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Abstract

Background

Polysubstance ugg on the risemongCanadianyouth Examining risk profiles and understanding
how the transition occurs in use patterns can inform the design and implementattyswlbstance
risk reduction intervention. The COMPASS study is longitudinal research examining tedatitul
behaviours amon@anadian secondary school students, capturing data from multiple sources.
Machine learning (ML) techniques can revealdtioparity and multivariate couplings associated
with populationlevel longitudinal data to inform public health policies.

Objectives

The overarching goal of this thesis igdentify phenotypes of risk profiles gbuth polysubstance
useand examine the dynami@nsitions ofuse patterns across time, utilizing both unsupenisged
methods and a latent variable modelling appro@bis thesis alsaims tounderstand how ML
techniques are best usedmodellingtransitions andliscoveing the fihiddero patterns from large

complex populatiofbased health survey datsingthe COMPASS datet as ahowcase
Methods

A linked sample (N= 8824) of three annual waves of the COMPASS data collstéetingfrom the

school yeaof 201617 was used. Multiple imputations for missing values were perforBubdtance

use indicatorsincluding cigarette smokingg-cigaretteuse, alcohol drinking, and marijuana
consumptionyerecategoriedinto finever use Boccasional use andficurrent use do examine
phenotypes of risk profilegjerarchical clusteringpartitioning around medoids (PAMandfuzzy

clustering algorithms are appliedThe Boruta algorithmvas used to identify a subset of features for
cluster analysisBoth the internal and external indices were employed to evaluate the clustering
validity. A multivariate latent Markov model (LMM) was implemented to exptbeedynamic

transitiors of use patterns over time. The least absolute shrinkage and selection operator (LASSO)
approach was applied to select the appropriate covariates for entering the LMM. Model selection was

based on the Bayesian information criteriBhQ) and the goodness-fit test.

Results



The top factors impactingouth polysubstance usgcluded the number of smoking friendthe

number ofskipped classetheweekly moneyto spend/save onesg#nd othersFour risk profiles of
polysubstance use were identified across the theaes: low, mediumlow, mediumhigh, and high

risk profiles. The heterogeneity in the prevalence and phenotype across these four risk\weasfiles
confirmed.The internal measure$ dustering performance measured by avesidfeuette width
ranged from 0.51 to 0.55 across theeewaves using different clustering algorithms. The clustering
algorithms achieved a relatively high degree of agreement on cluster membership. Corhearing t
fuzzy (FANNY) clustering with PAM clustering, tradjusted Randhdiceswere0.9698, 0.7676, and
0.6452 for thehree wavesFourdistinctuse patterns were identified: no use (S1), occasional single
use of alcohol (S2), dualse ofe-cigaretteand alctnol (S3), anccurrentmulti-use (S4). The initial
probabilities of each subgroupere0.5887, 0.2156, 0.1487, and 0.0470. The marginal distribution of
Sldecreass, while that of S3 and Sihcreasd over time, indicating a tendency towardsreagd
substance usasthe studens grew older Although, gnerally, moststudens remairedin the same
subgroup across timparticularlythe individuals in S4 with the highest transition probability
(0.8669. Over time, those who transitioned typically movediards a more severe use pattern group
e.g., 3A $4. Factorghatimpact the initial membershipf use patterns and the dynamic transitions
were multifaceted and complexross théour use patternacross the three waveagot only douse

patternschangewith time, but so doeghe evidence in use patterns.
Conclusion

As the first study of its kind to ascertain risk profiles and dynamics of use patterns in youth
polysubstance use, by employing ML approaches to the COMPASS datadbegissrovides
insights into the opportunities and possibilities ahead for ML in Public H&afitings fromthis
thesiscan be beneficial to practitioners in the field, such as school program managers or
policymakers, in their capacity to develop interventions tegmeor remedy polysubstance use

among youth.
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Chapter 1

Background

1.1 Polysubstance Use Among Youth

Adolescencds a crucial period of development and transition fidritddhoal to adulthood when

