variables. Decision trees segment the
predictor space based on a series of ltéieal binary splits, forming a tree structuféis thesis

used three different types of decision tredassification and regression trees (CARTltilevel

random effectsegression trees (REM), andconditional inference trees (CAn overview of ach

tree techniqués provided below, along with information on the specific analyses conducted for each

research question.
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4.3.1 Classification and Regression Trees

Classification andegressionrees (CART) methods, also called recursive partitioning, areatieth

for decision tree creation based on finding the statistiGalbyimald split of the sample into
subgroupél31) such that subjects within a subgroup are similar and subjects across subgroups are as
different as possiblé&Optimab splits are determid by recursively choosing the variables and cut

off levels that produce maximum separation among subgroups and minimatgvabim variability

with respect to the outcor{l81) Splitting occurs until a stopping rule is reached, typically based on
minimum subgroup siZ&13,131,132)Through this recursive process, the predictor space is divided
into a final set of distinct and nayverlapping regior(¢32). For every observation within each

region, the same prediction is made for the outcomtelicase of regression trees, this is the mean
response value for the subgroup, while for classification trees this is the most commonly occurring
outcomég132).

Recursive partitioning methods use a-tlgavn, greedypproach, in which thoptimal split
chosen in each step is the split that provides maximum group separation at the given step. This
approach technically results in a statistically-sptimal split, which is optimal among all possible
splits at the given step but may not correspond to aabtndtimum tree. Despite this, the sojstimal
split is typically referred to as statisticafigptimad within the context of the greedy approach. This
statistically optimal split at each step is calculated based on a measure of node impurity. Indhe case
regression trees for continuous data, node impurity is measured tagithgalsum of squares (RSS).
RSSmeasurethe sum of the differendeetweerthe outcome value for each observation and the

mean outcome value for the group. The calculation isrgby:

where there ar@® pf8 hdistinct subgroupd’, & is the value of the outcome for each observation

"QandU is the mean outcome value for subgrotp o ¢In the case of classification trees for

categorical outcomes, node impurity is measured by thei@lak, which calculates the total

variance across classes:
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whereb is the proportion of observations from fiesubgroup that belanto the’Q class.

Decision trees, particularly CART, tend to ov¥iéthe sample data, resulting in poor
generalizability. To mitigate this, tree pruning is employed, in which a larger tree is created and then
prunedto obtain an optimal subtréE32). To do thiscostcomplexity pruning is performed using-K
fold crossvalidation, in which a complexity parameteis determined and then used to find a set of
best subtrees for each possible number of total subgroups from 1 to the size of the original

treg(132,133) The optimal tree is then chosen to minimize the average error.

4.3.2 Multilevel Regression Trees

When evaluating the influence of the school environment, it is important to consider the hierarchical
nature of students clustered within schools.d®am effectdrees(RE-EM) are an extension to

traditional regression trees that account for theindependence of subjects using random effects
termg114,134,135)analogous to a mixed effects regression n{@86). RE-EM treesare estimated

by implementing a standard regression tree algorithm within an expeetatiximization algorithm,

with random effects estimated using a linear mixed effects ifiddell34,135)Tree pruning and
stopping rules are implemented in the same manner as inrstaadeession trees. REM

approacheblave been found to generally outperform standard regression trees in terms of predictive
accuracy in the case of clustered (b34,135) RE-EM approachealso outperform linear mixed

effects models when data haveusrdlerlying tree structure and have comparable performance even
when this is not the ca@es5s).

4 .3.3 Conditional Inference Trees

Conditional inferencérees (Cl)are an alternative decision tree technigitd a different recursive
splitting algorithm than CRT(137). While the CART algorithm simultaneously chooses the optimal
splitting variable and value at each silie Cl algorithm splits the choice into two steps. First, the
optimal splitting variable is chosen based on having the stroaggstiatiorto the outcome variable
as measured ke smallesp-value. Thep-valueis calculatedising a regression modsbpropriate

to the outcome type (e.g., linear regression for continuous outcddeesnd, the optimal splitting
point is determined for the chosen variable. This splitting approach continues recumstitelynode

is reached in which no covariates have a significant association to the obi@sedeon a

prespecified significance levdtor larger samples, additional stopping rules basedioimum
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subgroup sizes can also be used. No pruning is performed using the ClI algorifppr@@iches are
sometimes preferred to CART since the null hypothesis stopping rule tends to limit ogefitdi
the twostage splitting approach tends to limit bias towadables with many cut poir(tk13,137)

4.3.4 Study Analyses

The research questions for this thesis were answereddifgrgnt decision tree techniques

described above as well as traditibreggression techniqueBull descriptions of the analyses used to
answer each research question are provided in Chapter 5, Chapter 6, and Chapter 7. The following is
a brief overview of the analysesnducted to answer each research question.

The objectie of Study was to compare the performancectafssification and regression trees
(CART) and conditional inference trees (@i)traditional linear and logistic regression methods in
the context of health survey daGrosssectional studerevel data ad schoollevel census data from
Year 7 (201819) were usedwith the sample split into training @test setsFive outcome variables
were examined: continuousade scoresor GAD-7, CESD10, and FS, and binary indicators of
anxiety and depressioBART and Cimodels were run for each outcome and performance was
compared against lineandlogistic regressiomith backwardeliminationvariable selection. Model
performance s assessed using adjus®qRz.q) and root mean square error (RMSE) for
continuous outcomes, apércent classification accuracy (pCA) arda under the receiver operating
characteristic curve (AUC) for binary outcombdels were also compared orrgienony and

relative variable importance.

The objective of Study 2 wde usedecision tree analysis ttetermine whicltontextualand
behaviour factors are most influential ywuthmental health outcome€rosssectional studerevel
data andschootlevel census data from Year 7 (2018) were usedDecision trees were run to
examinecontinuous score outcom®r GAD-7, CESD10 and FSRE-EM treeswereusedto
account for schodkevel clusteringLinear mixed effects regression models (LME) evalso fit for

each outcome alcompared against REM tree results.

The objectiveof Study 3 was tadetermine which, if any, combinations of school mental health
practices are associated with better student mental hieattbitudinal studentevel dataand school
level SPHrom Year 6 (201718) and Year 7 (20189) were usedas well as schodével census
data Continuousscore outcomes for GAJ, CESD10 and FS were examineahd studenlevel

predictors were chosen based on the results of Studyr&class correlation coefficients (ICCs) were
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calculated to determine the amount of variability in mental healle outcomesttributed to
betweenrschool differences. REM trees were rum two stages: first includingnly schootlevel
variables to examee overall impacts, and secoaddingstudentlevel demographics to examine
differential subgroup impacts.

4.3.5 Software

R version 4.0.3 (R Foundation for Statistical Caonitpg, Vienna, AT) was used for all decision tree
analysesThe Arparto package wapamutekli forp&ZARIgenodas s
model s, REEMd eebe package -EMaedelsiTsheed fifroprarRE pl ot 0 pac
used for tree plotig.Addi ti onal ly, the Al md and Agl mdo functi
for | inear and | ogistic regression models, and t
regression models Study 2 SAS version 9.4 (SAS Institute, Cary, N@asused for additional data
manipulation and descriptive statistiesid the GLIMMIX procedure was used to calculate ICCs for

Study 3.
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5.1 Overview

Introduction: In population health surveillance research, survey data are commonly analyzed using
regression methods; however, these methods have limited ability to examipkex relationships.

In contrast, decision tree models are ideally suited for segmenting populations and examining
complex interactions among factors, and their use within health research is growing. This article
provides a methodological overview ofai@on trees and their application to youth mental health
survey data.

Methods: The performance of two popular decision tree techniques, classification and regression tree
(CART) and conditional inference tre€lj techniques, is compared to traditionaklar and logistic
regression models through an application to youth mental health outcomes in the COMPASS study.
Data were collected from 74 501 students across 136 schools in Canada. Anxiety, depression and
psychosocial welbeing outcomes were measurdohg with 23 sociodemographic and health

behaviour predictors. Model performance was assessed using measures of prediction accuracy,

parsimony and relative variable importance.

Results: Decision tree and regression models consistently identified the sésnaf snost important
predictors for each outcome, indicating a general level of agreement between methods. Tree models
had lower prediction accuracy but were more parsimonious and placed greater relative importance on

key differentiating factors.

Concludon: Decision trees provide a means of identifying higk subgroups to whom prevention
and intervention efforts can be targeted, making them a useful tool to address research questions that

cannot be answered by traditional regression methods.

Keywords: decision trees, population health, survey methods, mental health, youth

5.2 Highlights

91 Decision trees can be used within population health research to address important research

guestions that cannot be answered by traditional regression methods.

1 A key advarage of decision trees over regression models is the ability to examine complex

interactions among risk factors.
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1 Decision trees can be used to identify higik groups to whom prevention and intervention

efforts can be targeted.

1  While regression models méave higher prediction accuracy in some settings, decision trees

place greater emphasis on key differentiating factors.

5.3 Introduction

Population health surveillance research is often carried out usinestaaiesurvey studies that

attempt to assess thapacts of wideranging social, economic and environmental factors on various
health outcomes. The relationship between these factors and health outcomes is often characterized
by complex interactions that make it impractical to identify any single fastocawasal. In the context

of youth mental health, outcomes have previously been associated with socioecononfl38jatus
weight statugl39), dietary behaviouf440), physical activity and sedentary behavigldd), sleep
habitg142), cannabis w&143), bullying(144), school connectednd6§,62)and peer and family
relationshipél45,146) among other factors. However, most research studies focus on examining the
impact of any given factor or domain of factors in isolation; in realityytiterlying

interrelationships are likely more complex.

Associations are often examined using regression models, which estimate the association between a
predictor and an outcome while controlling for other factors. However, these models are rarely used
to estimate complex interactions between factors, due to computational limitations and difficulty in
interpretation. Additionally, the resulting model estimates do not allow for the development of risk
profiles, that is, separating subjects into subgroupsdbas certain combinations of risk factors. The
identification of highrisk subgroups is important to efficiently target resources and interventions.
Decision trees comprise a different class of models that are ideally suited for segmenting populations

andexamining complex interactions among factbis).

Decision trees are commonly used in clinical research that focusses on screening and
diagnostic€l16), with emphasis on prediction. Decision trees are less common in population health
research, where the focus is on understanding associations and identifying subgroups for targeting
behavioural interventions, though their use is increasing. Within the domain of mental health, recent
studies using decision trees have primarily examinsdcgastions with depressi¢id 7 152)and
suicide risk148,153161).
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Two studies examined depression outcomes in youth populations specifically. H{lLl49)xbund
that, among students with subclinical depressive symptoms at baseline, friend s@sganotective
against developing major depressive disorder by age 30, with anxiety disorder and substance use
disorder increasing risk among those without friend support. Seeley, Stice an{1Sahiteind
poor school functioning to be a primary riglkctor for major depressive disorder onset among girls
with elevated depressive symptoms at baseline, with parental support acting as a protective factor
only among girls with low levels of baseline depressive symptoms. Three studies examined suicide
ideaton in youth populations and found that mediating factors such as family relatiqa86ii$8)
and social suppdit55,156)were only protective among students that did not have high levels of

depression.

Among the studies mentioned above, few includieelct performance comparisons between tree
and regression methods. Smaller studies by Burke @tsl) Mitsui et al(148)and Handley et
al.(161)found regression models had higher predictive accuracy than corresponding tree models;
however, thes studies had small sample sizes (ranging from 359 to 2194 participants). Conversely,
two larger studies one by Dykxhoorn et glL60)examining a longitudinal sample of 11 088
children, and another by Batterham efl&i0) examining a longitudinal stydf 6605 adult8 found
decision trees to outperform corresponding logistic regression in terms of sensitivity and overall
predictive accuracy. Thus, while there is some evidence to suggest that decision trees may have
advantages over traditional regressioethods in the case of larger sample sizes, there is an overall

lack of available evidence within the domain of mental health.

Despite growing use of decision trees, regression models remain commonplace in the population
health literature. This results amissed opportunity to understand the complex interactions among
risk factors and the identification of higlsk subgroups to which prevention and intervention efforts
can be targeted. The aim of this study was therefore to examine the use of dexgsiamthe
analysis of largescale population health surveillance data. In this paper, we first provide an overview
of two popular types of decision tree, the classification and regression tree (CART) and the
conditional inference tre€() techniques. Nd, the performance of decision tree models is compared
to traditional linear and logistic regression models through an application to youth mental health
outcomes in the COMPASS stu(iy18) Tree and regression methods are evaluated based on
prediction accuracy and parsimony, with additional considerations given to relative variable

importance and model interpretability.
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5.4 Methods

5.4.1 Background on Decision Trees

Decision trees are statistical méglthat examine an outcome of interest by partitioning the sample

into distinct subgroups based on predictor variables. The subgroups are determined using a series of
binary splits that resemble a tree structure. Various types of decision tree algosatiarehn
developel12) this analysis focusses on two popular types of decision tree: CARCland
Methodological overviews of CART ar@l in the context of epidemiological research have been
previously published13,116) a summary of important feaes follows.

5.4.1.1 Classification and Regression Trees

CART is a widely used class of decision tree for categorical (classification) and continuous
(regression) outcomes. Originally developed by Breiman @6&), CART methods find optimal

splits of the samip into subgrougd.31) such that subjects within a subgroup are similar and subjects
across subgroups are as different as possible. Optimal splits are determined by recursively choosing
the variables and cuiff levels that produce maximum separation agieubgroups and minimal
within-group variability with respect to the outcofh®1) Continuous and categorical variables may
be split multiple times throughout the tree on differentpmints. Splitting occurs until a stopping

rule is reached, typicallgased on minimum subgroup t#3,131,132)Through this recursive
process, the predictor space is divided into a final set of subgroups, for which the mean outcome
value (regression trees) or the percent of the subgroup having the outcome (classifeed) is
calculate@132).

A large tree grown by recursively splitting the predictor space tends to overfit the sample data,
resulting in poor generalizability. Overfitting is mitigated using tree pruning and aaltdation
procedure, in which #hlarge tree is pruned leading to a sequence of nested subtrees from among
which an optimal tree is selected. The most commonly used pruning method is cost complexity
pruning, in which an increasing sequence of complexity parameters corresponds to eesefjuen
nested subtrees with decreasing 4iz&2,133) The optimal subtree that minimizes the average error
based on crosgalidation(132)i s t hen chosen. When wo€¥SkEiong uwiet h sl
often used to choose the smallest subtree that has an average error within one standard deviation of

the overall minimum err¢t13,116)
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5.4.1.2 Conditional Inference Trees

Clis an alternatig to CART developed by Hothorn et(aB7)While CART chooses the optimal split

at each step among all potential variable and splitting points simultaneBlsgparates the splitting
determination into two steps. First, the optimal variable to splis @hosen based on the strongest
association to the outcome. Association to the outcome variable is measured using regression models
appropriate for the outcome, for example, linear regression for continuous outcomes and logistic
regression for binary acome$113,137) The covariate with the smallgsvalue is chosen for

splitting. Second, the optimal splitting point for that variable is deterr(ii@¢137) This approach
mitigates the selection bias toward variables with many splitting pointsfofiad in

CART(113,137) This splitting process continues recursively among each subgroup until a stopping
rule is reached. As with CART, continuous and categorical variables can be split more than once
throughout the tree at different goints.

The sbpping rule forCl is based on a global null hypothesis: the algorithm stops splitting when no
covariates have a significant association to the outcome based on a prespecified significance level
( al p@E3;137)Fdr large samples, additional stoppanigeria based on minimum subgroup sizes
can also be used. No pruning is require@inthe global test for significance acts as a means to
prevent overfittingl 13,137)

5.4.2 Application

The relative performance of decision trees and regression methodemaared in the context of

population surveillance research using youth mental health data from the COMPAS$18udy

5.4.2.1 Ethics Approval, Study Design and Sample

COMPASS is a prospective cohort study designed to collect hierarchical health data fromarCanad
secondary school stude(it&8) COMPASS has received ethics clearance from the University of
Waterloo Research Ethics Board (ORE 30118). Additional details about the COMPASS host study

are available in prift18)and online Ittps://uwaterloo.ca/compasgsten).

We used studerevel data from Year 7 (2018/19) of the COMPASS study. The sample consists of
74 501 students from 136 schools in Ontario (61 schools), Alberta (8 schools), British Columbia (15
schools) and Quebec (52 schools). COMPASS uses purposeflirgatapecruit wholeschool

samples based on their use of actiiermation, passivweonsent parental permission protocols. The
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participation rate for 2018/19 was 81.9%, with the primary reason for nonparticipation being
absenteeism or scheduled spare¢hendata collection date.

5.4.2.2 Measures

The COMPASS student questionnaire is a pdjaaed questionnaire completed by students during
class time. The questionnaire is anonymous anebgetiinistered, and students may decline to
participate at any timéhis study examined 5 mental health outcome measures related to depression,
anxiety and psychosocial wddking (flourishing), as well as 23 core predictor measures related to
demographics, body weight, healthy eating, movement behaviours, substancgiyisg, b

academics and school support, and perceived family and friend support.

5.4.2.3 Mental Health Outcomes

5.4.2.3.1 Depression

Depression is measured using the Center for Epidemiologic Studies Depression Stete d€ale
(CESD10)(23,126) which has been validatén adolescent populatiof2st). The CESDP10 is

measured as a continuous score ranging from 0 to 30, with higher scores indicating greater degrees of
depressive symptomatology and risk of unipolar depression. An additional binary measure of
depression isised, with students scoring greater than or equal to 10 classified as having clinically

relevant depressive symptoms.

5.4.2.3.2 Anxiety

Anxiety is measured using the Generalized Anxiety Disordwmni Scale (GAD7)(25), which has

been validated in adolescent pégtiong26). The GAD7 is measured as a continuous score ranging
from 0 to 21, with higher scores indicating greater levels of anxiety. An additional binary measure of
anxiety is used, with students scoring greater than or equal to 10 classifiednasctiaidally

relevant anxiety symptoms.

5.4.2.3.3 Flourishing

Flourishing is a component of psychological weding and is measured using a modified version of
Di ener 6s FI| o u(28) which magbeeh wvadidated in ybuBg ad@®. The FSis a

continuous score ranging from 8 to 40, with higher scores indicating greater levels of flourishing.
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5.4.2.4 Predictor Variables

Demographic predictor variables include age, sex, ethnicity and weekly spending money (a proxy for

socioeconomic status). Body weight is mead using weight perception and body mass index (BMI)

classification. Healthy eating is measured using a binary indicator of whether students eat breakfast

daily, as well as the number of servings of fruits and vegetables consumed daily. Movement

behavious are assessed using minutes of average daily modendagorous physical activity

(MVPA), minutes of total daily screen time and daily minutes of sleep. Substance use is measured

using binary indicators of pastonth use of tobacco;a@garettes and caabis, as well as pastonth

binge drinking. Bullying is measured using two indicators of whether a student was bullied or had

bullied others in the past 30 days. Academics and school support are measured using a binary

indicator of whether students expéu attend a postsecondary institution, the number of classes

skipped in the past four weeks, and a continuous school connectedness score (with higher scores

indicating higher levels of connection to school). Perceived family and friend support areadeasur

using binary indicators of having a happy home life, feeling able to talk about problems with family

and feeling able to talk about problems with friends.

In addition to the studetiével measures, additional schdevel predictors include total school

enrolment, province, school area median income and school urbanicity. Measures of income and

urbanicity
sortation ared29,130)

5.4.2.5 Analysis

are taken

from Stat.i

stics

Canadads

Individual mental health scaléeims were persemean imputed for students missing one or two

items. While mean imputation may artificially reduce variance, more complex imputation methods

were not used given the primary focus of the analysis on performance rather than inference. Student

with missing or outlier values on any variables were removed, resulting in a final complete case

sample of 52 350 students. Sample characteristics are provided in Table 1. The sample was randomly

split into training (41 795; 80%) and test (10 555; 20&thsles.