risky behaviars usually occurOne of the major risky behaviours many adolescents are vulnerable to
is substance ussuch aslcohol drinking cigarette smokingnarijuana consumption, and other drug
use.Following alcohol drinking and cigarette smoking, marijuana is the third most widely used
substancglobally. A prior study indicateshat Canadian secondary school students havadise
significart incidence otusing marijuangl). Data from the most recent 202819 Canadian Student
Tobacco, Alcohol and Drugs Survey (CSTADEmMonstrat¢hat44% of grades 7 to 1&udents

reported alcohol usand 18% reportetharijuana consumptiowithin the past year. Furthaore,
23%admitted to usingobaccaproducs within thelast 30 daysf the surveywhile 20% reported
usinge-cigaretts at least oncen their lifetime (2).

AiPol ysubstance used0 refers to using multiple ac
specified period3). Polysubstance use has numerous negative impacts on health outcomes among
youth The literature reveathat polysubstance usdend tohavesusceptibility to mental iliness such
as depression or a combinatiordefpression and anxiefi 6), heightenedisk of contracting
sexually transmitted diseas@y, and an increased tendency towards violent behavi818%s The

specifics of adverse effects of individual substarficksw.

Alcoholintakecan lead tserious shoftand longtermhealth issued-or instancetraffic accidents
due todrunk driving canend up causingevereinjuriesand deatho persons involvedAutomobile
accidents are thHeadingcause of mortality among teenagers, and data suggests¢indi0%of fatal
injuries were due talrunk driving(1). Smoking cigaretteduring adolescence caausenicotine
dependenceao). As one of themain risk factor®f early death in adulthogdigarette smokingeads
to varioushealth hazardsncludingcanceryespiratory or cardiac diseasd4). Lastly, heavyuse of
marijuanahas been linked tadvere health and psychological outcomes, particularly anyough
Due to regular marijuana consumption, hazandBide increased anxiety and panic attacks, cognitive

issues, andheightenedisk of mentaillnesses(11). Additionally, heavyuseof marijuanasalso
1



provento reducean individuads reactiontime, thus adverselimpactng theirdriving abilities (12).

The evidence suggeghat sibstance use among youth can result in injuries, traffic accidents, school
difficulties, andinterpersonal problems, which may have a significant-teng impact on their

health and welbeing and severe consequences to those around them.

Like many other countries, youth polysubstance use is an ongoing problem in Cishada
Unfortunately youth polysubstance use surveillance and prevention in North America typically focus
on single substance ugks). While monitoring trends is crucial for surveillance purposes,
ascertaining the underlying causegolysubstance use among youth may pilevinvaluable
contextual information in advancing prevention efforts. In combination, surveilling and understanding
the factors contributing to polysubstance use patterns among youth may help determine relevant
health threats, identify opportunities foteénvention, and evaluate the effectiveness of existing
policies and practices. The mitigating factors to counteract the growing trend of youth polysubstance

use can be multifaceted, from family and peer support to school p@liaiesettings.

1.2 Machine Learning (ML) Models for Analyzing Cross-Sectional Data

Essentially, MLis a learning process that uses mathematics, statistics, logic, and computer
programming16). There are three forms ML : supervised learning, unsupervised learning, and
reinforcanent learning. At a high levelor supervised learning, thdL algorithms learn from data
with labels.A supervisedearningmodel is trained on data in an iterative procedure using
reinforcement rules which adjusts tkie model accordingly16). Once tained, thisML model can
be applied to new data to inform decisimaking,includingdetection, discrimination, and
classification(16i 18). For unsupervised learning models, the purpose is to disessential
groupings or defining features in the dét&). Unsupervised ML models use unlabelled data to
identify hidden patterns or intrinsic structures in the datad®st unsupervisel@arning models
learn without label$19,20) Forreinforcement learninghe algorithmsnteract withgiven
environmens and take actions to receigenaltiesor rewardsAs a process of learning to control
data, reinforcement learning learns by what is referred fithasdest policy a series of actions that

maximize the total rewards after trial and erresrsh(16,20)