Table 1. COMPASS Year 7 (2018/19) student sample characteristics

Category

Variable

Levels

%

Total

52350

100.0%

Mental health outcomes

CESD10 scale

(Mean, SD)

8.50

5.85
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GAD-7 scale (Mean, SD) 6.02 5.31
Flourishing scale (Mean, SD) 32.42 5.39
. No 33778 64.5%
Depression
Yes 18 572 35.5%
. No 40 568 77.5%
Anxiety
Yes 11782 22.5%
Female 27 483 52.5%
Sex
Male 24 867 47.5%
12 2310 4.4%
13 4564 8.7%
14 10282 19.6%
Age (years) 15 12 221 23.3%
16 12 198 23.3%
17 8 628 16.5%
18 2147 4.1%
White 37 370 71.4%
Black 1565 3.0%
Ethnicity Asian 5 559 10.6%
Latin American 1235 2.4%
Other/multi 6 621 12.6%
Demographic factors $0 8 099 15.5%
$1i $20 12 701 24.3%
T 0,
Spending money $211 $40 5796 11.1%
$41 $100 6 469 12.4%
More than $100 10 067 19.2%
Dondét Kknow 9218 17.6%
Alberta 2222 4.2%
. British Columbia 7 298 13.9%
Province
Ontario 20 450 39.1%
Quebec 22 380 42.8%
Largeurban 28 684 54.8%
Urbanicity Medium urban 5 044 9.6%
Small urban/rural 18 622 35.6%
School medi an
$CDN) (Mean, SD) 67.33 17.47
School size (¢ (Mean SD) 8.49 3.52
) ) Underweight 8 300 15.9%
Body weight and eating Weight perception i ] .
behaviours About the right weight 31877 60.9%
Overweight/obese 12173 23.3%
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Underweight 985 1.9%
Normal weight 29 932 57.2%
BMI classification Overweight 6 465 12.3%
Obese 2 843 5.4%
Not stated 12125 23.2%
0,
Eat breakfast daily No 25373 48.5%
Yes 26 977 51.5%
Servings of fruits and
vegetables (Mean, SD) 2.98 1.93
Average daily physical activity
(min)
Movement behaviours - - (Mean, SD) 96.40 62.14
Screen time (min) (Mean, SD) 350.97 178.28
Sleep time (min) (Mean, SD) 451.94 74.78
No 49 349 94.3%
Tobacco use
Yes 3001 5.7%
. No 38570 73.7%
E-cigarette use
Yes 13 780 26.3%
Current substance use
. . No 44 020 84.1%
Binge drinking
Yes 8330 15.9%
. No 46 683 89.2%
Cannabis use
Yes 5 667 10.8%
0,
Was bullied No 46 412 88.7%
0,
Bullying in the lasB0 days Yes 5938 11.3%
0,
Bullied others No 49 702 94.9%
Yes 2 648 5.1%
Expect to attend postsecondar No 12 380 23.6%
Institution Yes 39970 | 76.4%
. O classes 34 894 66.7%
Academics and school Lor2dl 10 634 20.3%
support Classes skipped in past 4 weg——21-=-=355€S =
3 to 5 classes 4 246 8.1%
6 or more classes 2576 4.9%
School connectedness score (Mean, SD) 18.67 3.14
0,
Happy home life No 10219 19.5%
Yes 42 131 80.5%
. Talk about problems with No 20770 39.7%
Family and peer support famil
y Yes 31580 | 60.3%
Talk about problems with No 12 748 24.4%
friends
Yes 39 602 75.6%
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Abbreviations: BMI, body mass index; CESDO, Center for Epidemiologic Studies Depressio+itét scale; GABD7, Generalized
Anxiety Disorder 7item scale; min, minutes; SD, standard deviation.

CART andClI were run for continuous (CESIDD, GAD-7, FS) and binary outcomédepression,
anxiety). CART pruning was performed usingfbll crossvalidation and the-5E rule.Cl
significance was set at U = 0.05 with a Bonferrc
sample size, an additional stopping rule was indude both CART andCl to limit the minimum
number of observations per bucket to 1% of the sample. Linear and logistic regression models were
also run for continuous and binary outcomes including all main effects. Backiimndation
variable selection usg the Akaike information criterion (AIC) was performed to mimic tree pruning.

Fitted models from the training sample were applied to the test sample. Predictive performance was
compared using adjusted R2{) and root mean square error (RMSE) fortamrous outcomes, and
percent classification accuracy (pCA) and area under the receiving operator characteristic curve
(AUC) for binary outcomes?2.g;is the amount of variation explained by the model, adjusted for the
number of covariates, such thRitg will decrease if inclusion of a given covariate does not
substantially increase the explained variation. RMSE is the average of the squared difference between
the actual and predicted outcome va{li82). The closer the predicted values are to thewvalges,
the lower the RMSE. pCA simply measures the percentage of observations for which the model
correctly assigns the outcome value. AUC (also known as the concordance statistic) is a more
sophisticated measure of accuracy that accounts for bothrisit\8sy and specificity of the

mode[131). Both measures range from 0 to 1, with higher values indicating higher model accuracy.

Parsimony was evaluated using the number of parameters and unique variables in the model.
Relative variable importance meass were calculated based on the decrease in model fit resulting
from removing a given variable from each model. For decision trees, this is measured by the sum of
the goodness of split for all occurrences where the variable is used as a primary atesspiity For
linear and logistic regression models, this is measured by the decr&sgaind AUC, respectively.

R version 4.0.3 (R Foundation for Statistical Computing, Vienna, AT) was used for all analyses.
The functi onshripagratGo)o (dpade klegge Apart yki tG) wer e |
model s, respectively. The functions Al md and dgl

logistic regression models, respectively.
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5.5 Results

The average CESO score in the sample was 8(8D = 5.85) with 33.5% of the sample classified
as having clinically relevant depressive symptoms. The averageGg&bre was 6.02 (SD = 5.31)
with 22.5% classified as having clinically relevant anxiety symptoms. The average FS score was
32.42 (SD = 5.3p

5.5.1 Decision Tree and Regression Model Comparison

As an illustrative example, the CART and logistic regression model results for the binary anxiety
outcome are presented. The final fitted CART tree for the binary anxiety outcome is presented in
Figure 1.The model identified 9 final subgroups using 5 unique variables. The primary splitting
variable was whether students indicated having a happy home life. Both subgroups were then split
based on school connectedness, though differerdftpbints were usedsplits were also made for
some subgroups on sex, sleep duration and whether the student was bullied. The largest final
subgroup was of students who indicated having a happy home life and had school connectedness
scores of 17.5 or greater, making up 61%he sample. Within this group, the probability of having
clinically relevant anxiety symptoms was 12.7%, which was the lowest of all groups. The highest risk
subgroup comprised females who indicated not having a happy home life and low school
connectednss (< 16.25), with a 64.6% probability of having clinically relevant anxiety symptoms.
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Figure 1. CART tree for having clinically relevant anxiety symptoms (GAD7 O 1 0)

Abbreviations:
school connectedness.

Happy
heome llife

No

n=31735
p=J225

=16.25

School
oonnect
n=32 157
p= .47

<1625

CART, classification and regression tree; GAD-7, Generalized Anxiety Disorder 7-item Scale; school connect,

Note: n is the number of students in subgroup; p is the percentage of the subgroup with clinically relevant anxiety symptoms.

The logistic regression model result Bmxiety is presented in Table 2. The final model after

applying backware@liminationvariable selection included 20 variables (33 parameters). Like the

CART model, having a happy home life (odds ratio [OR]: 0.33; 95% CIi 0.34), male sex (OR:

0.33; %% CI: 0.310.34) and school connectedness (OR: 0.88; 95% CIi 0.89) were found to be
important predictors. Other factors including minority ethnicity, higher spending money, living in

Quebec,

s mal

| ur ban

or

r ur a ptionueating@bnebkfast dayly,

fabout

higher sleep time and feeling able to talk about problems with family and friends were associated

with lower odds of having clinically relevant anxiety symptarompared to the respective reference

groups for each variahl®lder age, eating more fruits and vegetables, higher screen time, current

tobacco use and@garette use, being bullied, expecting to attend a postsecondary institution and

skipping classes were associated with higher odds of having clinically relevéetyaymptoms.
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Table 2. Logistic regression model for odds of having clinically relevant anxiety symptoms

(GAD-7 O 10 )
Variable Level AOR (95% CI)
Sex (ref = female) Male 0.33 (0.310.34)***
Age (years) per year 1.05(1.02 1.07)***
Ethnicity (ref = White) Black 0.50 (0.43 0.59)***
Asian 0.73 (0.660.81)***

Latin American

0.83 (0.70.98)*

Other/multi 1.01 (0.941.09)
Spending money (ref = $0) $1i $20 0.93 (0.851.01)
$21 $40 0.86 (0.770.95)**
$41i $100 0.87 (0.790.96)**
More than $100 0.94 (0.861.03)
Dondét know 0.87 (0.790.96)**

Province (ref = Alberta)

British Columbia

0.89 (0.771.03)

Ontario

0.92 (0.811.05)

Quebec

0.66 (0.580.76)"

Urbanicity (ref = large urban)

Mediumurban

1.02 (0.931.12)

Small urban/rural

0.86 (0.800.91)"

Weight perception (ref = underweight)

About the right weight

0.78 (0.720.84)**

Overweight 1.03 (0.951.12)
Eat breakfast daily Yes 0.76 (0.720.80)***
Servings of fruits andegetables per serving 1.03 (1.011.04)***
Screen time (hours) per hour 1.05 (1.051.05)***
Sleep time (hours) per hour 0.83 (0.830.83)***
Current tobacco use Yes 1.12 (1.001.25)*
Current ecigarette use Yes 1.08 (1.011.15)*
Was bullied in lasB0 days Yes 2.03 (1.882.18)***
Expect to attend postsecondary institution | Yes 1.16 (1.091.24)***
Classes skipped in past 4 weeks (ref =0 | 1i 2 classes 1.06 (0.991.13)
classes) 3i 5 classes 1.16 (1.061.28)**

6 or more classes

1.23(1.10'1.39)***

School connectedness score per unit 0.88 (0.870.89)***
Happy home life Yes 0.50 (0.470.54)***
Talk about problems with family Yes 0.73 (0.690.77)***
Talk about problems with friends Yes 0.75 (0.710.8)***

Abbreviations: AOR, adjusted odds ratio; Cl, confidence interval; ref, reference group.
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*p < 0.05
**p < 0.01
4 < 0,001

5.5.2 Prediction Accuracy and Parsimony

Prediction accuracy results for continuous outcomes (CGEEIEAD-7, FS) are presented in Table

3. The linear regression models had the highest teR.geand lowest RMSE for all three outcomes.
TheR%.q and RMSE values were similar for CART a@timodels, withRe.q consistently 4% to 5%

lower than the linear regression results and RMSE 0.13 to 0.19 higher. The CART trees included the
fewest unique variables, followed B}, with linear regression models including over twice as many
variables. Howevethe number of final parameters (corresponding to number of splits for tree
models) was similar for CART and linear regression, and highe&lforodels. The absolute value of

the RP.q; was relatively low for all models, indicating the predictors exgdksss than half of the

variation in the outcome. Additionally, tfi&.q and RMSE calculated on the test set were similar to

the training set for all models, suggesting minimal overfitting.

Prediction accuracy results for binary depression and anxietyroescare presented in Table 3.
CART produced more parsimonious models t@aand logistic regression, using only 9 splits on 6
variables for depression, and 8 splits on 5 variables for angleproduced more complex models,
using over 50 splits. The ger difference between number of subgroups and variables useddh the
models compared to the CART models is partially due to the model splitting on the same variable
multiple times using different cytoints. Logistic regression models included 22 unicaréables for
depression and 20 for anxiety. Despite the difference in model complexity, the test setpCA and AUC
were very similar across models, with logistic regression performing only slightly better. The absolute
value of the AUC was 0.71 for deprasmsiand ranged from 0.59 to 0.63 for anxiety, which suggests
mediocre discriminatory ability. As in the continuous case, training and test set performances were

similar, suggesting minimal overfitting.

Table 3. Prediction accuracy conparison for continuous and binary outcomes for CARTCI

and regression models

Continuous # Unique Training Training Test Test
outcome Method # Parameters variables R2adj RMSE R%d | RMSE
CART 38 9 0.35 4.73 0.33 | 4.76
CESD10 Cl 57 10 0.36 4.70 0.34 | 4.73
Linear reg. 34 20 0.39 4.59 0.38 4.57
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CART 39 11 0.28 4.50 0.27 | 4.55
GAD-7 Cl 63 15 0.29 4.49 0.27 | 4.55
Linear reg. 40 23 0.32 4.39 0.31 4.42
CART 43 9 0.47 3.94 0.46 3.97
FS Cl 70 12 0.47 3.93 0.46 3.96
Linear reg. 40 24 0.51 3.79 0.51 3.78
Binary # Unique Training Training Test Test
outcome Method # Parameters variables pCA AUC pCA AUC
Depression CART 9 6 0.75 0.71 0.74 0.70
Cl 53 14 0.75 0.71 0.74 | 0.70
Logistic reg. 39 22 0.76 0.71 0.76 0.70
Anxiety CART 8 5 0.80 0.60 0.79 0.59
Cl 52 11 0.80 0.61 0.79 0.61
Logistic reg. 34 20 0.80 0.63 0.80 | 0.63

Abbreviations: AUC, area under the receiving operator characteristic curve; CART, classification and regression tree; CESD-
10, Center for Epidemiologic Studies Depression 10-tiem scale; Cl, conditional inference tree; GAD-7, Generalized Anxiety
Disorder 7-item scale; FS, flourishing scale; pCA, percent classification accuracy; reg., regression; R%, adjusted R?, RMSE,
root mean square error.

5.5.3 Relative Variable Importance

Relative variable importance percentages for continuous outcomes {CE&AD-7, FS) are

presented in Figure 2. For CESID and GAD7 outcomes, CARTCI and logistic regression all
consistently identified schoobnnectedness, having a happy home life and sex as the three most
important variables. Sleep time also ranked fourth highest in relative importance in all except the
anxiety linear regression model, which ranked bullying as fourth highest. However, Rie &2®WCI
models gave more weight to the highest ranked variables than the linear regression models. CART
andCl attributed 78% to 87% of the total importance to the top four variables, while linear regression
attributed only 47%, with the remainder sptibre evenly across other variables in the model.

Similar results are seen for FS, though sex is not identified as important in any of the models, while
talking about problems with friends is ranked within the top four for all models, family was identified
as important for CART an@l models, and spending money was identified as important for linear
regression. Again, CART ar@l attributed 86% to 93% of total importance to the top four ranked

variables, while linear regression attributed only 43%.
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Figure 2. Relative variable importance percentages of top contributing predictor variables for

CART, CI and regression models for continuous and binary outcomes
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Relative variable importance percentages for binary outcomes are preadfipae 2. As was
seen for continuous outcomes, school connectedness, happy home life and sex were consistently
identified as the three most important variables across depression and anxiety models. Talking about
problems with family was ranked as fouhighest for depression across all models, while having
been bullied was ranked as fourth highest for all anxiety models. CART attributed 92% to 93% of
total importance to the top four variables, witilieattributed 79% to 83% and logistic regression
attributed 44% to 46%.

5.6 Discussion

This study provided a methodological overview and comparison of two types of decision tree, CART
andCl, to traditional linear and logistic regression methods using a novel application tsdatge

youth mental health survewth. This study adds to the limited existing evidence on decision tree
performance in this domdit¥8,150,154,160,16 by examining a large sample of youth and wide

breadth of predictors. This study also examines methodological considerations of decision trees in the
context of population surveillance research, in which prediction accuracy must be weighed against
model irterpretability. Beyond the subject matter knowledge gleaned from the results of this
application to youth mental health, the implications discussed below can be used as a guide for

researchers examining other laigmale survey datasets.

In the case of mdiction accuracy, for linear scale outcomes linear regression outperformed CART
andCl, with 4% to 5% higheRe,q values and 3% to 5% lower RMSE values. The number of model
parameters was similar for CART and linear regression, whitesulted in moreomplex models.
However, while CART and linear regression had a similar number of parameters, CART identified
far fewer unique variables as significant, with the high number of parameters due to multiple splits on
the same continuous predictor variablescantrast, regression models assumed a linear effect of
continuous variables and provided only a single estimate representing the effect-oiit or@ease

in the variable, regardless of the starting value.

In the case of binary outcomes, logistignession models again had higher predictive performance
than CART andCl; however, overall performance was closer than for continuous outcomes, with 1%
to 2% higher prediction accuracy and 0% to 3% higher AUC. In these cases, CART produced far
more parsimnious models than bothl and logistic regression, both in terms of total parameters and
number of unique variables. Previous small studies by BurkgE54). Mitsui et al(148)and
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Handley et a{161)found AUCs ranging 4% to 8% lower for CARTatmlogistic regression, while in
contrast, a study by Batterham e{18B)found AUC 2% higher for CART than logistic regression.
While direct comparison of AUC findings from these studies is difficult given the differences in study
samples, outcomes @model specifications, it is still noteworthy that across all studies performance
between the two techniques did not drastically differ. Thus, while linear and logistic regression may
provide slight advantages in predictive ability, the simpler modelsrgtad by CART may be more
desirable, particularly for knowledge translation in the context of population health research where

the focus is on understanding associations and communicating results to a nontechnical audience.

Decision tree and regression deds consistently identified the same sets of most important
predictors for each outcome, indicating a general level of agreement between methods. However,
CART andClI weighted the relative importance of these top predictors much higher than the
regressionmodels, attributing more than thrgaarters of total importance to the top four predictors,
compared to regression models, which attributed less than half of total importance to the top
predictors. This is in line with the greater parsimony seen in A&RTGndCI models and highlights
the ability of decision trees to single out the most important factors.

Additionally, a common limitation of regression models is that factors with high multicollinearity
tend to fAwash out 0 wh dingtoenflated vagadce asiinmatesl ot varialdeo u s | y ,
omission bias, which could cause factors to be overld@6é&) This has been seen in past research
comparing trees and regresgib®0), suggesting that decision tree methods can offer a clearer
represerdtion of key factors to aid in decision making. This advantage of parsimony can be
particularly beneficial in the domain of populati@vel disease prevention research, in which a

myriad of competing risk factors and confounders may be present.

Higher levels of school connectedness and having a happy home life were consistently identified as
key predictors and were associated with lower levels of depression and anxiety and higher
flourishing. This is consistent with previous research linking family meiahips to adolescent
anxiety(146)and school connectedness to emotional distress and depression (8§62th
Additionally, previous classification tree analysis on adolescent girls found poor school functioning to
be a major risk factor for depsgenonset bufound that parental support was only protective among
subgroups with low depression at bas€li®sd). The protective association to school connectedness

highlights the role of the school environment for helping to shape youth mentaldrehhiighlights
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why schools are an appropriate context for intervening, given the ability to reach a large section of the
youth population. The decision tree method highlighted in the current study is well suited to future

research evaluating complex emvimental characteristics and-cocurring interventions.

As previously mentioned, an advantage of decision trees is the ability to examine complex
interactions between predictors and identify hiigh subgroups to whom prevention and intervention
effortscan be targeted. In the illustrated example with anxiety, bullying was significantly associated
with the odds of having clinically relevant anxiety symptoms in the regression model; however, in the
CART model, bullying only appears as a risk factor fohhiganxiety among the subset of female

students with a happy home life and lower school connectedness.

Similarly, sleep time was associated with greater odds of anxiety in the regression model, though
the magnitude was small; in contrast, the CART moola@hd sleep to be a protective factor among
females without a happy home life and with high school connectedness. Estimates in the regression
model correspond to the overall average association across the entire sample and do not provide any
insight into tke differential impacts on various subgroups. In this case, the low effect size for sleep
time in the regression model masks its importance among a specific subgroup.

Studies by Handley et §161)and Batterham et a159)which examined suicide idéan in
adults, each found important factors present in decision tree analyses that were not significant in
corresponding regression models. As noted by Handley, this suggests a multiplicative rather than
independent impact of these factors, which wouldbeodetected using a standard regression model
of main effects. Thus, decision trees can be much more useful than regression models for researchers
and practitioners seeking to identify unique characteristics of the highest risk groups to whom to tailor

interventions.

Despite these findings, the stronger predictive performance of regression models compared to
decision tree models seen in this study could suggest that the underlying nature of predictors is
somewhat linear. In the illustrative anxiety exd@ygchool connectedness was found to be an
important factoboth for those with and without a happy holifee, while sex was found to be the
next most important factor across three of four subsequent subgroups. This suggests that the effect of
these factts is similar across thentiresample, meaning a regression analysis would adequately
capture this effect through the single model estimate. Decision trees have a greater advantage over

regression models when the true underlying relationships in thamat@nlinegi13). Researchers
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should therefore carefully consider underlying data structures based on theory and descriptive
exploration when contemplating the most appropriate analysis technique.

This study examined two types of decisions tree: CARICI. Both models segment the
population into distinct subgroups by recursively choosing the variables aoftf [ayvels that
produce maximum separation among subgroups and minimal sgithirp variability. While CART
andCl performed similarly in terms of pdiction accuracy, CART consistently produced more
parsimonious models, including fewer total model parameters and unique variables. Both CART and
Cl models tended to include multiple splits on different values of the same variable, particularly for
the cantinuous outcomes examined. Tendency to favour continuous predictors over categorical due to
the greater number of potential splits is a commonly noted drawback of decisidhliBe82) For

binary outcomes, this limitation seems to be more of a coroe€l than CART.

Another commonly mentioned drawback of decision trees is the tendency for the models to overfit
to the sample datha37), which is partially mitigated by pruning in the case of CART and stopping
rules based on tests of statisticahgfigance in the case @1(137). In this study, similar model
performance for training and test sets showed that overfitting is not a concern using either method,
which may potentially be credited to the large sample size in this dataset. Intere€timgbduced
much more complex models than CARJI.models in this study used a standard statistical
significance threshold of U = 0.05 with Bonferrc
criteria should be used withl in the case of larggample size. Thus, while previous literature tends
to favourCI(113), this study suggests that researchers working with lacpgde health data should

instead consider using CART when parsimony and interpretability are primary concerns.

5.6.1 Strengths and li mitations

This study provides a novel application of decision trees using$aae Canadian health survey
data. In contrast to previous limited research, this study benefits from a large sample size that allows

for more complex tree structurgsrolving a greater number of levels and final nades

However, the resulting increased tree complexity makes interpretation difficult, which diminishes
one of the primary benefits of tree analysis. While this study used standard stopping and pruning
criteria, additional restrictions such as limiting the number of levels and using more stringent
significance thresholds could produce smaller, more easily interpretable trees. The impact of varying

restrictions on overall model fit should be tested in futwek. Additionally, only main effects were
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included in the regression models for this study; inclusion of interaction terms could have increased
the relative performance, though as previously noted this can lead to issues in computation and

interpretation.

Another limitation of this study is the low overall model fit. TestRég values for continuous
outcomes ranged from 0.27 to 0.51, indicating that the included predictors explain less than half of
the overall variation in the outcomes. AUCs for binamcomes ranged from 0.59 to 0.70, indicating
low to moderate discriminative ability. While it is not uncommon for behavioural studies to have
lower model fits, this suggests that other intrinsic factors that are not captured in this study may play
an important role in predicting mental health outcomes. Previous studies of suicide ideation outcomes
have generally seen higher AUCs around (188,154,161)however, these studies included baseline

depression, which is already a weditablished predictor.

Additionally, this study uses a cressctional, nonrandomized study design, meaning that neither
decision trees nor regression models can show causal relationships between the predictors and mental
health outcomes in this case. More broadly, decisi@s tage generally considered to be exploratory
method§113)used for hypothesis generation. Further, decision trees are not deterministic methods
and are highly sensitive to the sample and parameter choices. Methods such as random forest, which
grow multple trees and aggregate the results into overall measures of variable importance, have been
developed to overcome this instabi(it{5), though interpretability is sacrificed. Finally, the CART
andCl methods used in this study do not account for theafgbical nature of data €., students
clustered within schools). Newer tree methods such aBERRE 14,135)and M-CART(164) have
been developed to account for this nonindependence of observations and should be examined in

future research.

5.7 Conclusion

Despite growing use in other domains, decision trees remain an underutilized analysis technique in
population health research. While the predictive performance of decision trees was found to be
slightly lower than that of traditional regression methodggiprovide a means of examining
complex interactions between predictors, and present results in a form that is easily interpretable by
nontechnical audiences, aiding in knowledge translation. The ability of decision trees to iderify high
risk subgroupsa whom prevention and intervention efforts can be targeted is particularly valuable to
public health practitioners facing limited resources. Decision trees can be a powerful addition to
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6.1 Overview

Modifiable environmental and behavioural factors influence youth mental health; however, past
studies have primarily udaegression models that quantify population average effects. Decision trees
are an analytic technique that examine complex relationships between factors and identigkhigh
subgroups to whom intervention measures can be targeted. This study used tieasito examine
associations of various risk factors with youth anxiety, depression, and flourishing. Data were
collected from 74,501 students across Canadian high schools participating in th20A@18

COMPASS Study. Students completed a questionivaiheding validated mental health scales and

23 covariates. Decision trees were grown to identify key factors and subgroups for anxiety, de
pression, and flourishing outcomes. Females lacking both happy home life and sense of connection to
school were agireatest risk for higher anxiety and depression levels. In contrast with previous
literature, behavioural factors such as diet, movement and substance use did not emerge as
differentiators This study highlights the influence of home and school envirorsoenyouth mental
health using a novel decision tree analysis. While having a happy home life is most important in
protecting against youth anxiety and depression, a sense of connection to school may mitigate the

negative influence of a poor home enviromme

Keywords: decision trees; mental health; youth; school climate; home environment

57



6.2 Introduction

Mental iliness has garnered increased global concern in recent years as a leading contributor to global
disease burd€B0,165) Youth have beemlentified as a priority group for addressing mental health
concern#&4,166) given that the onset of mental illness primarily occurs during adolegtémgand

untreated mental illness during adolescence can lead to negative consequences in @dfjhood
Depression and anxiety are among the mental illnesses associated with highest suitB)eamsk

have also been associated with increased substance use during adqE88d@® While previous

efforts around youth mental health have prilgdocused on combating mental illnesses such as

anxiety and depression, recent approaches have also emphasized the importance of enhancing mental
well-being9,19,20) Flourishing, defined as a state of psychosocial wellbeing, has been associated
with increased life expectan@0). Among youth, flourishing has also been associated with lower
likelihood of substance ug69 171)and improved academic performaficéa 174).

Foll owi ng Br o n feeolodical moddB8)rthie sausal onechamisms driving mental
illness onset in youth involve complex interactions betwelgierarchicahetwork of individual (e.g.,
genetic, biological) and environmental (e.g., ifgersonal, organizational, community, public policy)
factors.Past studies have found widely varying estimates of the proportion of mental iliness onset
attributable tayeneticvs. environmental influences: anywhere from 15% to 80% of yontiet
depressiorfl75)and 18% to 35% of youthnset anxietfl 76)areheiitable, with the remaining
attributable to environmental factors. Genetic and environmental influences on flourishing are less
understood, though one past study examining relateebsily constructs found heritability
estimates of 34% for subjective hapgss and 44% for life satisfactid77). Thus, while there is
evidence of a genetic component to youth mental illness anéwialy, the contextual environment

plays an influential role.

From a public health perspective, the contextual environmemipigriant as many environmental
risk and protective factors can be considered modifiable and hence potential intervention leverage
points. The importance of context on youth mental health outcomes is recognized within national
public policy guidance. The Ni¢al Health Strategy for Cang@published by the Mental Health
Commi ssion of Canada (MHCC) prioritizes support
the capacity of families, caregivers, schools, {s@sondary institutions armmmunity

organi zati onso. P u b | ana dchpebésedrsuppods canach aswmviersayaccess
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points for prevention and early intervention efforts and are consistently highlighted as pillars in
federa(5,19)and provincial mental health strategies. Relahterpersonal factors such as family
relationship§2,178,179)peer relationshig60,145) bullying(180), and school
connectedne$80,62,63)have previously been linked to youth mental health outcomes. Previous
research has also found assooiadito modifiable behavioural factors such ag#i&i) movement
behaviour§182,183) sleelf142) and substance ud4d3) However, two major limitations of past
studies are that associations to domains of risk and protective factors are geraraihed in
isolation, and that the primarily regressioased analytic methods focus on quantifying average

effects across the study population without consideration for potentiatibighubgroups.

Decision trees are a machine learabaged analyticechnique comprising several classes of
modeling algorithm@12), which group similar subjects with respect to an outcome using a tree
structure. While more commonly used in medical screening and diagnostics for disease prediction,
decision trees have seescent increasing use in public health resdafd)to examine complex
relationships between outcomes and risk factors and identifyrisiglsubgroups to whom prevention
and intervention measures can be targeted. Decision trees have previouslseloeienexxamine de
pression outcomes in various adult populations; past studies involving vamzitsnmentafactors
have found social connectid®7)and aspects of financial stabiljfy47,150)to be important, while
substance use was only founcbta risk factor among certain subgrqdp®) However, youth face
distinct contextual risk factors, and previous research using decision trees to examine youth mental
health is limited. Seely et £151)examined major depressive disorder (MDD) orgabng
adolescent females and found that the subgroup of previously depressed females with poor school
functioningwas at greatest risk for MDD onset, while family support was only a protective factor
among the subgroup of females without previous depresyimptoms. Hill et a149)found friend
support to be a protective factor against the development of MDD among those with subclinical
symptoms, while subgroups with history of anxiety and substance use disorder were at higher risk.
These studies higlght the importance of interpersonal factors (school and family support) and
behavioural factors (substance use); however, sample sizes in both studies were small. To our
knowledge, no previous studies have used decision trees to examine anxiety oirftpotistomes

among youth.

Given the importance of environmental factors on youth mental health, the purpose of this study is

therefore to use decision tree analysis to examine associations of modifiable behavioural and
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interpersonal risk factors with youth anxiety, depressionflandshing, with a focus on
characterizing groups at highest risk of mentahdalth. Results of this exploratory analysis are
contrasted against those of traditional regresbased analysis and compared to findings from
previous literature to highlig the unique insights gleaned from decision tree analysis.

6.3 Materials and M ethods

6.3.1 Study Design and Sample

COMPASS is a prospective cohort study (202@221) designed to examine the impact of policies and
environmental characteristics on Canadian secondanosstudeni{d 18) COMPASS collects data

on multiple health behaviours and risk factors including mental health, substance use, healthy eating,
movement behaviours, bullying and academics. Additional details about the COMPASS study design
and methodsra available in prirft18)and online (https://uwaterloo.ca/compagstem accessed on

13 July 2022). The COMPASS study received ethics clearance from the University of Waterloo
Research Ethics Board (ORE 30118) and patrticipating school boards.

The curret study uses studetdvel data from 2018019 (Year 7) of the COMPASS Study. The
sample consists of 74,501 students from 136 schools in Ontario (61 schools), Alberta (8 schools),
British Columbia (15 schools) and Quebec (52 schools). Schools were guligaseruited into the
COMPASS study according to their use of acii®rmation, passiveonsent protocols, which have
been shown to be important for collecting unbiased data among ¥b8jH-urther details on general
school recruitment proceduf@éf0)and 20182019 sample recruitmgd2) are available. All
students within a recruited school who received passive parental perifiiSjomere invited to
participate, and students could withdraw at any time. The participation rate f622Q98vas
81.9%, with the primary reason for nrparticipation beingibsenteeismt the time of data collection.

6.3.2 Measures

6.3.2.1 Compass Student Questionnaire

The COMPASS student questionnaire is an anonymizedadeiinistered, papdrased
guestionnaire. The questioaire is completed during class time and takes approximately 40 minutes
to complete. Data collection procedures for student questionnaire administration are

documente(l 23) This study examined three mental health scale outcomes measuring anxiety,
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depresion, and flourishing, as well as 23 predictor measures related to questionnaire items on
demographics, body weight, healthy eating, movement behaviours, substance use, bullying,
academics, and perceived school, family, and friend support.

6.3.2.2 Mental Health Outcome Measures

Depression is measured using the Centre of Epidemiologic Studies Depression &dévised
(CESD10)(23,126) The CESDB10 is measured as a continuous score ranging from 0 to 30, with
higher scores indicating greater degrees of depresgmptomatology, and scores at or above 10
indicating clinically relevant depressive symptd@®. Anxiety is measured using the Generalized
Anxiety Disorder #item Scale (GADB7)(25). The GAD7 is measured as a numeric score ranging
from O to 21, withhigher scores indicating greater levels of anxiety, and scores at or above 10
indicatingclinically relevant anxiety symptor(5). Flourishing is measured using a modified
version of Diener (8) ThelF®isa nureend scoe raBpinar 8¢o 40 With )
higher scores indicating greater levels of flourishing. Consistent with recommendations for Likert
style scaleld 84,185)all individual mental health scale items were persman imputed for students
missing 1 or 2 itemsStudentsnissing three or more scale items on the GADCESD10, or FS
outcomes were not found to be significantly different on any predictor measures from students

missing two or fewer values and were therefore excluded from the respective analyses.

6.3.2.3 Predictor Measures

Demographics:Students are asked to indicate their sex (male, female) and age (12 to 18 years).
Students selidentify their ethnicity with options for White, Black, Asian, Hispanic, and Other, with
the option to select multiple ethnicities. Weekly sfieg money is measured as a proxy for

socioeconomic status, with options ranging from

Weight Status and PerceptionStudents are asked how they describe their weight with options for
Slightly/Very Underweight, About the Right Wéig or Slightly/Very Overweight. An objective
measure of Body Mass Index (BMI) is calculated based onegatdirted height and weight, and
classified into Underweight, Normal Weight, Overweight, or Obese based on World Health
Organization ageand sexadjusted cutoffs. Students with missing height or weight data are included
in a separate Not Stated category due to the tendency for BMI data to haemaom missingness
mechanismd.86).
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Diet and Eating Behaviours:Students are asked whether they eaalfeest daily and their number
of daily servings of fruits and vegetables.

Movement Behaviours:Daily moderateo-vigorous physical activity is measured by asking students

the amount and the intensity of activity performed on each of the last seven daysdailp screen

time is measured by asking students the amount of time they usually spend
texting/messaging/emailing, playing video/computer games, talking on the phone, watching
TV/movies and surfing the internet. Daily sleep time is also measured ing &skv much time they

usually spend sleeping. These measures have been shown to have moderate validity when compared

to objective measures and high testest reliability187).

Substance UseCurrent use of cigarettes andigarettes is measured basedstudents indicating
any use in the last 30 days. Current use of cannabis is measured based on use at least once a month in
the past 12 months. Current binge drinking is measured based on having five or more drinks at least

once a month in the past 12nihs.

Bullying and Academics:Bullying is measured using two indicators of whether students have been
bullied or have bullied others in the past 30 days. AcadeRrgectationsre measured based on
students indicatingxpectation$o attend some form of pesecondary education. Truancy is

measured based on the number of classes skipped in the past four weeks.

School Connectednessschool connectedness (SC) is measured usiaglapted version of the
National Longitudinal Study of Adolescent Health S&Bem scalél27) The SC scale is as a
numeric score ranging 6 to 24, with higher scores indicating greater SC. Scale items include the SCS

5 measures Al feely slcho®l ©o pPeéopleelal am part of
my school o6, Al feel the teachers at my school tr
additional measure fAGetting good grngidgdrem i s i mpor

Strongly Agree to Strongly Disagree.

Social Support: Family and friend support are measured based on three individual items from the
Multidimensional Scale of Perceived Social Supfd@8) Students are asked to indicate level of
agreementwit t he statements Al have a happy home |[|ife

familyo, and Al can talk about my problems with
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6.3.2.4 School-Level Census Data

Province and school enrolment size are recorded for each participating Scthmall area median
income and school urbanicity are measured by linking to Statistics Canada 2016 Census data based on

each school 6s f(I29,88@r d sortation ar ea

6.3.3 Analysis

Mixed effects regression trees were separately grown for-6ACESD10 and FS®utcomes

including all predictor variables. Random Effects EM {BRH) trees were used following the

algorithm proposed by Sela and Simo(itd5)and Hajjen(134)to account for schodkvel

clustering based on the assumption that students from thesshow may have greater similarity in
responses than students from different schools. Students with missing values on a given outcome
were therefore excluded from the analysis, while missing predictor values were included and
accounted for using surrogatplitting. Given the large sample size, a splitting rule was set requiring
a minimum increase to adjusteesBuared R2gqj) of 0.005 to limit splits that would be unlikely to
improve overall prediction accuracy. Tree pruning usingold crossvalidationwas performed to

limit overfitting to the sample data. The smallest tree within one standard deviation of the minimum
crossvalidation error was chosen. The R software was used for all an@§8gpackage

A REE M{10@wadused to growthetreesn d t he pac Kl@Dveasusedoar t . pl ot 0O
plotting.

To provide a comparison of the HBM tree results, linear mixed effects regression (LME) models
were also fit for each outcome includ@9®g all pre
Students with missing values on a given outcome or any predictors were excluded from the analysis;
maximum likelihood estimation is used within LME to account for missing at random data. A random
intercept term was included to account for scHewél clugering. Backwaratliminationvariable
selection was implemented based on Akai kebds | nfc
coefficients (ICCs) were calculated on null LME models to quantify the amount of variability in

mental health outcomes thaan be attributed to differences between schools.
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6.4 Results

6.4.1 Sample Characteristics

Sample characteristics are showTable4. The mean GAD7 score in the sample was 6.2 (SD 5.6)
with 24.0% of the sample having scores of 10 or higher, which indicatesatjimelevant anxiety
symptoms. The mean CESID score was 8.8 (SD 6.1) with 37.0% of the sample having scores of 10
or higher, indicating clinically relevant depressive symptoms. The average FS score was 32.2 (SD
5.7). The sample was 49.1% female witbéan age 15.2 (SD 1.5) and predominantly identified as
white (68.5%). ICCs showed modest betwsehool variability of 3.35% in student GADscores,

2.12% in CESBL0 scores, and 4.29% in FS scores.