The purpose of unsupervisbtl. models is to discover important clusters or defining features in

the data. UnsupervisddL algorithms such as clustering analysis have been used to conduct public
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health surveillance and associate patient characteristics with clinical outCgyiEs21)
Unsupervised learning approaches have been applied to investigate addictiveurgldbsidbstance
and norsubstance use. Cluster analysis is a classuitfvariate technique®r classifying data
elements into different groups that are relatively similar (homogeneous) within themselves and
dissimilar (heterogeneous) between each d@2@&r Homogeneity and heterogeneétse measured

based on a defined set of variables or characteristics the objects fj28sess

Cluster analysis is commonly used for data exploration, anomaly/outlier detection, data
segmentation/partitioning, data migirand data visualization. Specific applications include similarity
searches in patient profiles, medical images in clinical settings, gene categorization in bioinformatics,
and many other&3). The primary purpose of cluster analysis is to identifyugsowithin data, i.e.,
determine the data structure by grouping the most similar observations. As an exploratory technique,
cluster analysis is descriptive and riaferential. Thus, the results frothe cluster analysis (a.k.a.
subjective segmentation)eanot generalizable. Compared to other multivariate methods discussed
previously, cluster analysis has no dependent variables but depends on the selected set of independent

variables for the similarity measure.

1.3 Methodologies for Analyzing Longitudinal Data

How and when change occurs in an estegginging worldare essential questions in social,

behaviaral, and health scienceas research irmodelling and predictingata in these fields gain
momentumcorsiderable progredsas already been maf#4). In general, changean beclassified

into two mutually exclusive groupsandomor stochasti@ndsystematic. Different analytic

techniques can be applied to modelling stochastic change (e.g., autoregressive models rg@esentin
random process) or systematic change (e.g., transition models that each individual follows a definite
track) (24).

Most publicationsn the health domaitend torely on longitudinaktudydesignto explore
transitions ohealth conditionsidentify risk profiles, orstudysocial phenomen@5,26) In contrast
with time-series data, longitudinal detgecollected over a relativeligw measurement times a
large number of subjec(g7). A typical research studyn substance use among adolesceatsk to

rely onhealth survey data from large samples (usually moreaktaousandsubject$ collected

relativelyfewtimes( t ypi cal ly conducted biannually or annu:



adolescendgeEvaluatingthe dynamics othange over time is a common goal when collecting
longitudinaldata.Diggle et al. (2002) identified the top four reasons for applying longitudinal
techniqueskFirst, to make progress from assesdiagsociation towards analyzingicausality;

second, to make prognoses by incorporating historical data usingdnyiag covariates; third, to
study historical informatiorg.g, transition analysis by applying Markov or autoregressive models;

and fourth, to inform glicy with subjectspecific analysis using randeaffects model$28).

In the lastfew decadedpngitudinaldataanalysis haadvanced consideralbdjnce the early
development of linear models based on analysis of variance (ANOVA). From linear noodels f
continuous response variables to #@@aussian models for discrete responses, Fitzmaurice and
Molenberghs (2009) categorize techniquesomgitudinaldataanalysisas follows: 1) marginal
models addressing metavel changdetween groupsuch agsepeaedmeasures ANOVA and
multivariate ANOVA (MANOVA); 2) randoreffects models analyzing intiadividual change by
modelling withirsubject variations related to processes such as growth curve model (GCM), and
inter-individual change by modelling betwestbject variations related to processes such as
structural equation modelling (SEM) framework; and 3) transition models analyzing the effect of
explanatory variables on the likelihood of change adjusted by the ou{28nklowever, each
techniqueaddressgonly certain aspects of the datfausallowing only afew research questions

corresponding to transition analysisbe answered with a single modelling technique.