Table 4. Samplecharacteristics for students participating in Year 7 (20182019) of the
COMPASS Study (N = 74,501)

Continuous Variables Mean (s.d.)
CESD10 [N = 70,610] 8.82 (6.05)
GAD-7 [N = 71,736] 6.2 (5.56)
FS [N =72,415] 32.16 (5.73)
Age [N = 73,960] 15.15(1.49)
School Area Median | ncome 67.59 (17.45)
School Size (600s) [N 8.41 (3.52)
Servings of Fruits and Vegetables [N = 71,679] 2.98 (2.01)
Average Daily Physical Activity (h) [N = 66,007] 1.6 (1.05)
Screen Time (h) [N- 67,181] 5.87 (3.04)
Sleep Time (h) [N =69,630] 7.52 (1.28)
School Connectedness Score [N = 71,413] 18.5 (3.36)
Binary Variables % (n)
Eat Breakfast Daily [N = 74,501] 0.49 (36,197)
Tobacco Use [N = 73,852] 0.07 (5532)

E-cigarette Use [N 73,466]
Binge Drinking [N = 74,254]

0.28 (20,852)
0.17 (12,884)

Cannabis Use [N = 73,299] 0.13 (9662)

Was Bullied [N = 70,753] 0.88 (61,940)

Bullied Others [N = 71,063] 0.06 (4339)
Expect to Attend Post Secondary Education [N = 70,753] 0.06 (4339)

Happy Home Life [N = 72,830]
Talk About Problems with Family [N = 72,234]
Talk About Problems with Friends [N = 72,622]

0.79 (57,444)
0.59 (42,833)
0.75 (54,246)

Categorical Variables % (n)
Sex [N =73,672]
Female 0.5 (36,546)
Male 0.5(37,126)
Ethnicity [N = 73,839]
White 0.69 (51,017)
Black 0.04 (2951)
Asian 0.1 (7465)
Hispanic 0.03 (1886)

Other/Mixed

0.14 (10,520)
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Spending Money [N = 73,422]
$0

$1i $20
$21i $40
$41i $100
More than$100
Donét Know
Province [N = 74,501]
AB
BC
ON
QC
Urbanicity [N = 74,501]
Large Urban
Medium Urban
SmallUrban/Rural
Weight Perception [N = 73,071]
Underweight
About the right weight
Overweight/Obese
BMI Classification [N = 74,501]
Underweight
Normal Weight
Overweight
Obese
Not Stated

Classes Skipped in Past 4 Weeks [N = 71,571]

0.16 (11,684)
0.24 (17,744)
0.11 (8071)
0.12(8722)
0.19 (14,216)
0.18 (12,985)

0.04 (3301)
0.14 (10,402)
0.41 (30,675)
0.4 (30,123)

0.54 (40,421)
0.1 (7573)
0.36 (26,507)

0.17 (12,140)
0.6 (43,893)
0.23 (17,038)

0.02 (1397)
0.53 (39,388)
0.12 (8682)
0.05 (4027)
0.28 (21,007)

0 classes 0.65 (46,785)
1 or 2 classes 0.2 (14,555)
3 to 5 classes 0.08 (5988)
6 or more classes 0.06 (4243)

N = number ohonmissing responses to questionnaire measure; s.d. = standard deviation.

6.4.2 GAD-7

The REEM tree fitted to the GAEY outcome is provided in FiguBe The R, for the model was
0.23. Having a happy home life was identified as the primary splitting factor; that is, the factor that

best distinguishes between high and low GABcores. Among students without a happy home life,

school connectedness (SC) was idéxdifas a protective factor. The highest risk subgroup comprised

students without a happy home life and with low SC (score < 15.3); the averag@ €iie in this

group was 11.9, which is above the threshold of 10 for having clinically relevant anxigiiosysn

Thi s

subgroup

consti

tuted

7 %

of t he

tot al

females had average GADscores nearly 3 points higher than their male counterparts (9.89

compared to 6.97), closely approaching the clinical threshold.
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RE-EM Tree for GAD-7 Score

HAPPY_HOME

SCHOOL_CONNECT

Male >=15.3
Female =15.3
GAD-T
SEX 119
7.0%
>=17.5 >=17.5 Male
<17.5 <17.5 Female
GAD-7 GAD-T GAD-T GAD-T
574 8.05 6.97 9.89
10.4% 5.5% 5.2% £.7%

=213

Figure 3. RE-EM Tree predicting average GAD7 score for students participating in Year 7
(2018 2019) of the COMPASS Study (N = 71.736Jhe GAD-7 score represents the average
scale score within the subgroup. The percentage beloapresents the total percentage of the

sample comprised by the subgroup.

Among those with a happy home life, sex was identified as a key differentiating factor; however,
SC was a protective factor for both males and females. Botgrsulps of malewith high and low
SC had lower average GADscores than females, except for the small subgroup of females with
very high SC scores. Notably, females with low SC (score <17.5) had much higher average GAD
scores than their male counterparts (9.07 compard4). The largest final subgroup comprised
males with high SC who indicated having a happy home life (31.2% of sample), and this group had

the lowest average GAD score of 3.47.

The LME model for GAB7 score is provided in Tabfe TheR.; for themodel was 0.32.
Consistent withthe REM t r ee, having a happy home | ife (Est
P2.57 [12.65,172.49]), and higher SC (Est. 1T0.32

with lower GAD-7 scores. Additionallyl8 other covariates were found to have some magnitude of
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significant association, likely due to the large sample size. Notably, being bullied in the past 30 days
was associated with higher GADscores (Est. 1.92 [1.79,2.05]).

Table 5. Linear Mixed Effects Models for GAD-7, CESD-10, and FS Outcomes among students
in Year 7 (2018 2019) of the COMPASS Study

[Estimate (95% Confidence Interval)] GAD-7 (N =52,875) CESD-10 (N =52,591) FS (N =52,997)

Male Sex 1257(172.65,12.12.11 (12.19,01(0.040.17)*
Age 0.09 (0.06,0.12) *** 0.06 (0.02,0.09) *** 10.06 (10.009,
Black 11.54 (11.77,11 (11.24,10.1.1(0.91,1.3)*
- e Asian 1069(70.84,1710.0.15 (10.01,10.43 (10.56,
Ethnicity (ref = White) e anic T0.4 (710.65,110.08 (10. 34 .06(038081)
Other/Mixed 10. 02 (10.14,0.17(0.04,0.29) * 0.19 (0.09,0.29) ***
USD 11 USD 20 1T0. 05 (10.17,0 (10.13, 0. 10.35(0.24,0.45) ***
Spending Money (ref—U‘USD 21 USD 40 10. 29 (10.44,10. 2 (10. 36, 10.58(0.45,0.71) *=
0) “USD 41 USD 100 10.16 (10.31,i0.19 (10. 34,0.66(0.53,0.79) **
More than USD 100 10.08( 1 0. 22, 0. 010. 35 (1 0. 49 ,0.87(0.75,0.99) ***
Dondét Knowi10.22 (10.36,i0.25 (10. 39,0.37(0.26,0.49) ***
BC 10.11 (10.48,NI 10.56 (10.91,
Province (ref = AB) ON T0. 07 (10.38,NI 1029(10.59,0.0
QC 10. 61 (10.93,NI 0.21 (10.1,0.
Urbanicity (ref = LargMedium Urban 10. 02 (10.26,10.23 (10.47NI
Urban) Small Urban/Rural 10.29 (10.44,170.26 (10.41NI
School Size (0600s) NI NI 0.03(0.01,0.05) **
Weight Perception (ref About the right weight T0. 57 (10.68,10. 6 (10. 72, 10.37(0.27,0.46) ***
Underweight) Overweight/Obese 0.23 (0.09,0.36) ** 0.34 (0.2,0.48) *** i10.6 (10.71,1
Normal Weight 10.02 (10.31,0.123 (10.17,10.22 (TO 46,
BMI Classification (ref Overweight 10.29 (10.6,00.05 (1T0.37,0.08 (1 18,0
Underweight) Obese 10.17 (10.5,00.09 (10.26,0.09 (1 19,0
Not Stated 10.13 (10.42,0.03 (10.28,10.39 (|0 64,
Eat Breakfast Daily 10.57 (10.65,i0. 77 (10. 86,0.31(0.24,0.38) ***
Servings of Fruits and Vegetables 0.06 (0.04,0.08) *** 0.04 (0.01,0.06) *** 0.14 (0.12,0.15) ***
Average Daily Physical Activity (h) 0.05 (0.01,0.08) * NI 0.43 (0.4,0.47) ***
Screen Time (h) 0.1 (0.09,0.12) *** 0.11 (0.1,0.13) *** 10.07 (10.08,
Sleep Time (h) 10. 43 (10.47,10.6 (10. 64, 10.31(0.28,0.34) ***
Tobacco Use 0.2 (0.02,0.39) * 0.46 (0.27,0.65) *** i0.12 (10.27,
E-cigarette Use 0.2 (0.1,0.3) *** 0.39 (0.29,0.5) *** NI
Binge Drinking NI NI 0.25 (0.15,0.35) ***
Cannabis Use 0.15 (0,0.29) * 0.16 (0.01,0.31) * NI
Was Bullied 1.92(1.79,2.05) *** 2.05 (1.93,2.18) **=* 10. 47 (1 58,
Bullied Others 0.19 (0.01,0.37) * NI 0. 56 (1 71,
Expect to Attend Pos$econdary Education 0.41 (0.32,0.51) *** 10.18 (10. 28,0.63(0.55,0 71)
Classes Skipped iPast - 1 or 2 classes 0.26 (0.16,0.36) *** 0.36 (0.25,0.46) *** 10.09 (10.18,
Weeks (ref = 0 classes) 3 to 5 classes 0.48 (0.34,0.63) *** 0.6 (0.44,0.75) *** 10.18 (10.3,1
6 or more classes 0.72 (0.54,0.91) *** 0.95(0.76,1.14) *** 10.24 (10.4,1
School Connectedness Score 10.32 (10.33,10. 45 (10. 46 ,0.68(0.67,0.69) ***
Happy Home Life 11.96 (1 2.07,i2.75 (12.86,259(2.5,2.68)**
Talk about Problems witRamily 10.84 (10.92,11.31 (11. 4, 1149(1.41,1.56)**
Talk about Problems with Friends 10.6 (10.69, ||O 85 (10.95,1.63(1.551.71) ***

*p<0.05, *p <0.01, **p <0.001, NI = variable not included in final model after backward elimination variable

selection.
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6.4.3 CESD-10

The REEM tree fitted to the CESDO outcome is provided in Figude TheRzg; for the model was

0.30. Like the GADY tree, having a happy home life was identified as the primary splitting factor.
Among those without a happy home life, SC was the most important factor, followed by sex, with the
highest risk subgroup comprising fermgiwithout a happy home life and with low SC (average
CESD10 score 16). Among both subgroups with low and high SC, males had lower average CESD
10 scores than fmales. Notably, the average CE3D score met or exceeded the threshold for
clinically relevant depressive symptoms of 10 or higher among all subgroups without a happy home
life.

RE-EM Tree for CESD-10 Score

_ [mpvviomE]
Yes 4 \\
¢ N

- No
~,
\

A
o
e
SCHOOL_CONMNECT SCHGOL CONMECT
>=17.5 >—167

<175 <167
TALK_FAMILY
Male Male Male

Female Female Female

CESD 10 CESD 10 CESD 10 CESD—‘JU- CESD—‘]O CESD-—tO
SCHOOL_CONNECT 504 1149 9.86 128 141 171
=307 Male 10.4% 10.0% 4.3% 7.2% 3.7%
/ < 20.7 Female
CESD-10 CESD-10 CESD 10 CESD 10
518 6.85 7.09 9.45
19.9% 23.9% 7.4% 7.5%

Figure 4. RE-EM Tree predicting average CESD10 score for students participating in Year 7
(2018 2019) of the COMPASS Study (N = 70,6)0The CESD-10 score represents the average
scale score within the subgroup. The percentage below represents the total percentage of the

sample comprised by the subgroup.

Among those with a happy home life, SC was again the most important factor. Females with a
happy home life but low SC (score <17.5) had an average CHEE§zore of 11.9, exceeding the
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threshold for clinically relevant depressive symptoms. Students of both sexes with a happy home life
and high SGvere further differentiated by whether they felt ¢ortable talking about problems with

their family. Among those who did not feel comfortable, females had higher average XOES$Dres

than males. Those who did feel comfortable were further split based on having very high SC, with
those students havingehtowest average CESID score of 5.18, followed by those with moderately
high SC scores who had an average CHS3core of 6.85. Notably, being able to talk about

problems with family was identified as a protective factor only among the subgroup oftstwith a

happy home life and high SC.

The LME model for CESELO score is provided in Tabfe TheRe.q for the model was 0.39.

Consistent withthe REM t ree, having a happy home | ife (Est
(Est . [TT®O.. 46, 10. 43] per wunit), male sex (Est. 12.
problems with family (Est. 1T1.31 [T1.401011.22])

scores. Additionally, 17 other covariates were found to have stagaitude of significant
association. Like the GADD outcome, being bullied in the past 30 days was associated with higher
CESD10 scores (Est. 2.05 [1.93,2.18]).

6.4.4 Flourishing Scale

The REEM tree fitted to the FS outcome is provided in Fighir&heRe,q; for the model was 0.42.

The primary splitting variable is SC score. Among those with both moderately high and very high SC,
having a happy home life was identified as the next ingsbrtant factor. Students with very high

SC and a happy home life had the highest average flourishing score of 36.9. Among students with
moderately high SC and a happy home life, those who felt able to talk about problems with family
had higher FS scordisan those without (34.55 vs. 32.6), though this factor was not identified as
important among students who did not already have a happy home life.
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RE-EM Tree for Flourishing Score

SCHOOL_CONNECT
<185

==18.5
HAPPY_HOME SCHOOL_CONMNECT

No <21.8
es >=21.8

SCHOOL_COMMECT TALK_FAMILY HAPPY_HOME HAPPY_HOME
<14.2 No No
>=14.2 Yes Yes

Fs Fs Fs FS
| SCHOOL_CONNECT | : 32 0.4 [ TALK_FAMILY ] 318 369

<167 20.5% 3.8% 1.4% 18.0%
>=16.7
FS FS FS FS FS FS
5 3 3 g 8 2 30 7 32 i 34.5
0.4% 4.7% 6.1% 8.5% 6.6% 19.2%

Figure 5. RE-EM Tree predicting average FS score for students participating in Yaar (2018
2019) of the COMPASS Study (N = 72,415Jhe FS score represents the average scale score
within the subgroup. The percentage below represents the total percentage of the sample

comprised by the subgroup.

Among those with low SC, having a happyri®life was again identified as the most important
factor, and being able to talk about problems with family was identified as important among those
with a happy home life. The tree further differentiated subgroups by SC among those either without a
happyhome life or who felt unable to talk about problems with family. The highest risk subgroups
comprised students without a happy home life and with low or very low SC, having average FS

scores of 23.8 and 15.3, respectively.

The LME model for FS score is pided in Tables. TheRz.g; for the model was 0.51. Consistent
with the REEM tree, higher SC (Est. 0.68 [0.67,0.69] per unit), having a happy home life (Est. 2.59
[2.50,2.68]), and feeling able to talk about problems with family (Est. 1.49 [1.41,1.5&]) we
significantly associated with higher FS scordditionally, 19 other covariates were found to have
some magnitude of significaassociationFeeling able to talk about problems with friends had a
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considerable magnitude of association with higherdé®es(Est. 1.63 [1.55,1.71]). While no sex
differences were identified in the RBM tree, male sex was significantly associated with higher FS
score in the LME model (Est. 0.10 [0.04,0.17]), though the magnitude of association was small.

6.5 Discussion

This stuidy used decision trees to examine associations between a range of behavioural and
interpersonal risk factors and anxiety, depression, and flourishing outcomes among a large sample of
Canadian youth. For all outcomes, the two factors that consistentlgeuifeom the decision trees

models as most important were having a happy home life and strong sense of connection to school.
The consistency in association seen across three related but distinct measures of mental health
provides strong support for the iompance of positive home and school environments. Notably, while
this study also included a wide array of modifiable behavioural measures that have previously been
shown to be related to youth mental health outcéitd@s143,181183)none of these emerged as
important in the final tree models. This suggests that interpersonal relationships, particularly those
related to home and school environments, are more strongly associated with youth anxiety, depression
and flourishing than thendividual health behaviours more commonly examined in isolation in the
literature. This is important as some characteristics of social support related to school connectedness
(SC) and happy home life are potentially modifiable through prevention andeintienv efforts by

schools and public health professionals. These findings support calls by the MHCC and provincial
mental health strategies for prioritization of resources to families and schools for mental health

promotion and primary prevention efforts.

The decision tree analysis used in this study is a hypotbeserating approach in which all
available potential risk factors are entered into the models without a priori assumptions. This contrasts
with most past research in this field, which has gdiyaiaken a hypothesitesting approach based
on theorized associations to a particular risk factor or domain of factors. Despite the difference in
approach, the results of the current study align with previous research into the influence of
home178,179,93/ 197)and school environmer{3,54,60,63,1479n youth mental health.
However, behavioural factors such as diet, movement behaviors, and substance use which have
previously been associated with mental health outcqi#5143,181183)were not idatified as
important differentiating factors within the decision tree models in the present study. In fact, the most

important factors identified here around social support are typically not included in traditional
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analyses examining behavioural factors/gd that decision trees also tend to be more parsimonious
than regression models in isolating key differentiating factors, the current findings do not necessarily
contradict the associations seen in past studies, but rather suggest that the interpgonsiips

from home and school environments are influential factors that require additional consideration in the

literature moving forward.

Having a happy home life was identified as the primary distinguishing factor between groups with
low and high ariety and depression scores. Students who indicated not having a happy home life had
the highest average GADscores, with values for females approaching or exceeding the threshold
for clinically relevant anxiety symptoms even among those with high S€age CESELO scores
also approached or exceeded the clinical threshold for students of both sexes who indicated not
having a happy home life. The influence of the home environment on youth anxiety and depression is
well-documented. Past reviews have fogndsistent associations between parenting (dfy&193)
interparental confli€¢l94), and early life stressdf95)on anxiety and depression during
adolescence. A review of various sources of social support also found parents and family togoe amon
the most important sources of support to protect against depression in children and adolescents,
especially for femal€¢479) These findings also align with previous decision tree results from Seeley
et al(151)which found family support to be pratése among females without previous MDD. In the
current study, the home environment was also influential on flourishing: students who indicated
having a happy home life had higher average FS scores acrossgibapb. While this area of
research is neev, these findings are consistent with past studies which have found family resilience
and connection to be associated with greater flouri¢h@®) and adverse family experiences to be
associated with lesser flourishi{d®7)in children and youth. Theeasure of home environment used
in the current study does not provide a definitd.i
subjective to an individual respondentds interpr
on this measure ju$ités the need for future validation work to understand how it is interpreted by
students. Given that this study also included a measure on feeling able to talk about problems with
family, this suggests that the concept of happy home life in relation tahiexalth is broader than
merely the perception of open communication. The perception of happy home life could also be
affected by early childhood experiences. While some elements of home life such as parenting style
may be considered modifiable througtueational interventions, other factors surrounding family

dynamic may not be considered modifiable from the perspective of external policymakers and public
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health professionals. Future work should examine more specifically which aspects of perceived happy
home life are contributing to the protective effect seen in this study.

SC was also identified as a key differentiating factor across all outcomes, highlighting the
importance of a positive school environment to youth mental health. Past researchlady 8»umd
SC and belonging to be protective against depre@igB) In the current study, SC was protective
among students without a happy home life; average GADores were at or below the clinical
threshold for those who had high SC, comparezkt®eding the threshold for those with low SC.
Average CESBELO scores were also over 4 points lower for those with high SC among both sexes
without a happy home life. This is consistent with past research which found thadd&€atedhe
relationship bateen family obligations and emotional distress among middle and high school
student2). SC was also identified as the primary distinguishing factor between groups with low
and high FS scores. Smaller studies have found consistent associations betseari school
community or belonging with measures of wellb€¢b8y54) This finding has important implications
for schootbasednterventionssince it suggests that schools can play a meaningful role in increasing
mental wellbeing among stude@tsevenamong those who may not have a happy home life
cultivating a climate of connection and belonging. Further research into evibesee policy and

program interventions for increasing school connection is warranted.

Consistent with literature regardindgaescent mental illness prevale(8®), differencesoy sex
were identified for anxiety and depression outcomes in the decision trees, with female subgroups
having consistently higher average GAand CESBLO scores than corresponding male subgroups.
These differences are commonly posited to be related to sociocultural gendgBoyrmish females
being more likely than males to exhibit internalizing sympi@h$82) Notably, no differences by
sex emerged in the decision tree for flourishing. Than important finding in the context of school
based intervention as it suggests that males and females could benefit equally from initiatives to
increase school connection. Other demographic factors such as ethnicity and age were found to be
statisticaly significantly associated with mental health outcomes in the LME modelditbabt

emerge irthe decision tree models.

While the decision tree results provide insight into distinguishing factors andiskgsubgroups,
the LME results describe the asge effect of each factor on the total sample after controlling for all
other factors. The LME models in this study had higher fit indices, as measurég;tpan the
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corresponding tree models but were also much more complex. Nd®&hjyvas at or below 50% for

all models, which is unsurprising given a likely genetic component to youth mental health outcomes
that cannot be explained by environmental factors. For waostbles identified as statistically
significant in the LME models but not included in the corresponding decision trees, the LME
magnitude of association was small. One exception to this was having been bullied in the past 30
days, which had a large magre of association withnxietyand depression outcomes. Post hoc t
tests found a moderately strong negative associ ¢
0.588), suggesting that the impact of bullying on groups with higher-GAbBd CESBLO scores

may already be accounted for through differentiation on SC in the tree models. This hypothesis is
supported by previous studies which have found SC to be a mediating factordtetienship

between bullying and mental health indicafd®8,199) Aside from this factor, the decision trees
captured the key distinguishing factors in more parsimonious and easily interpretable and flexible
models than LME, allowing for effective knowledge translation. Decision trees also identified
underlying nodinear associations for SC, as can been seen by this factor being split recursively
across different cut points. This highlights the ability of decision trees to capture complex
relationships that are often missed when using standard regression analysis.

6.5.1 Strengths and Limitations

This is one of the first studies to use decision tree methods to examine yqudssien, anxiety, and
flourishing outcomes and associated behaviouralraadoersonatisk factors. Unlike past research
which commonly used regrgisn approaches, the use of decision trees allows for the identification of
key differentiating factors and higisk subgroups. This study also used hierarchicaBREtrees

which properlyaccounffor the clustered nature of the data and are novel tacpudlth research.
However, decision tree techniques have limitations, including lower prediction accuracy than other
methods, and a tendency to overfit the sample data which is only partially mitigated by pruning.
Additionally, while this study benefifsom a large sample size, the sampling method used is not
representative and therefore results may not be reflective of all Canadian youth. Additionally, this
study uses selfeport data and thus mental health indicators are not based on clinical aseessmen
Further, this study is crosectional and thus temporality between risk factors and mental health
outcomes cannot be inferred. Notably, perceptions of happy home life and school connection may be
consequences of or-directionally associated with methealth status. Further longitudinal research

into the directionality of associations is warranted. Lastly, some measures used in this study contained
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meaningful amounts of missing data, which could introduce bias if missingness does not occur
completelyat random. LME models use maximum likelihood estimation and are unbiased when
outcome missingiess can be explained by the observed covariates; however, this assumption is
untestable. REEM trees handle missing covariate data using surrogate splitsingt@rrect for

missing outcome data. Mental health scales were pengam imputed for students missing 1 or 2

items to partially recover missing responses. Multiple imputation has been suggested as the preferred
approach to handle missing data in Likismie scales such as the CH300), however, there is

limited research into how to apply multiply imputed datasets to the generation of a single

interpretable decision tree.

6.6 Conclusions

This study found that, across a range of interpersonal and beleamiors, having a happy home

life and SC were key differentiators of youth anxiety, depression, and flourishing levels. This
highlights the importance of the influence of home and school environments on youth mental health
and supports calls for natidr@olicy focus and investment in family and school resources. While
having a happy home life is most important in protecting against youth anxiety and depression, a
sense of connection to school may mitigate the negative influence of a poor home entironmen
Schools can also play a meaningful role in contributing to positive mental health among students by

cultivating a sense of belonging.
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7.1 Overview

Schools hve been identified as ideal contexts in which to address youth mental health; however, a
lack of evidence exists on the effectiveness of various school practices at improving youth mental
health outcomes. Further, traditional analysis techniques havediatbility to discern the impacts of
multiple concurrent practice changes. This study examined variation in a broad range of ongoing
school mental health practices and services over time and used decision trees to comprehensively
determine which, if anygombinations of practice and service changes are associated with student
depression, anxiety, and psychosocial wellbeing outcomes. The sample comprised 28,567 students
across 116 Canadian secondary schools followed over two school years-ib828id 2018.9. An
administrator questionnaire measured changes in school mental health staff, traisiteservices,

and coordination with external organizations. A student questionnaire measured depression, anxiety,
and flourishing levels. Multilevel regresgidrees were used to find potential combinations of practice
changes associated with student depression, anxiety, and flourishing levels. Substantial variability
was seen in the mental health practices and services offered between schools and across years.
Decision tree analysis found no combinations of practice changes that meaningfully contributed to
better student mental health outcomes, suggesting incremental changes were not effective ever a one
year period. Despite these findings, schools continpéatoan important role as universal access

points for prevention and early intervention. More comprehensive approaches to school mental health

are needed along with dedicated training, expertise, and resources.

Keywords: youth, school policies, mental health, decision trees
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7.2 Introduction

Youth have been identified as a priority group for mental illness prevention and intervention efforts in
Canadél,5), given that nearly 1 in 4 young people are living with a menteds, and nearly 70% of

all mental illness occurs before ag€M8The school environment can play an influential role on

youth mental health and wellbeing. Past research has found a sense of connection and belonging to
school to be protective againgptessio(63,201)and negative affe202), and positively associated

with measures of mental wellbeifag,54)

Schools have been identified as ideal contexts in which to address youth mentéf i€glgiven
the amount of time youth spend irhsol and the ability to reach populations who may otherwise face
barriers to accessing community supports. Several federal and provincial governmental organizations
have developed strategies to address youth mental health within the school setting. Reeamme
strategies from the Mental Health Commission of Canada (MHCC) and th@éapalian Joint
Consortium for School Health (JCSH) include universal promotion of positive mental health
combined with targeted prevention fofregk studentés,19) Provincial governments responsible for
overseeing healthcare and education also highlight stfaseld mental health initiatives as key
pillars in strategic mental health plé&& 70). However, the availability of best practices guidance
and detailed implementah plans varies across provinces, and it is primarily the responsibility of
individual school boards and schools to establish and implement policies, practices, and

programming.

While a multitude of schodbased initiatives related to youth mental hehitie been implemented
federally, provincially, and locally across Canada, most do not appear to be based on past evidence of
effectiveness. The MHCC has reported that less than half of mental health programs in schools have
been evaluatd8,203) while in Ontario less than half of public health initiatives focused on youth
mental health are considered evidebese83). While the body of evidence is growing, most
information on the effectiveness of programs and practices comes from studies basebhitethe
States and Europe, and reviews consistently note a need for broader and higher quality
evidenc€99,109) The external validity of specific findings within a Canadian context is also difficult
to discern, given small sample sizes, artificial stadyironments, and lack of reporting on school

specific contextual components. Further, while much international research exists on the evaluation of
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onetime intervention programs, there is little if any evidence on the effectiveness of ongoing school
practices and services at improving youth mental health outcomes.

Studies of policy and program evaluation often aim to assess the impact of a singular intervention;
however policy and practice changes within school settings rarely occur in isolation. Scifieol
implement concurrent changes to staffing, policies, practices, and program availability in any given
year. To properly evaluate the impact of a given change, it is important to account for these co
occurring changes, as well as quantify potentiahgounding contextual effects. In observational and
guasiexperimental studies, these-aocurring contextual changes are typically treated as nuisance
confounders imuantitativeanalysis. The traditional regressibased modelling approaches used
have Imited ability to account for the complexity of these concurrently changing compdriejts
which can have neadditive interacting effects as well as potential differential impacts on various
student subgroups. Decision trees are an alternative mdehiméng based method with emerging
use in public health resea(di3,116)that allow for a comprehensive evaluation of school policy and
practice changes by simultaneously examining the effectiveness of all possible combinations of
intervening factorsThis exploratory approach can be used to help determine the most effective
combinations of policy and practice changes out of a range of concurrent changes ansugedell
to evaluationoflarges cal e nat ur al exper i meknowedge Dogeypoust e t hi s
studies have applied decision tree methods to sdiasad policy and program evaluation.

Thus, while there is clear directive for schbalsed mental health initiatives within Canada, there
is limited understanding of what is beimggplemented at the school level and very limited evidence
on the effectiveness of those interventions with respect to youth mental health outcomes. The current
study aimed to address this evidence gap through three objectives: 1) to examine the viriability
student mental health outcomes among a large sample of Canadian schools, 2) to examine variation in
a broad range of ongoing practices and services over time and, 3) to use decision trees to
comprehensively determine which combinations of practicesemvite changes are associated with

better or worse student mental health outcomes.
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7.3 Methods

7.3.1 Study and Sample

The COMPASS (Cannabis, Obesity, Mental health, Physical activity, Alcohol, Smoking, Sedentary
behaviour) Study is an ongoing prospective rollingard study from a convenience sample of

Canadian secondary schools in Ontario, Alberta, British Columbia, and Quebec. COMPASS annually
collects studentand schoclevel data related to a variety of health behaviours to evaluate how
changes in school enginment, policies, and programs influence youth health. Additional details

about the COMPASS study design and methods are available if1p8)yand online
(https:/luwaterloo.ca/compasgstem). The COMPASS study received ethics clearance from the
University of Waterloo Research Ethics Board (ORE 30118) and patrticipating school boards.

COMPASS uses activiaformation passiv&onsent parental permission to survey all students
within each participating school. Students may refuse to participate and withdaay time. The
current study uses data from 116 schools who participated in1B({Year 6) and 20189 (Year 7)
of the study. Within these schools, 60,760 students participated inl30&ith a participation rate of
82%, and 60,997 students partatipd in 201819 with a participation rate of 83%. COMPASS uses
an anonymous linking process to follow students over time by use ofgeselfated cod#24),
resulting in a tweyear cohort of 28,567 students who were successfully followed across 2ahd
201819, corresponding to 59% of participating students in eligible grades. Priezesgns fonon

linkage are absenteeism during a given data collection and missing values in the linkage measures.
7.3.2 Tools and Measures

7.3.2.1 Student Questionnaire
The COMPASS student questionnaire in 2A87and 20189 was anonymous, sedfiministered

paper questionnaire completed by students during class time. The current study uses three validated
mental health scales measured in both 208 and 2@8-19. Depression is measured using the Centre

of Epidemiologic Studies Depression Scale Revised (CESEL0)(23,126) The CESDB10 is

measured as a continuous score ranging from 0 to 30, with higher scores indicating greater degrees of
depressive symptomatology. Anxiety is measured using the Generalized Anxiety Disibeder 7

Scale (GAD7)(25). The GAD7 is measured as a numeric score ranging from 0 to 21, with higher

scores indicating greater levels of anxiety. Flourishing, whiehcismponent of psychosocial
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wellbeing, is measured using a modified version of Diener's Flourishing Scal2gF3$he FS is a
numeric score ranging from 8 to 40 with higher scores indicating greater levels of flourishing.
Consistent with recommendat®ior Likertstyle scaled84,185)all individual mental health scale

items were persemean imputed for students missing 1 or 2 items, while scales were set to missing if

missing three or more items.

Additionally, this study uses 2018 predictor meases of sex (female, male), school
connectedness (continuous score ranging from 6 to 24, higher scores represent greater perceived
connection) and perceptions of happy home life and ability to talk about problems with family
(strongly agree/agree, neutth¥agree/strongly disagree). These predictors were chosen based on
previous resear¢B04)that established these as providing the highest levels of differentiation with

respect to the outcomes out of 23 core questionnaire measures.

7.3.2.2 School Policies and Practices Questionnaire

The School Policies and Practices questionnaire (SPP) is an online questionnaire completed annually
by school administrator(s) familiar with their school's policy and program environment. The current
study uses 20118 and 201819 SPPmeasures related to school mental health staffing and training,

onsite services and programs, and coordination with external organizations.

Staffing and TrainingSchool staff training over the past 12 months is assessed using three measures

of trainingt opi cs: AMent al health awareness/ |l iteracy (
AProviding ment al health support (e.g., ment al F
prevention". Ordinal response options for number of staffvecen g t r ai ning incl ude I
(eg.,1-5) 6, and nAAl | o. -site maentaldeaalthiprofessidnalsiistmgasurdd foiofine

professions AChild and Youth Worker o0, AfCounsel | c
Heal t h Nuwisteld , a ra | foidtytian,rfod whieh thetmest common response was

APsychoeducatoro. Ordinal respstafglei ongdi, oMRegol az

schedul edagl lan.d A Cheri ved ordinal fyeofeasyur e was th

profession type.

OnSite Services and Programszailability of on-site mental health services is assessed using binary

measures of ten services: fAssessment for emot i c
observation, psychosocials s essment and observation checklists
(comprehensive psychol ogi cal eval uation)", HfABehe
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students, or families", fACase management, incl uc
i Bferral to specialized programs or services for emotional or behavioural problems or disorders",
ACrisis intervention (e.g., response to traumat.
member of the school colmmug/itlygrapy )] niiGvouudmadou
iSubstance abuse counselling”", and fAFamily suppc
advocacy, counselling)o. A binary measure of adc
by as kirthgn clasees/tugiculum, does your school offer any programs to promote mental

health?".

Coordination with External Organizatiorisevel of referral and coordination practices with

community organizations i s me asanptendke wwfertale”, or di nal
istaff make passive referrals (e.g., give brocht
organi zations)", fAStaff make active referrals (€
appointments, assist with transpb at i on) " , -apwith sfudGnt/famify (efy.ochlls to w

ensure appointment kept, assess satisfaction with referral, need fortipljamd/or Staff followup

with provider (via phone,-smai | , mai |l ) 0. Coordi natisassessadion h | oc al
three binary types of coll aboration AProvided ir
tool kits)", ASolved problems jointly", and fiDeve

Changes in school policies and practicesovertineer e ¢l assi fi ed as either
Changeo, or fAlncreasedo for ordinal measures, ar

binary measures.

7.3.2.3 School Administrative and Census Data

School total enrolment is collected from school administratorisg the recruitment process as a
measure of school size. School area median income and school urbanicity are measured by linking to
Statistics Canada 2016 Census dat(a9,b3@sed on eact

7.3.3 Analysis

To assess varialliy in overall student mental health between schools, summary statistics and
correlations were calculated for schaslerage CESEL0, GAD-7, and FS scores in each year as well
as the change in score from 2018 to 201819. To determine the amount of véuiigy in student

score that can be attributed to differences between schools, intraclass correlation coefficients (ICCs)
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were calculated using linear mixed models with school ID random intercept. The GLIMMIX
procedure in SAS 9.4 was used for all modeSI $stitute, Cary, NC).

To examine variability in school practices and services over time, frequency statistics were
calculated for school SPP responses in 208 and 20189, as well as change in response between
years. Schoeaverage change in CESID, GAD-7, and FS scores was calculated by response change

category for each measure, and ANOVA was used to assess significant differences.

Student sample characteristics were calculated for CEBIBAD-7, and FS outcomes in 20138
and 201819, as well aslbstudentlevel predictors in 20:89. To comprehensively determine
whether any potential combination of school policies and practices was associated with better or
worse mental health outcomes at folloy, decision trees were run using student 204 &ESD-10,
GAD-7, and FS scores as outcomes. Tree models were run in two stages: 1) including akkgehool
demographics and changes to policies and practices, as well as and student baseline score as
predictors to assess overall impact, and 2) addirgjuakentlevel predictors to assess potential
differential impacts by student subgroups. Sensitivity testing was conducted by excluding baseline
scores from stage 1 models; however, results are not presented as trees failed to produce any nodes
due to lackof association.

Random Effects EM (REEM) trees were usé€ti34,135)to account for schodevel clustering.
Students with missing values on a given outcome were excluded from the respective analysis, while
missing predictor values were included and actemlifor using surrogate splitting. Given the large
sample size, a splitting rule was set requiring a minimum increase to adjusteiRd R2.q) of
0.005 to limit splits that would be unlikely to improve overall prediction accuracy. Tree pruning using
10-fold crossvalidation was performed to limit overfitting to the sample {z84,135) The smallest
tree within one standard deviation of the minimum cradilation error was chosen. The R package
i R E E M{(1803wa®used to grow the trees, andpha c k a g e {191pwas usedfol ot O
plotting.

7.4 Results

7.4.1 Variation in  Student Mental Health Outcomes

Figure6 shows the range of average CESQ GAD-7, and FS scores across schools in 208 and

201819. Tables shows corresponding summary statistied aorrelations between measures. School
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average CESHDO scores ranged from 6.77 to 12.29 in 2098with scores increasing between 2017
18 and 2014819 in all but five schools (mean 0.80, sd 0.50). School average Ggdores ranged
from 4.24 to0 9.12 i201819, with nearly all schools showing an increase from LA {mean 0.64,

sd 0.47). School average FS scores ranged from 28.12 to 36.13 #2048 most schools

showing a decrease from 2018 (mean0.43, sd 0.48). Approximately 2% of the vaiii§pin

st ud e n t-H)&cor€sE3%0f the variability in GADscores, and-8% of the variability in FS
scores can be attributed to schimlel factors. For all scales, the amount of variation attributed to

school factors was lower in 204® than in2017%18, with FS showing the largest decrease.

Table 6. Summary statistics and correlations for average CESI20, GAD-7, and FS scores
across patrticipating COMPASS schools in 20218 and 201819 (N=116)

CESD-10 GAD-7 FS

201718 | 201819 | Change | 201718 | 201819 | Change | 2017%18 | 201819 | Change
Summary Statistics:
Mean 8.32 9.12 0.80 6.00 6.63 0.64 32.19 3177 -0.43
SD 1.04 1.00 0.50 1.08 1.06 0.47 1.27 1.16 0.48
Min 5.43 6.77 -0.21 3.00 4.24 -0.67 28.57 28.12 -1.95
Max 10.37 12.29 241 7.98 9.12 1.79 37.75 36.13 0.73
ICC 2.43% 1.83% 3.03% 2.91% 4.15% 3.09%
School Average Correlations:
CESD10 | 1.00 1.00 1.00 0.87 0.86 0.53 -0.83 -0.76 -0.46
GAD-7 0.87 0.86 0.53 1.00 1.00 1.00 -0.68 -0.61 -0.40
FS -0.83 -0.77 -0.46 -0.68 -0.61 -0.40 1.00 1.00 1.00

SD = standard deviation; ICC = intraclass correlation coefficient
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Figure 6. Average CESD10, GAD-7 and FS scores by participating COMPASS schools (N=116)
in 201718 and201819 among students linked across two years
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A strong positive correlation exists between school average ABSINd GAD7 scores in each
year, as well as a strong negative correlation between aBSId FS, and moderately strong
negative correlation bween GAD7 and FS. A moderate positive correlation exists between the
change in average CESID and GADB7 scores (r=0.53), and moderate negative correlation between
change in CESELO and FS scores (#8:46) and change in GAD and FS scores (18.40).

7.4.2 Variation in School Mental Health Practices and Services

Table7 shows staffing, services, and coordination practices in place inI¥®anAd 2018.9 and

Table8 shows changes between years. Approximately half of schools provided some form of mental
health training to all staff in 201¥8 while only 9% provided no training. Between 2a87and

201819, 24% of schools increased the level of training provided WHhAé decreased overall

training. While the specific roles of esite mental health staff varied across schools, 74% of schools
had at least one futime staff in 201718. Between 20118 and 201819, 70% of schools maintained

the overall availability of orsite mental health staff; however, there was more variation in availability

of specific staff roles year to year.