In statistical modelling, linearity is one of the common assumptions to be met before analysis.
However realworld scenarios often violate the linear association between the response and
explanatory variablesspecially in highldimensional complex health dgB80). Several notinearity
and multivariate couplings make it almost impossible to model the phenomenon using conventional
statistical models. The efficiency of statistical modelling over linear and univariate data makes them a
misfit for the nonrlinear and highly complex latent structure problem domain. Thus, there is a rising
interest in using ML methods in health research. Public health informationcbasiderat# volume
ML creates the opportunity to systematically analyze vast amounts of popwata taassist in
datadriven decisiormakingby examiningwhat causes health change in a population, when it occurs,

how it changes, and predict the impact of interventions or solutl@&)s



1.4 Motivation

The motivation of this thesis two-fold. First, we need to understahdwa transition of behavigal
patterns occurs at the population level using the longitudinal design of survey questioSeaivas,
ML techniques, particularly various clustering methods, can be utilized in populatiorchesea
Monitoring and understanding risk profilesyafuth polysubstance useay help determine their
overall health threats, identify their most néedintervention, and evaluate the effectiveness of
existing policies and practices in their school envitent. Discovering the nature of the hierarchical
high-dimensional data structure will better understimgjitudinal data analysis in reaforld

practice.

1.5 Thesis Structure

This thesis is organized as follows. Chagtériefly introduces the background of this thesis. Chapter
2 provides a comprehensive review of the existing literature relatgulitb polysubstance used
methodologiegor modelling crossectionalnd lomitudinaldata inaddiction andhealth research

The rationale, the overarching goal, specific objectives, and research questions for this study are
presented ilChapter3. Chapte# describs the research methodologiggrodudng the dataseand

the varables of interest. ChaptBipresents the study results, including data preprocessing,
descriptive statistics, cluster analysis, risk profilegafth polysubstance usend the modelling
results ofuse patternanddynamic transitions. Chaptémiscusss thekey findings of this thesis
surrounding the research questiansl perceptions from ML methodological perspectifés
contributionsto practicein public healthandresearch communities in literatutee strengths and
limitations of thisthesis and future worksare also discussed in this chapter. Finally, Chapter
concludes this thesis by summarizing phimcipalfindings and highlighting the contributions to

bridgingthe ML and Public Healthesearch communities



Chapter 2
Li ter &Reur ew

This chapter provides an overviewyafuth polysubstance usmethodologiesor modellingcross
sectionaldatain addiction research, and the current methods in transition modelling in the health
domain. The review focuses on the descriptions of the metlsedi their applications, and
comparisons drawn by various studies in the published literdtoikechapteisummarizes the

existing evidence on both the ML and statistical methods used in pattern discovery and transition
analysis, including main applidgahs employed using health data through a literature search, and
identifiescurrent research gaps and potentials for future resdarttis chapterthe basic features of
the clustering techniques and transition modellirgdascribd. Additionally, acomprehensive
literature review regarding the methodology, the nature of the research questions tdxgreas,

and the quality of the answer provided in #ifal examples are summarized.
2.1 Youth Polysubstance Use

2.1.1 Prevalence of Risk Behaviours and Use Patterns

Youth substance usg one of the persistent public health issues in Canada and many other countries.
The Health Behaviour in Scheafjed Children (HBSGytudyis themast prominehongoing youth
surveillance researdcrosCanadahat collectdata fromschootagedchildrenbetweenll to 15
yearsold (grades 6 through 1@veryfour yearq31). The HBSC studgpimsto obtain insights into
youthhealth behaviours, webleing, and social determinant$ie HBSC surveyn youth substance
use examines daily cigarette smokiegigarettes usepinge drinking marijuana consumptioand
illegal drugs and medication ugkccording to hemost recent national report bye HBSCsurvey in
2018 among grades ® 10 studentyoys who smoke cigarettes daily in the last 30 days rioge
0.1% t02%, and 0.5% to 1.8% for girl3he proportion oboys whousee-cigarettsin the last 30
days ranges from 7% to 28%o to 24%or girls. Twenty-nine percenof grade 1Gemale studerst
(vs. 1%in grade 6)and 26% of grade 1fales (vs. 1%in grade 6)get drunkon two or more
occasionsn their lifetime 17% ofgrade 9 and 1fhale students reported marijuas@sumptiorin
thepast year, the proportion declthby 20% fromthe 2002 HBSC surveyrhe same proportion of
17%female students in 2018 usmarijuana irthe last 12 monthgleclined byl4%from 2002 A
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continued declingn marijuana use and low percentagédaily cigarette smokingnd illegal drug
usewasreported in the 2018 survey cydempared tdhe previous survey ia014.Although
encouragingthe 4year data collection cycleasa significantgapin examininghealthbehavious
among adolescenmainly afternonmedical cannabis was legalized in 2018