Table 7. School staffing, services, programming, and coordination practices in place in
participating COMPASS schools(N=116) in 201718 and 201819

201718 201819 201718 201819
n ‘ % n ‘ % n % n | %
Staff Mental Health Training Mental Health Services
Awareness None 15 13% 8 7% Emotional No 49 42% 58 | 50%
Some 53 | 46% |52 | 4b% | \ssessment oq 67 | 58% |58 | 50%
All 48 41% 56 48% | Diagnostic No 69 59% 71 | 61%
Support None 17 15% |10 | 9% | AAssessment g 47 | 41% | 45 | 39%
Some 73 63% 73 63% | Behaviour No 70 60% 65 | 56%
Al 26 | 22% | 33 | 28% | consultation g 46 | 40% | 51 | 44%
Suicide None 20 17% 16 14% | Case No 50 43% 54 | 47%
Some 81 70% | 75 | 65% | Management yog 66 | 57% |62 | 53%
All 15 13% 25 22% | Specialist No 35 30% 39 | 34%
On-Site Mental Health Professionals Referral Yes 81 70% 77 | 66%
Youth None 22 19% 24 21% | Crisis No 27 23% 42 | 36%
Worker OnCall |20 | 17% |19 | 16% | 'Merention oo 89 | 77% | 74 | 64%
Parttime | 19 16% 19 16% | Individual No 41 35% 37 | 32%
Ful-ime | 55 | 47% |54 | 47% | Counseling  eg 75 | 65% | 79 | 68%
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Counsellor None 20 17% 25 22% | Group No 90 78% 89 | 77%
OnCall |24 | 21% |29 | 25% | counselling  eg 26 | 22% | 27 | 23%
Parttime | 22 19% 19 16% | Substance Us¢ No 51 44% 51 | 44%
Ful-ime | 50 | 43% |43 | 37% | Ccounseling  og 65 | 56% |65 | 56%
Social None 27 23% 35 30% | Family No 94 81% 90 | 78%
Worker OnCall | 46 | 40% |39 | 34% | Support Yes 22 | 19% | 26 | 22%
Parttime | 33 28% 27 23% | School Additional Programming
Full-time | 10 9% 15 13% | Prevention No 41 35% 43 | 37%
Psychologist | None 32 28% | 38 | 33% | "rograms Yes 75 | 65% | 73 | 63%
On-Call 51 44% 43 37% | Referral Practices
Parttime | 22 19% 27 23% | Referral to None 10 9% 7%
Fultme | 11 | 9% |8 | 7% gg:‘f/{g:s' forogt ;2?:2/:'3 5 | 4% 4%
Mental None 43 | 37% |36 |31% |2™S Active 24 | 21% | 17 | 15%
Health Nurse Referrals
oncCall | 44 38% | 48 | 41% Follow-up | 77 | 66% | 86 | 74%
Parttime | 26 22% 30 26% | Coordination with Public Health
Full-time | 3 3% 2 2% Provide No 58 50% 57 | 49%
Psychoeducat None 106 | 91% | 106 | 91% | Information oo 58 | 50% |59 | 51%
or on-Call 0% |0 0% | Solve No 90 | 78% |88 | 76%
Parttime 4% 1% f:)rion?;ms Yes 26 | 22% | 28 | 24%
Full-time | 5 4% 9 8% | Develop/ No 96 83% 98 | 84%
g‘:&'}f;“rﬁ;“ Yes 20 | 17% | 18 | 16%
jointly

Table 8. Changes to school staffing, services, programming, and coordination practices in

participating COMPASS schools (N=116) between 20118 and 201819 and corresponding

changes in schoehverage CESD10, GAD-7 and FS scores

‘ n % CESD_delta | GAD7_delta | FLOURISH_delta

Staff Mental Health Training
Awareness Decrease 14 12% 0.89 0.66 -0.45

Same 76 66% 0.80 0.64 -0.42

Increase 26 22% 0.78 0.61 -0.45
Support Decrease 18 16% 0.67 0.52 -0.31

Same 67 58% 0.79 0.64 -0.47

Increase 31 27% 0.91 0.71 -0.40
Suicide Decrease 20 17% 0.76 0.46 -0.38

Same 64 55% 0.80 0.67 -0.36
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l Increase 32 28% 0.84 0.68 -0.60
On-Site Mental Health Professionals
Youth Worker | Decrease 18 16% 0.74 0.71 -0.33
Same 82 71% 0.82 0.62 -0.43
Increase 16 14% 0.76 0.61 -0.52
Counsellor Decrease 32 28% 0.92 0.75 -0.34
Same 61 53% 0.80 0.60 -0.45
Increase 23 20% 0.65 0.58 -0.48
Social Worker | Decrease 27 23% 0.84 0.70 -0.52
Same 70 60% 0.84 0.66 -0.44
Increase 19 16% 0.62 0.46 -0.27
Psychologist Decrease 24 21% 0.78 0.66 -0.41
Same 72 62% 0.80 0.65 -0.44
Increase 20 17% 0.84 0.55 -0.39
Mental Health | Decrease 20 17% 0.78 0.77 -0.58
Nurse Same 70 60% 0.82 0.61 -0.43
Increase 26 22% 0.77 0.60 -0.30
Psychoeducator| Decrease 4 3% 0.69 0.52 -0.18
Same 106 91% 0.80 0.64 -0.43
Increase 6 5% 0.97 0.71 -0.57
Any staff Decrease 20 17% 0.88 0.78 -0.27
Same 81 70% 0.82 0.62 -0.45
Increase 15 13% 0.63 0.53 -0.54
Coordination with Public Health
Provide Removed 18 16% 0.74* 0.60* -0.39
Information None 39 34% 0.94* 0.65* -0.56
Added 19 16% 0.51* 0.31* -0.20
Kept 40 34% 0.83* 0.79* -0.42
Solve Jointly Removed 14 12% 0.77 0.55 -0.53
None 74 64% 0.81 0.66 -0.43
Added 16 14% 0.68 0.54 -0.31
Kept 12 10% 1.00 0.71 -0.44
Develop/ Removed 13 11% 0.52 0.73 -0.41
g‘:g’;;nr:;‘t None 85 73% 0.82 0.61 -0.39
Added 11 9% 0.87 0.71 -0.70
Kept 7 6% 0.99 0.64 -0.52
Mental Health Services
Removed 21 18% 0.65 0.61 -0.25

88




Emotional None 37 32% 0.79 0.67 -0.44
Assessment = ggeq 12 10% 0.80 0.43 0.30
Kept 46 40% 0.89 0.67 -0.54
Diagnostic Removed 19 16% 0.66 0.64 -0.09*
Assessment  "one 52 45% 0.89 0.66 053
Added 17 15% 0.68 0.53 -0.49%
Kept 28 24% 0.81 0.66 -0.43*
Behaviour Removed 15 13% 0.69 0.63 -0.23
Consultation  Fyo1e 50 43% 0.89 0.65 055
Added 20 17% 0.74 0.71 -0.43
Kept 31 27% 0.77 0.57 -0.33
Case Removed 26 22% 0.66 0.53 -0.43
Management  ~5one 28 24% 0.80 0.70 -0.47
Added 22 19% 0.93 0.69 -0.41
Kept 40 34% 0.82 0.63 -0.41
Specialist Removed 21 18% 0.78 0.65 -0.37
Referral None 18 16% 0.58 053 2050
Added 17 15% 0.91 0.74 -0.39
Kept 60 52% 0.85 0.63 -0.43
Crisis Removed 28 24% 0.71 0.62 -0.40
Intervention =0 14 12% 0.92 0.71 0.64
Added 13 11% 0.88 0.54 -0.34
Kept 61 53% 0.80 0.65 -0.41
Individual Removed 15 13% 0.83 0.48 -0.47
Counselling  Rone 22 19% 0.82 0.83 0.47
Added 19 16% 0.92 0.59 -0.57
Kept 60 52% 0.75 0.62 -0.36
Group Removed 12 10% 0.44 0.47 -0.26
Counselling None 77 66% 0.84 0.66 -0.46
Added 13 11% 0.87 0.64 -0.49
Kept 14 12% 0.83 0.66 -0.32
Substance Use | Removed 13 11% 0.90 0.63 -0.29
Counselling  Rone 38 33% 0.72 0.62 043
Added 13 11% 0.64 0.50 -0.46
Kept 52 45% 0.88 0.68 -0.46
Family Support | Removed 10 9% 0.81 0.95* -0.52
None 80 69% 0.84 0.63* -0.45
Added 14 12% 0.73 0.74* -0.47
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Kept 12 10% 0.66 0.29* -0.14
School Additional Programming

Prevention Removed 22 19% 0.82 0.64 -0.40

Programs None 21 18% 0.83 0.60 -0.31
Added 20 17% 0.55 0.62 -0.41
Kept 53 46% 0.88 0.66 -0.49

Referral Practices

Community Decrease 18 16% 0.82 0.56 -0.56

Referral Same 71 61% 0.79 0.61 -0.41
Increase 27 23% 0.84 0.76 -0.40

*Statistically significantdifference between categories at alpha=0.05

The most offered osite mental health services were crisis intervention, specialist referral, and
individual counselling, while 8% of schools in 2018 did not report offering any esite services.
Onssite crigs intervention was offered in 77% of schools in 2087 however nearly onrgnird of
these schools stopped offering this service in 2ZDA.8Additional schoaepecific prevention
programming was offered in over 60% of schools each year. Nearly 90% ofssoffered active
referrals to community providers in each year, and intensity of referral practices with community
providers increased for 23% of schools and decreased for 16% of schools, primarily driven by
changes to followup practices. While nearly066 schools reported some form of coordination with
local health units in each year, coordination status changed for approximately 30% of schools, with

equal numbers starting and stopping collaborations.

7.4.3 Associations between Changes in Practices and Service s and Mental Health

Outcomes

7.4.3.1 School-level Associations

Table8 shows differences in the change in school average EESIBAD-7 and FS scores by
changes to school staffing, services, programming, and coordination practices. Very minimal
variation in changgto school average mental health scores was observed across any individual
factor. Statistically significant differences in score changes were seen for three service changes. First,
schools that maintained family support services had lower average éoré€aaD-7 scores. Second,
schools that removed diagnostic assessment services had lower average decrease to FS scores. Third,
schools that initiated coordination with public health in the form of providing information or

resources had lower average ineseto CESBL0 and GAD7 scores. However, the magnitudes of
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differentiation were small in all above cases Hrlstatistical differenceshould be interpreted with
caution given the possibility for spurious association seen when performing multiple tests.

7.4.3.2 Student-level Associations

Table9 shows student sample characteristics. The sample is 53.4% female, with 77.5% of students
indicating they have a happy home life, and 56.2% indicating they can talk about problems with their
family. The average school connectedness score in the samlé (§D 3.2). Average CESIO
scores increased by 0.8 points from 20840 201819, while average GAD scores increased by
0.7 points and flourishing scores decreased by 0.4 points.

Table 9. Sample characteristics of students (r28,567) participating in years 201718 and 2018
19 of the COMPASS study

Categorical Variables: n %
Sex Female 15257 53.4%
Male 13299 46.6%
Missing 11 0.0%
Grade 8 2616 9.2%
9 2232 7.8%
10 9201 32.2%
11 8772 30.7%
12 5480 19.2%
Missing 266 0.9%
Happy Home Life No 6036 21.1%
Yes 22152 77.5%
Missing 379 1.3%
Talk About Problems with Family No 11952 41.8%
Yes 16062 56.2%
Missing 553 1.9%
Continuous Variables: n mean sd
School Connectedness Score [0:24] 27801 18.4 3.2
Missing 766
CESD-10 Score at Baseline [0:30] 27466 8.2 5.8
Missing 1101
CESD-10 Score at Followup [0:30] 27631 9.0 6.0
Missing 936
GAD-7 Score at Baseline [0:21] 27836 5.9 5.4
Missing 731
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GAD-7 Score at Followup [0:21] 27927 6.6 5.6
Missing 640

FS Score at Baseline [8:40] 28107 324 5.4
Missing 460

FS Score at Followup [8:40] 28111 32.0 5.5
Missing 456

*sd = standard deviation

Figures7 to 9 show decision trees for 2018 student CESR0, GAD-7 and FS scores,
respectively. Figur@-9a include student baseline score and all selexa@l demographics and
changes to mental health policies and practices included as potential predictors, gunéds/Fob
show the corresponding trees with studewntl predictors additionally included.
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Figure 7. Decision tree for student CESB10 score in 201819 including (a) schoollevel
demographics and changes to policies and practices, and (b) both school and student level

factors
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Figure 8. Decision tree for student GAD7 score in 201819 including (a) schoollevel
demographics and changes to policies and practices, and (b) both school and student level

factors
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Figure 9. Decision tree for student FS score in 2@B-19 including (a) schoollevel demographics
and changes to policies and practices, and (b) both school and student level factors
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As seen in Figure 7a, and consistent with scleadl bivariate tests, no scheelvel predictors
were associated with stuteCESD10 score, with baseline score emerging as the only meaningful
predictor of score at followp. As seen in Figure 7b, school connection and happy home life were
identified as protective factors, while no schimlel characteristics emerged as magful
predictors for any subgroups. Among students with very high baseline-C&S€bres above 16,
those with high school connectedness scores had a lower averageuipli©SD10 score of 14.5
while those with low school connectedness had a highergea/éshow-up score of 18.5. Similar
protective effects are seen for students with moderate or low baseline ItH8els, with happy
home life showing protective effects for students with baseline CEB&ores between 8.7 and

16.1, as well as those wibdaseline scores less than 8.7 but with low school connection.

Similar to results seen for CESID score, Figure 8a shows no association between sigivebl
predictors and student GADscore. As shown in Figure 8b, happy home life was a protective factor
among students with baseline GADscores of 7 or greater only. No studkavel factors were found

to be meaningfully related to follewp GAD-7 score for those with baseline scores under 7.

Consistent with results for CESTD and GAD7, Figure 9a showso association between school
level predictors and student and FS score. As shown in Figure 9b, school connectedness score was a
protective factor across students with both lower and higher baseline flourishing scores. Among
students with lower baselineflrishing, happy home life was a protective factor only among students
with higher school connection. Conversely, among students with higher baseline flourishing, happy

home life was protective among students with lower school connection.

7.5 Discussion

This gudy examined variation in schel@vel mental health practices over time using a sophisticated
decision tree modelling approach to comprehensively explore various permutations of policy and
practice changes, with the goal of understanding how changéslcance student mental health
outcomes. Despite seeing substantial variability in school practices over time, no association was
found between any of these incremental practice changes related to staffitg, smrvices,

community coordination, or oreff programs and student depression, anxiety, or flourishing levels.
While discouraging, these results may provide evidence for the need for more comprehensive and

coordinated approaches to schbaked mental health. The variation in practices seem ioutient

study echo an earlier 2013 MHCC review of Canadi
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tested and untested school ment al heal th init.i
acr oss i203) in coattast, availelde edénce suggests whole school, ldegn approaches

to the promotion of mental health are most effe¢88¢109) thus the current findings demonstrate a

clear disconnect between best and actual practice. The results of this study may therefore provide
evidence in support of calls from the MH@&}and JSCKRO5)on the need for increased

comprehensive approaches to school mental health. Comprehensive approaches are also supported by
previous success in the related domain of comprehensive tobacco ashitchl)ed to meaningful

decreases in Canadian youth cigarett€20£.

School average CESIDO, GAD-7, and FS scores worsened for nearly all schools between baseline
and followrup. This worsening over time is expected in the longitudinal sample, disemental
health outcomes tend to deteriorate as youtk283e208) Strong correlations between average
depression, anxiety and flourishing scores in each year suggests an overall school environment of
relatively better or poorer mental health, whiledarately strong correlations between changes in
scores further suggest that relative improvements on one measure of mental health correspond to
overall improvements across measures. Studies assessing flourishing as a predictor of depression and
anxiety anong children and young adults show similar associations and recommend the use of
interventions focused on mental health promotion as a means to protect against mental
illnesg209,210)

While a repeat crossectional view shows stability in the percentafjechools employing various
practices each year, a longitudinal examination of wisitginool changes shows substantial
inconsistency in what schools offer ygatyear. This inconsistency over time could inhibit student
utilization of resources and hesgeking behaviour. Previous COMPASS research found that more
than half of students were reluctant to seek help for mental health cq@dédd)nwith those most in
need being the least likely to seek help. Familiarity with sources of help and trargitirag
relationships with adults such as schoolteachers and counsellors have been found to be key facilitators
of helpseeking212). Thus, frequent staffing changes could impact student trust, while changes to
the availability of orsite services codlimpact awareness, ultimately limiting utilization rates and
potential effectiveness. This is consistent with previous evidence that-@mgerconsistently
applied programs are more effec(®®,109) The lack of improvement from staffing and res@urc

increases seen in the current study may therefore be due to the relatively slyedrdioiow up
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period, with consistency in trusted staff and program availability being important for longer term
effectiveness.

While no significant associations weraind at the overall school level, one benefit of the decision
tree approach used in this study is the ability to identify-higfhsubgroups of students who may be
differentially impacted by practice chan@k3). Indeed, a past metmalytic review ofmental health
promotion and prevention programs found that while overall effect sizes tended be small to moderate,
the realworld impact of mental health initiatives can be particularly meaningful tordégh
studentf98). Unsurprisingly, this study fond that students with worse baseline mental health were at
greater risk at followup. Additionally, consistent with previous cresectional204), students with
perceptions of unhappy home lives were at greater risk across all outcomes, and sttiiévs wi
school connectedness were at greater risk for worse depression and flourishing outcomes. However,
no differential impact of school practice changes was seen among these highest risk groups. Despite
this, the decision trees for CESID show that schm connection acts as a protective factor among
students with very high levels of baseline depression (CESE= 16.1); students with high school
connection showed a decrease in average scores at-tghl¢@ESD10=14.5) while those with low
school conndon had an average increase at foHop'(CESD10 = 18.5). Similar protective effects
were seen for students with lower levels of baseline depression and across all levels of baseline
flourishing. These findings are consistent with previous researchrsip@natective effects of school
connection53,54,63,201)This suggests that rather than focus on implementing individual mental
health practices and programs, schools can better promote student mental health by fostering an

overall climate of connectivand support.

Importantly, the null result of the current study does not imply that schools should discontinue
practices or services related to mental health. The MHCC notes unique advantages difasetbol
mental health programming, including the abitib reach students who would otherwise not have
access to formal suppof293). School mental health services act as an important gateway-ao6-out
school supports, particularly for higtsk student?2). In particular, the availability of kschool
early identification and screening programs has been associated with increased community service
us€93,94) However, many schools do not have the financial resources or capacity needed to provide
onsite services or programmif®P3). Proper trainingconsistent implementation, and sufficient
funding support are consistently noted as vital for program effecti@8e589,111)In alignment

with evidence on program interventions, our results further demonstrate limited effectiveness of
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sporadic or incemental practice and service changes. Rather, comprehensive universal approaches to
school mental health developed at the provincial level are needed, along with dedicated training,

expertise, and resources.

7.5.1 Limitations

Several limitations in the currestudy are noteworthy. First, while COMPASS benefits from diverse
whole-school samples and a large total sample size, the study does not use representative sampling
and therefore results may not be indicative of mental health practices across all CanfemtiEn s
Additionally, while the longitudinal design is a key strength, theyas followup period may not

be long enough to see the full impacts of practice changes. Additionally, this study did not collect
data on student utilization of resources dretéfore is unable to link student mental health outcomes
to actual service use or to determine whether low utilization rates contributed to lack of significant
effect. Lastly, while the study examined various individual practices and services, thistoes n
necessarily provide a comprehensive picture of school approaches to mental health. Other
unmeasured aspects of school climate and culture may be contributing to variation in mental health

outcomes, and more-itepth examination is warranted.

7.6 Conclusion s

Substantial variability exists in the mental health practices and services offered by schools, with high
inconsistency in school staff and service availability across years. Incremental practice changes
related to staffing, osite services, community cabnation, or oneoff programs did not

meaningfully contribute to changes in student mental health outcomes ovey@aomeriod. Despite

these findings, schools continue to play an important role as universal access points and gateways to
community merdl health services. Comprehensive, universal approaches to school mental health

developed at the provincial level are needed, along with dedicated training, expertise, and resources.
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Chapter 8

Di scussi on

8.1 Overview

Youth mental health is a public heattbncern in Canada, with nearly 1 in 4 young people living with
a mental illneg¥). Mental illnesses are complex and can be affected in part by contextual(f&gtors
For youth, the school context can be particularly influential given the amoumey@uth spend in
school. School climate has been previously associated with student deé€s8B)ranxiety(63),

and overall wellbein@3). Schools are also seen as ideal contexts for prevention and early
intervention initiatives. National orgagations and provincial ministries emphasize sctoased
mental health initiatives as key pillars in their youth mental health strafe@iés0,205) Despite

this, research suggests that fewer than half of all mental health programs used in schaskdane
evidence of effectivene§g83) Evidence of ongoing school policy and practice effectiveness is
extremely limited in the peer reviewed literature, while reviews of sdbasdd intervention
programs note inconsistent results and a neekidtierquality evidencf9,109) Controlled
evaluation trials generally examine individual program effects in isolation and do not account for
differences in contextual factors or effects of practical implementation constraints. Traditional
analysis techiques such as regression have limited ability to quantifylinear interactions among
simultaneously changing practices or identify differential impacts among various sulfgji@®)ps
Decision trees are an alternative macHewrning based method thaltows for a comprehensive

examination of complex factor interactions and identification of trigk subgroupd13,115,116)

This thesis therefore aimed to fill an important knowledge gap by using decision trees to examine
the influence of the schoehvironment and school mental health practices on youth depression,
anxiety, and psychosocial wellbeinithis was achieved through three studies which shddjetthe
applicability of decision trees to addressing youth mental health researclijaps nfluence of
school connection on youth mental health outcomes(3ritle inconsistency in current school
mental health practices and corresponding need for comprehensive school mental health approaches
The following sections provide a summary of keydiings from this thesis, implications for public

health practice, and implications for future research.
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8.2 Summary of Key Findings

Study 1 provided a methodological overview of two decision tree techniques: Classification and
Regression Trees (CART) and Coialial Inference Tree<() andcompared the performance of
these techniques to traditional linear and logistic regression through an application to COMPASS
youth mental health survey data. For continuous GABESD10, and FS scale outcomes,
prediction acuracy was 4% higher for linear regression than CART &idFor binary depression
and anxiety outcomes, prediction accuracy wa&alhigher for logistic regression than CART and
CI. All models consistently identified the same sets of most importantfmes] however, decision
trees identified fewer unique variables as meaningful. CARTCAmdodels attribute 783% of

relative variable importance to the top four variables, while regression attributed efil¢@d I hus,
while regression models had marally better predictive ability, decision tree models were more
parsimonious and placed greater emphasis on key differentiating factors. CARTrandels also
detected complex nelinear associations between risk factors and identified the highestiigkosip
(females with unhappy home life and low school connection), which was not easily discernible from
the regression model results. The simpler models generated by CART procldadvisual
representation of keysk factors to aid in decision malgrand knowledge translation. This study
therefore demonstrated the suitability of decision trees for identifying key risk factors afriskigh

subgroups within largecale population health surveillance systems.

Given the suitability established in Syudl, Study 2 used decision trees to explore eross
sectional associations between a broad range of socioenvironmental and behavioural factors and
youth depression, anxiety, and flourishing levels. This study took a hypetjeessating approach to
explorepotential complex interactions of demographics, diet, movement behaviours, sleep, substance
use, academics, bullying, peer relationships, school connection, and home life. Across all three
outcomes examined, perceived happy home life and school connastedmerged as the most
important predictors, while behavioural factors did not emerge as important. Females without happy
home life and with low school connection were the highest risk group for depression, with average
CESD10 score of 17.1, far above thet-off of 10 considered for clinically relevant symptoms and
over three times higher than the lowest risk group. Students of both sexes without happy home life
and with low school connection were at highest risk for anxiety, with an average score abb¥e
the cutoff of 10 considered for clinically relevant symptoms. Students with very low school
connection and without happy home life were at highest risk for languishing (low flourishing) with an
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average score of 15.3, compared to the highest $loing group of students with high school

connection and happy home life with an average score of 36.9. This study found that interpersonal
relationships related to the home and school environments were more strongly associated with youth
depression, anxigt and psychosocial wellbeirtbanindividual health behaviours. The study
demonstrated the meaningful role that schools can potentially have in contributing to student mental
wellbeing if they can effectivelgultivate and fostea climate of connectioma belongingor

students.

Given the association between student perceptions of school environment and youth mental
health outcomes established in Study 2, Study 3 used longitudinal data to examine changes in school
mental health practices and compreheglgi explored if potential combinations of practice changes
were associated with improvements in depression, anxiety, and flourishing levels. The availability of
staff training, orsite mental health professionals;site mental health services, refempehctices,
and coordination with community public health varied widely between schools. Additionally, there
was substantial inconsistency in these practices and services offer¢o-year within the same
schools. Despite this, decision trees identifiedneaningful combinations of practice changes
associated with better depression, anxiety, or flourishing levels. Further, while unhappy home life and
low school connection again emerged as important risk factomifferential impacof school
practicechanges wreseen among #se highest risk subgroups. This study suggested the
ineffectiveness of haphazard eof#, incremental schodevel practice changes at improving youth
mental health outcomes and suggestechéesl for more comprehensive and dawated approaches
to schoolbased mental health

The above three studies consistently demonstradeel insights into the influence of the school
environment on youth mentagalth that can be gleaned from decision tree analysis. Four main
themes emerged from the above findirgmtextuakenvironment influences on youth mental health,
the protective effect of school connection, approaches to sbhsell mental health initiaes, and
the value of decision trees lrealthsystems surveillance research. These themes are expldtest

in the following sections.

8.2.1 Contextual Environment Influences on Youth Mental Health

The first theme that emerged throughout these findingshvea®lative influence of environmental

factors, specifically contextual and interpersonal factorgooith mental health outcomes. Across all
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three studies, having a happy home life and sense of connection to school were identified as the most
importantpredictors of youth mental health outcomes out of all covariates examined. Additionally,
feeling able to talk about problems with family was found to be meaningfully important to some
subgroups for flourishing scores in Study 1 and Study 2, and deprsssies in Study 2. Being

bullied also had meaningful relative importance for anxiety outcomes in Study 1. While previous
decision tree analysis on youth mental health outcomes is limited, the influence of interpersonal
relationships aligns with previousalsion tree results which found friend supgb49)and parental
supporfl51)to be protective against major depressive disorder onset amdaeg wbuth. These

findings also align with previous research finding various aspects of(hdf&78,179,193.97)and

school environmen(53,54,60,62,63f0 be associated with youth mental health outcomes. The
consistency in associations seen across all studies and across anxiety, depression, and flourishing
outcomes highlights the importance of positive band school environments at influencing overall
student mental wellbeing. This has important implications given that many aspects of home and
school environment can be considered modifiable. These findings provide further evidence in support
of The MentalHealth Strategy for Canafg published by the Mental Health Commission of Canada
(MHCC), which recommendisicreased resources and support for families, caregivers, schools, and

community organizations to improve youth mental health.

Perhaps just as sidicant a finding is the lack of importance seen in maodifiable behavioural
factors such as diet, movement behaviours, and substance use. While Study 1 identified sleep time as
having some importance for depression and anxiety outcomes in Study 1, nuoebtngoural factors
emerged as important predictors of youth mental health outcomes across any study findings after the
environmental and interpersonal influences of home and school were considered. This contrasts with
past literature which has shown asations ofdiet(181), movement behavious82,183)
sleef§l142), and substance yd€3)to youth mental health outcomes. However, as was highlighted in
Study 2, most past research examined these behavioural factors in isolation and did nofaccount
the environmental and interpersonal factors included in this thesis work. Thus, the findings from
Study 1 and Study 2 suggest that home life and school connection are more important factors than any
individual health behaviours. This does not, howesggest that these behavioural factors have no
influence on mental health outcomes. There could be many hypotheses for potential mediating or bi
directional associations between contextual and interpersonal influences and health behaviours, and

the ultimade association to mental health outcomes. Thus, this thesis work highlights the need for
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future studies examining behavioural risk factors to account for these important contextual and

interpersonal influences.

While the importance of home and school emwiments is clearly established across all three
studies, further insight into the magnitude of this impact can be seen by examining model fit results
across studies. As noted in Study 1 and Study 2, decision tree model fit was low to moderate. Across
bothstudies, adjusted®Rvas at or below 50% across GAD CESD10, and FS outcomes. Lower
model fit is not uncommon in behavioural studies but does suggest that the environmental and
behavioural factors examined in this work only account for a portion aviésll variability in
ment al health outcomes in the -aecaaypal neodéB3; ol | owi ng
youth mental health can be influenced by both contextual and intrinsic factors. Past research suggests
there are competing influencesgwhetic and environmental fact(g5 177), though the exact
proportions of attribution vary by study, sample, and mental health outcome. Study 3 more directly
guantified the variation in mental health outcomes attributable to the school environméitadgec
by calculating the intraclass correlation coefficient, which attribRéf the variability in CESD
10 scores, 3% of the variability in GADscores, and-8% of the variability in FS scorés school
level differences. These percentages ardlsuen compared to the individubdvel heterogeneity.
However, when these results are considered in tandem with the importance of school connection, they
could suggest that the low variability is due to lack of impactful differentiation between current

school practices rather than a lack of overall influence of the school environment.

8.2.2 Protective Effect of School Connection

The second theme that emerged across all three studies was the protective effect of school connection
on youth mental health. Crossctional associations were consistent between Study 1 and Study 2. In
Study 1, school connectedness score had the sédginelst variable importance for anxiety and

depression outcomes in CART models, and the highest variable importance for flourishéngliscor

Study 2, school connectedness score was protective among all subgroups f@raBAQESBLO

outcomes and was the primary differentiating factor for FS. This is consistent with previous cross
sectional research showing school connection to be pireemainst emotional distré62),

anxiety(59) and depressi@hf9,60) and positively associated with mental wellb€&8). In Study 3,

which used a longitudinal sample and controlled for baseline mental health score, school

connectedness was again protective among all subgroups for-OE&II was a primary
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differentiator after considering baseline score for FS; howeves,ldnger emerged as an important
variable for GAD7. Previous longitudinal research is mixed. One past study found school connection
to be protective against a combined anxiety/depression measure after controlling for baseline
measuré3), while anothefound school connection to be protective against depression in both boys
and girls, but only protective against anxiety in girls after controlling for baseline mgasijes

While anxiety and depression are closely related and commoigatoring outomes, more

longitudinal research is needed to understand nuances in the influence of school connection on these
outcomes. Despite these differences for anxiety outcomes, one notable finding consistent across
Study 2 and Study 3 was the protective effecabfool connection on students at highest risk for
depression. In Study 2, among the highest risk students with unhappy home life, averagbOCESD
scores were over four points lower among those with high school connectedness scores. In Study 3,
among studets with highest baseline depression levels (CEBRcores over 16), followp CESD

10 scores were again four points lower among those with high school connectedness scores, with
scores decreasing from baseline on average. While the findings frometissshow that cultivating
positive school connection can be beneficial among all students, the benefit to those at highest risk is
important as these students are often most reluctant to seek help from formal &tports

8.2.3 Approaches to School -based Me ntal Health Initiatives

The third theme that emerged throughout this thesis was the need for more ebakatte

approaches to school mental health initiatives. Across all three studies, school connection was found
to be the most important factor for bettlurishing outcomes. While home life ranked above school
connection for anxiety and depression outcomes in Study 1 and Study 2, school connection was the
primary differentiator for flourishing. In Study 3, school connection was the most importantqredic
among students with both high and low levels of baseline flourishinig.suggests that schools may

be more directly influential on enhancing positive psychosocial wellbeing than on mitigating clinical
anxiety and depressioRast multilevel researclhas shown both individual sense of school

connection and schowlide levels of connection to be predictive of student welll{@ihig Thus,

schools may be able to improve mental wellbeing by creating an overall climate of connection and
belonging. Focusig on positive mental health and school ethos are two key characteristics of
effective schoebased interventioi@8). While evidence on the link between school ongoing

practices and student psychosocial wellbeing is more limited, the results of Stuohd3chool

connection to be a primary factor for flourishing and correspondingly found no effect of individual
105



policy or practice changes. Thus, there may be greater benefit in schools focusing efforts on
improving overall sense of connection rather timplementing ong¢ime mental health interventions

or incremental practice changes. Study 3 also found that seld®fflourishing, depression, and

anxiety levels were strongly correlated, and so by focusing on improvements to positive wellbeing
through shool connection initiatives, schools may also be able to indirectly improve anxiety and
depression outcomes. Indeed, studies that have established flourishing as a predictor of depression
and anxiety have recommended the use of mental health promoépreirttons for ultimately

protecting against mental illn€269,210)

Study 3 expanded on the findings of the importance of school connection in Study 1 and Study 2 by
comprehensively examining the impacts of school mental health practice changes. iHasvaveed
above, no changes to practices or services were associated with better or worse mental health
outcomes. These findings align with reviews of mental health interventions, which have found that
shortterm interventions are ineffective when not@mpanied by larger environmental chaid®),
while longterm, wholeschool approaches are more effed®8&109) Study 3 also showed that
mental health practices vary widely across schools and over time, and therefore suggests that sporadic
approachks and incremental changes are not sufficient to produce meaningful impacts on health
outcomes. This lack of association is unsurprising given that most mental health initiatives currently
being implemented in schools are not based on evidence of effe=$83,203)and highlights the
gap between best and actual practice. The findings of this thesis therefore do not allow for
recommendations of specific practices or services. Rather, they supp@s; 288¥or more
comprehensive approaches to sdhmmsed mental health implemented at the provincial or federal
level. These calls align with past evidence that consistent implementation and sustained funding are
critical for programs to be effecti(@8,109,111and are supportdaly previous succesn related

domairs such asomprehensive tobacco con{(206).

8.2.4 Decision Trees in Systems Surveillance

The final theme that emerged across all three studies was the broader usefulness of decision trees in
health systems surveillance research. Four keygtrerf decision trees were demonstrated

throughout this thesis. The first strength is the ability of decision trees to identidinean

associations and complex relationships between factors, which may be overlooked using a traditional

theory or modetbased approach. This is seen across all three studies by examining differences in the
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various tree branches. For example, when examining the-Galicome in Study 2, the effect of sex
differs by level of happy home life and school connection: sex appeasecond level branching

factor for those without happy home life, as a third level factor among those with happy home life and
high school connection, and not at all among those with unhappy home life and low school
connection. This type afomplex ineractionwould be difficult to see in standard regression analysis
unless tested through higharder interactions. Additionally, the tree in the above example splits on
different values of school connection depending on the subgroup. This ability tifyiden

distinguishing thresholds for continuous variables is missed in standard regression modeling that
typically assumes a single linearly increasing estimate across all values of the variable. Similar
patterns can be seen from the trees in Study 1 amfy St This is beneficial for systems surveillance
research, particularly when many predictor variables are being monitored, because it allows
researchers to identify underlying complex relationships without the need to explicitly test for a
multitude of ptential higher order interactions. Interpreting these complex interactions within
regression modeling can also be difficult, whereas decision trees present a simple visual diagram to
clearly demonstrate these relationships. The visual output of decisgsni$ also particularly useful

for communicating complex findings to end knowledge users.

A second closely related strength of decision trees is the ability to identify the most important
predictors out of a wide range. This was seen across StudySitwahd?2 where happy home life and
sense of connection to school were consistently identified as more important out of a range of 23
potential predictors. Study 1 also directly contrasted this ability against regression models by showing
that decision treeglaced far greater emphasis on the key differentiating factors. In large surveillance
studies with many risk factors being examined
strong associations due to collinearity, meaning important factatd be missed 60,163)
Conversely, decision trees will identify and choose only those factors that are most strongly
associated with the outcome, allowing researchers to isolate the most important risk and protective

factors.

Stemming from the first twetrengths, a third strength of decision trees is the ability to identify
high-risk subgroups. Decision trees will group subjects based on different values of factors that
correspond to different levels of the outcome variable, allowing researcherstity isiemlar
characteristics of subjects with the more adverse outcome values. For example, examining the

decision tree for the GADD outcome in Study 2, students with unhappy home life and school
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connectedness scores under 15.3 were at highest risk<fetyamvith average GAEY scores of 11.9

which is above the threshold for clinical relevance. This subgroup corresponded to 7% of the total
sample. In contrast, the largest final subgroup of males with happy home life and school connection
over 17.5 compsed 31.2% of the sample and had average GADores of only 3.47. This ability to
identify the highest and lowest risk subgroups allows researchers to develop risk profiles of students
and tailor interventions. Targeted prevention and intervention imégtan then be developed and
provided to these highest risk groups, which is particularly beneficial in public health and school

based health initiatives which often have limited funding and scarce resources.

The final strength identified was the alyilitf decision trees to examine the impacts of
simultaneously changing factors on core outcomes. This novel application of decision trees
demonstrated in Study 3 has important implications for natural experiment evaluation. As seen in
Study 3, schools madveral concurrent practice changes over a school year. Decision tree analysis
allowed for the comprehensive examination of all different combinations of these changes while
accounting for different contextual factors. This approach allows researcheesl&mgescale
surveillance data to perform quasiperimental evaluation by investigating a multitude of natural
policy and program changes. This approach can be used to find early indications of potentially
effective combinations of policies and programvkich can then be further studied through formal
trial testind213) Additionally, in contrast to controlled intervention trials which isolate singular
interventions and artificially control contextual factors to test efficacy, this decision tre@etppro
allows for the detection of realorld effectiveness while accounting for the complex interacting
influences of contextual factors and concurrent changes, as well as identifying differential impacts on
various subgroups. This application could be agyful tool to leverage systems surveillance data for

natural experiment evaluation.

8.3 Implications for Public Health Practice

The results of this thesis have implications for public health practice in youth mental health.

Recommended actions for futtsehootbased mental health practice are outlined below.

1. Schools should focus on building an overall sense of connection among all students.

The findings of this thesis clearly highlighted the important protective role that school connection

plays in youth mental health. Students reporting high school connectedness consistently had lower
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average CESE0 and FS scores than their counterpartssscall risk levels, and this protective

effect was particularly evident among highest risk students. Notably in Study 3, while school
connection was protective for students, none of the incremental mental health practice changes made
by schools had prottee effects. Thus, rather than focusing on specific practice and program

changes, schools should adopt approaches that focus on buildingrat climate of connection and
support.Several federal and provincial governmental organizations have develojpgdguidance

and resource kits for improving school climate and promoting a positive school environment. For
example, the Joint Consortium for School Health (JCSH) offers a module within its Positive Mental
Health Toolki{214)with strategies for immving school connectedness. This focus on building sense

of connection could have additional benefits to other outcomes, as school connection has been shown
to have a protective association to health behaviour outcomes such as substance use, phitgical acti
and screen tim@15 217).

2. Schoolbased initiatives should focus on positive psychosocial wellbeing for both females and

males as well as targeted interventipnogramming for females.

While this thesis identified happy home life as the most inapoifactor for anxiety and depression
outcomes, school connectedness consistently ranked as most important for flourishing outcomes.
Moreover, ndifferenceshbetween males and females were noticed in relation to flourishing. Thus,
schools may be bestsitued t o i mpl ement initiatives to i mpr o)
recommendation already forms the basis of many provincial school mental health strategies, such as
the School Mental Health Ontario pyramid md@@d#B). Many schocbased resaues and

interventions have been developed to focus on positive mental health, such as the JCSH Paositive
Mental Health Toolki214)noted aboveAdditionally, given that femalesonsistently emerged as

being at higher risk for worse anxiety and depressittcomes than males, additional targeted
interventiondgnvolving femalefocused programminghould be implementeavith a focus on anxiety

and depression prevention and early intervention. This recommendation correspondsdoritde

level of the SchoaMental Health Ontario pyramid moq218)

3. Schools should avoid frequent incremental mental health practice changes.

Study 3 found no evidence that incremental changes to school mental health practices led to any

improvement in youth mental health outegsnDespite this, substantial variability in practice and

service offerings were seen across schools and years. Inconsistency in the availability of supports
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over time could deter students from seeking help due to a lack of knowledge of what is awailable t
them. It may also be particularly important to maintain continuity in support staff to give students the
opportunity to build trusting relationshigsamiliarity with supportsources trusting relationshipsth
support stafire key factors in encouragimelpseeking among stude(®4.2). Thus, schools should
attempt to maintain consistency in mental health practices and services over time, and clearly

communicate available resources to students.

4. Governments and school boards should admghprehensive approaches to school mental
health.

The lack of consistency in school mental health practices seen in this thesis echo earlier findings by
the MHCCofaipat chwor k of tested and unacesst ed school
Canadg203). The findings from this thesis clearly supports calls by the MECZD3)and

JCSH205)for more comprehensive approaches to school mental health. While this thesis strengthens
the evidence base, the knowledge of the effectiveness of comprehensiazhepitas been

documented in past systematic revié€®®3, and in related domains of comprehensive approaches to
tobacco contr@gR06), yet a disconnect between best and actual practice remains. Dedicated resources
from federal and provincial governmemt® needed for successful implementation of comprehensive

school mental health strategies.

8.4 Implications for Future Research

This thesis also has implications and directions for future public health research. Recommended

actions for future research are lmed below.

1. Future mental health research should account for home and school environment factors.

Across all studies, happy home life and school connectedness emerged as the most important factors
for anxiety, depression, and flourishing outcomes. Deghis, most studies examining the impact of
behavioural factors such as diet, physical activity, screen time, and substance use do not account for
measures of the home or school environments in their analyses. Future research examining
behavioural factorshould account for the potential contextual influence of home and school
environments on the association between behavioural risk factors and mental health outcomes.
Additionally, this thesis focused on exploratory analysis of a wide breadth of factdras guch

used a broad measure of perceived happy home life, which could be interpreted differently by
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different students. This measure could be affected by a range of factors including adverse childhood
experiences and family dynamidsterpretation othis measure could also be reciprocally affected

by a studentos ment al h eFature reseassch should sexpand onthdse t i me
preliminary findings to understand more specifically which aspects of positive home and school

environmentglrive the protective associations seen in this thesis.

2. Future studies should more comprehensively measure school environment characteristics.

Study 3 measured a wide range of school mental health practices; however, while school connection
was identifiedas an important protective factor, none of the individual practice changes associated to
better mental health outcomes. The measures used in this study are limited to formal practices and
services offered by schools and do not fully capture the overalbboiental health climate. For

example, formal practices do not capture teacher or student attitudes toward mental health. This study
also did not capture aspects of the built environment such as dedicated wellbeing spaces. Future
research should more compensively examine school mental health environment throudépth

gualitative or mixed methods approaches, in order to better understand which aspects of school

climate and context are most important for influencing youth mental health outcomes.

3. Decisbn tree analysis should be applied to different health topics within {scgke

surveillance data.

As highlighted in Study 1, the decision tree approach used in this thesis has potential broader
applications in population health surveillance and natu@ggment research. Decision trees are
ideally suited for answering research questions regarding identification efikgiroups for
targeted prevention and early intervention initiatives. This advantage of decision trees is particularly
beneficial in &rge population health studies such as COMPASS, which gather data on a broad range
of risk factors with potential complex relationships. Within the COMPASS study, the methods used
in this thesis could be applied to examine the complex drivers of behdvamioas such as
substance use. Decision tree methods would also be well suited to examining differential impacts of
national and global ecological events such as COI8n various groups of students. Further, the
novel application of decision treesdramining ceoccurring changes in school practices highlighted
in Study 3 could be expanded to examine the full breadth of school environment data available in
COMPASS, in order to capture overall school climate more comprehensively in relation to mental
health and other behavioural outcomes. Beyond the COMPASS study, these methods could be
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applied to other existing health datasets to uncover novel and complex relationships that may have
previously been difficult to examine using traditional regressioryaisadlue to the size and

complexity of the datasets. Given the numerous potential applications of decision trees, future
researchers should expand the collection of bfoadsed, largescale surveillance data including
environmental characteristics to flele to evaluate future public health priorities and natural

experiments as they arise.
8.5 Strengths and Limitations

8.5.1 Overall Strengths

This thesis has several strengths. First, the novel use of decision trees to examine the influence of the
school environmentn youth mental health fills an important research gap. Past studies on

behavioural risk factors for youth mental health generally examined health behaviour domains in
isolation and used traditional regression methods that do not easily allow for thaai@amof

complex interactions among fact(it&3). This study used a decision tree approach that

simultaneously examined a broad range of risk factors and identified the most important factors and
highest risk subgroups to whom interventions can betrdg Further, while there have been many
previous studies of individual schelshsed mental health interventions, the quality of existing

evidence is considered weaR,109) and there is very little evidence of the impact of ongoing school
practicesThis thesis filled a research gap by comprehensively examining ongoing school mental

health practices using a method that accounts fowedt contextual influences on effectiveness.

Second, the COMPASS study includes longitudimetarchical data from a large sample of
Canadian students. The breadth of health topics covered in the COMPASS study allowed for the
examination of a wide range of risk and protective factors to youth mental health outcomes. The
schootlevel data collectin COMPASS is also unigue to large scale surveillance studies and
allowed for examination of school characteristics within a large sample. The longitudinal study
design of COMPASS is a key strength that allowed for the examination of ssitidient changs in
mental health over time, as well as the impact of selea@l changes. Longitudinal study designs are
ideal for natural experiment evaluation. Additionally, the large longitudinal sample size at both the
student and school level was a key stremgir previous smaller studies employing decision tree
analysis. Further, COMPASS uses aciivirmation, passiveonsent permission protocols that limit

selection and reporting bidd9,219) as well as an anonymous linking process that allows for the
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creation of a longitudinal sample while encouraging honest reporting by maintaining student

anonymity.

Finally, the decision tree methods used in this thesis were a key strength. As detailed above,
decision trees have several key strengths over regressibiods traditionally used in public health
research. Namely, decision trees can be used to examidmeanassociations and complex
relationships among risk factors and can have higher predictive accuracy than regression models
when true underlying gictures are nafinear(113). Decision trees also allow for subgroup
identification and provide a parsimonious view of key differentiating factors in a visual format that
aids in decisioimaking and knowledge translation. Studies 2 and 3 also emplaylétével random
effects trees that outperform standard CART trees and have comparable accuracy to linear mixed
effects models when working with clustered {h84,135) The novel application of decision tree
techniques in this thesis provides a fourmato apply this method to answer future research

guestions in other health domains.

8.5.2 Overall Limitations

While this thesis work has several strengths, there are also limitations. First, there are limitations to
the COMPASS study design. COMPASS uses arapresentative convenience sample of schools
and therefore results may not be generalizable to all Canadian youth andieeblodéta may not be
indicative of mental health practices across all Canadian secondary schools. However, the large
whole-schoolsampling, high response rates, and passive consent procedures mean results may still be
meaningful for many Canadian youth. Additionally, while COMPASS employs a longitudinal study
design, Study 1 and Study 2 used cresstional data, and thus temporalityassociations and

causality cannot be inferred. The key identified predictor measures of happy home life and school
connection may be bidirectionally associated with mental health status. While Study 3 used
longitudinal data to better address tempoyattie oneyear followup period may be too short to see
lasting impacts of school practice chanddsally, a fouryear followup period would best allow for
assessment of overall impacts on students throughout their time in high, sdhigaproviding

adequate time for students to overcome barriers tedeglking surrounding familiarity and trust.
However, this long followup period may be impractical to assess ifosth continue to enact high

rates of practice changes throughout the foligmperiod. Additionally, as COMPASS collects data

annually, the exact timing between each practice change and data collection date is unknown. Future
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research should take advantage of the longitudinal study design to examine environmental impacts
over a bnger followup period.

There are also limitations to the questionnaire measures used in this analysis. While the mental
health outcome measures are based on previously validated2228<8,126)the selfreport
nature of the questionnaire does cotrespond to clinical evaluation and thus threshold cutoffs do
not infer clinical anxiety or depression diagnoses. As with anyregtirt study, response bias may be
present in any of the measures used, particularly given the sensitive nature obtioagaiee topics.
Additionally, the measure of happy home life used isswecific and individual respondent
interpretation could vary. Given the breadth of health topics in COMPASS, it is not feasible to ask
about any individual topic in depth. Thus, ilelthis measure was useful for general exploratory
analysis, future research examining the aspects of happy home life contributing to better or worse
mental health outcomes is needed. The school policies and practices questionnaire is also limited in
its ability to capture the overall school climate toward mental health as it does not provide
information on beliefs and attitudes. This study also did not have a measure of resource utilization
rates at the student or school level and therefore mental betdttmes cannot be directly linked to
service use, which limits the ability to examine practice effectiveness.

Finally, there are limitations to the decision tree methods used in this thesis. While decision trees
have several strengths over regressiorhodd as noted above, they often have lower prediction
accuracy, as was the case in this thesis. In fact, both tree and regression methods had relatively low
prediction accuracy in this study, meaning the behavioural and environmental factors included in th
analysis did not fully explain the differentiation in mental health outcomes among students. Decision
trees also have a tendency to overfit the sample data which is only partially mitigated by tree pruning.
However, this limitation is less of a concelimen the large sample size used in this study and the
similarity in prediction accuracy between training and test sets seen in Study 1. More complex
machine learning methods such as random forests, which grow multiple decision trees and aggregate
results nto an overall variable importance ranking, have shown improved predictive(At#iyy
This improved accuracy comes at the cost of interpretability through the loss of a single visual tree.
Nevertheless, random forest and other tree ensemble approzahés preferrable if prediction and
overall variable rankings are of greater importance than understanding the exact nature of
relationships between factors. Future research should examine the use of these more complex

methods in addressing public heakisearch questions.
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8.6 Conclusions

This dissertation used a novel application of decision trees to fill a research gap in the influence of the
school environment on youth anxiety, depression, and psychosocial wellbeing. Decision trees provide
a means of exaimng complex interactions between predictors and identifying-hgkhsubgroups in

an interpretable format beyond what is readily available with traditional regression modeling. These
benefits of decision trees aid researchers and public health preettio decision making and

knowledge translation for prevention and intervention initiatives. Using decision trees, this thesis
found that happy home life and school connection were key differentiating factors for youth anxiety,
depression, and flourishirlevels, highlighting the protective role that schools can play on youth

mental wellbeing by fostering a climate of connection and support. A further longitudinal

examination found that despite seeing substantial variability in school mental healttepracti
incremental practice changes were not associated with better mental health actions. Comprehensive
approaches to school mental health at the federal and provincial level are needed along with dedicated
resources. The decision tree method used inlbis4g provide a template for further research into

other public health domains and highlight the potential power in combining machine learning

methods with large population health surveillance data for natural experiment evaluation.
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Appendi ces

Appen dix A: COMPASS Student Questionnaire (2017 -18, 2018-19)

A\
Compass :
- 4

« This is NOT a test. All of your answers will be kept confidential. No one, not even 55
your parents or teachers, will ever know what you answered. So, please be honest :;
when you answer the questions. 5=

51

* Mark only one option per question unless the instructions tell you to do 50

something else. 49
48

« Choose the option that is the closest to what you think/feel is true for you. j;
45

44

8 & o
a . 42

Please, use a pencil to complete this questionnaire

Please mark all your answers
with full, dark marks like this: I:>

o]e] 1o

START HERE a

Please read each sentence below carefully. Write the correct letter, number, or word on the 30
line and then fill in the corresponding circle.

Note: These five questions are only used to link data from one year to the next. They cannot be used to identify 27
participants. Only University of Waterloo researchers have access to the responses, and they never have access to 26
student names or other information. All responses are strictly confidential. ff
The first letter of your initi b3
middle name (if you have The name of T:,z:::-:ﬁ:zlt ?,fasr's;r bo
more than one middle the month in The last letter of your | The second letter of (think about the b1
name use your first middle which you were full last name: your full first SRl EEe bo
name; if you don't have a born: name: ____ the moysi)' ha
middle name use "Z" ). — ha
® @ ® @ January ® @ ® ® @ @ ® @ ©® 7
® @ @ February ® @ ® © ® @ 18
©®© © © ® March ® © © ©® ©®© © ® © @ 15
® ® @ @ April ® ® © ® ® © ® ® © 14

® ® @ @ May ® ® @ ® ® @ ® ® @ 3

® @ ©® ® June ® @ ® ® @ ©® ® @ ® 2

®@ ® O @ July ® ® © ® ® © ® ® © i

® @ @ August ® @ @ ® @ @ ®» @ ® no

® ® @ September © ® © ® ® @® 9
October 8

@) November 7

@ December © COMPASS 2017 z

X 4

000000000000 000000000000 [serial] 3

2

| || - W
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= About You

61
60

5o 1. What grade are you in? Quebec students only
58 O Grade 9

57 O Grade 10 O Secondary |

56 O Grade 11 O Secondary Il

55 O Grade 12 O Secondary Il

54 O Secondary IV

53 O Secondary V

52 O Other

51
50
49

Z? 2. How old are you today?

46 12 years or younger
45 13 years
44 14 years
43 15 years
42 16 years
4 17 years
40 18 years

39 19 years or older
38

37

36

35

541 3. Are you female or male?
33 O Female

32 O Male
31

30
29

ii 4. How would you describe yourself? (Mark all that apply)

26 White

25 Black

24 Asian

23 Aboriginal (First Nations, Métis, Inuit)
22 Latin American/Hispanic

21 Other

20

19

18

17
15| 5. About how much money do you usually get each week to spend on yourself or to save?

15 (Remember to include all money from allowances and jobs like baby-sitting, delivering papers, etc.)

14 Zero

13 $1 to $5

12 $6 to $10

11 $11 to $20

10 $21 to $40

$41 to $100

More than $100

| do not know how much money | get each week

OICCYOICCIOC )
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6. How do you usually travel to and from school? (If you use two or more modes of travel,

choose the one that you spend most time doing)

To school From school
O By car (as a passenger) O By car (as a passenger)
O By car (as a driver) O By car (as a driver)
O By school bus O By school bus
O By public bus, subway, or streetcar O By public bus, subway, or streetcar
O By walking O By walking
O By bicycling O By bicycling
O Other O Other

7. Did you attend this school last year?

O Yes, | attended the same school last year
O No, | was at another school last year

8. How tall are you without your shoes on? (Please write your height in feet and inches OR in
centimetres, and then fill in the appropriate numbers for your height.)

O I do not know how tall | am

Height Height
Feet | Inches Centimetres
©| @O (0]0]0;
"My heightis __ feet,  inches” A 8 © 8 % 88
\ |®@| @|0R| @O
e L/ ®| @ o10)
"M A = - " l, @ @ @ @
y heightis _ centimetres ® ® ®6
® @ 010}
® ®@

Example:
My heightis 5t 7 in

Height
Feet | Inches

[ JO]

®
©)

QROOOEOE

(©Jc] JoJolelolc)

9. How much do you weigh without your shoes on? (Please write your weight in pounds OR in
kilograms, and then fill in the appropriate numbers for your weight.)

O | do not know how much | weigh

Weight Weight
Pounds Kilograms
[0]OJC) ©OO
"My weight is _ pounds” j\ 888 ®8g
‘\ OO ®O
OR /| 90 OR | ®e
"My weight is kilograms™ L %% %%
0]0) 0]0)
®6 ®6

0]0]0]610]0]0]0]610]0]6]0]0]0]0]6]0]6]0]6]616]6)
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Example:
My weight is 127 |bs

Weight
Pounds
@OO
[ ]OJO)

®

®
@
®

OIOISIOICIOIO)
@PeEOOOE®
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89
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10. How do you describe your weight?

O Very underweight

O Slightly underweight
O About the right weight
O Slightly overweight
O Very overweight

11. Which of the following are you trying to do about your weight?

O Lose weight
O Gain weight
O Sstay the same weight

O | am not trying to do anything about my weight

12. How much time per day do you usually spend doing the following activities?

For example: If you spend about 3 hours watching TV each day, you will need to fill in the 3 hour circle, and

the 0 minute circle as shown below:

a) Watching/streaming
TV shows or movies

a) Watching/streaming
TV shows or movies

b) Playing video/computer
games

c) Doing homework
d) Talking on the phone

e) Surfing the internet

f) Texting, messaging, emailing
(note: 50 texts = 30 minutes)

g) Sleeping

13. In the last 30 days, did you gamble online for money?

O Yes
O No

©@ @ @

© KGN © HON © EON ©
G © G © BN © BG
O EON © NON © NON ©
o goN © HON © NON ©
N ® N © BN © N
N © E-N © RN © N
®@ @ @ @ @ @ ©
N @ IO G BON O RG
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Hours

® 6 6 O O

Hours

®

@ e 0 e @ @

Minutes

® © @

Minutes
®

® ®

®

© ECH © EON © EON ©
®

® ® @ @ @ ©
®

®

® ® ® ® ® ® ©



Physical Activity

HARD physical activities include jogging, team sports, fast dancing, jump-rope, and any other
physical activities that increase your heart rate and make you breathe hard and sweat.

MODERATE physical activities include lower intensity activities such as walking, biking to
school, and recreational swimming.

14. Mark how many minutes of HARD physical activity you did on each of the last 7 days.
This includes physical activity during physical education class, lunch, after school,
evenings, and spare time.

Hours Minutes

For example: If you did 45 minutes of hard physical
Qn:::g % 8 % g % % g activity on Monday, you will need to fill in the 0 hour
Wednegday o © © © 0 0 C circle and the 45 minute circle, as shown below:
Thusday | @ © @ ® @|0 ® "
Friday oo o oo I No G Hours Minutes
Saturday | @ O© @ ® @ | © ® Monday @ © @ @ ®|© ® [ ]
Sunday © O @ @@ |0 ®

15. Mark how many minutes of MODERATE physical activity you did on each of the last 7
days. This includes physical activity during physical education class, lunch, after school,
evenings, and spare time. Do not include time spent doing hard physical activities.

Hours Minutes
For example: If you did 1 hour and 30 minutes of
¥S::gy % 8 % g % % % moderate physical activity on Monday, you will need
to fill in the 1 hour circle and the 30 minute circle, as
Wednesda @ @ @ @ @G| @ ® [ | o below:
Thusdey ) @ (8 @ & Gl & - Hours Minutes
Friday © 0 @ & @l @&
Saurday | @ @© @ ©® @|0O©@ ® Monday @ @ @ ® d © ©® @
Sunday ©@ 0 @ & |0 ®

16. Were the last 7 days a typical week in terms of the amount of physical activity that you
usually do?

O Yes

O No, | was more active in the last 7 days
O No, | was less active in the last 7 days

00000000000 OOOOOOOOOOOOO
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63
62 17.

61
60
59
58
57
56
55
54
53
52
51

50 18-

49
48
47
46
45
44

42 19-

4
40
39
38
37
36
35
34

33 20.

32
31
30
29
28
27
26
25

24 21-

23
22
21
20
19
18
17

@ 22.

15
14
13
12
11
10

©
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Your closest friends are the friends you like to spend the most time with. How many of
your closest friends are physically active?

None

1 friend

2 friends

3 friends

4 friends

5 or more friends

000000

Are you taking a physical education class at school this year?

O Yes, | am taking one this term
O Yes, | will be taking one or have taken one this school year, but not this term.
O No, | am not taking a physical education class at school this year

Do you participate in before-school, noon hour, or after-school physical activities
organized by your school? (e.g., inframurals, non-competitive clubs)

O Yes
O No
O None offered at my school

Do you participate in competitive school sports teams that compete against other
schools? (e.g., junior varsity or varsity sports)

O Yes
O No
O None offered at my school

Do you participate in league or team sports outside of school?

O Yes
O No

O There are none available where | live

On how many days in the last 7 days did you do exercises to strengthen or tone your
muscles? (e.g., push-ups, sit-ups, or weight-training)

0 days
1 day

2 days
3 days
4 days
5 days
6 days
7 days

00000000
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