Thereis increasing evidence about youth polysubstance use in CdRecknt work from the
COMPASS study, a large prospective cohort study of a convenience sample of Canadian students
foundthatin the 201718 school yearl 8% of high school students reported dusé or multiuse of
substances, 16% reported singhke (one substance), afitho reported no substangsein the past
30 dayq14). Studies of these trenftsr the past five years imchte that approximately 60% of high
school students have not used substadgsoughthe number ofnonuse has remained stahlhe
multi-useof substancesohortis on the risepossibly due to the emerging trenceafigaretteuse
(13).

The majoriy of polysubstance use literature has identified three or four use patterns among youth
(32). Common use patterns include no or low use, alcohol use (i.e., alcohol only or predominantly
alcohol use), and multise(32). Most of these studies focus pirily ontobaccoalcohol, and
marijuana consumption due to their high prevalence of use among youth. For exastulg,ad
Canadian adolescents aged1®in Victoria, BC examinedthe past year substance use and
identified three use patterns: low/neeu(636), duatuse of marijuana and alcohol (23%), and multi
use of cigarettes, alcohol, marijuana, and other illicit drugs (13%))E-cigarettes have not been
considered in many of these studies due to their novelty. However, their popularity has surged among
youth in recent years and may be contributing to a rise in youth polysubstaiita,tde34) Recent
research identifies classes of tisat involve dual and mukisee-cigarettes with other substances,

indicating the importance of considering these devices when examining multiple substaidg use

2.1.2 Adverse Effects and Perceived Impact

As opposed tasinglesubstanceusingmultiple sibstances is associated with further risky

behavious andadverg health outcomg85,36) Firstof all, adolescenpolysubstance usetsnd to

continueusing numerousubstanceas they transition from adolescence to adulthdbeéyare more

likely to increase thaumberof substancesurrentlyuse instead of reducinthem overtime (37).

This cohortis athigherrisk of substance use disord&UD), with fewer chances of ceasing multi

substance$37,38) Seconty, polysubstance users among yotgthd toperformpoorly academially
7



(6), with lower marks andlesslikely to complet their secondary educatid39). In addition
polysubstance usetend to engage iather riskybehavious, including risky sexuabehaviour(6)
and participation in violencg,9). The culminatingevidence has shown thiis cohortends to have

poorer overall health outcomescludingbeing more susceptible toental illnesesthantheir peers

(6).
2.1.3 Current Evidence on Risk Factors

2.1.3.1 Individual-Level Risk Factors

Age, sex, and ethnicity are the primary individlelel risk factors impacting adolescent
polysubstance users in the literatuféth age the older the students, theggher thér risk of using
multiple substance4.3,14) Additionally, early use of the substance is a risk fadtmrbecoming
polysubstanceisesin the future(40). While evidenceeoncerningageas a risk factois apparentsex
and ethnicity oryouth polysubstance usee inconsistenfAlthoughmost studies show that male
students tend to be in a higher use subgrouptii@nfemale peer§l13,14,40,41)there are some
studiesamongAustralian(42) andBrazilianadolescent$42,43)thatfound no differenceA few
studiesamong USyouthreveal that female studerase athigherrisk of using multiple substances

includingnon-medicaland medical usfor prescription drug$44,45)

Regardingherelationshipbetweerethnidty and polysubstance udadigenous students in Canada
(13,14)and the U]46) are more likely to engage in multiple substantesontraststudies of
Asian, Hispanicandotherethnicalstudentsonsistentlyare showrio beat lower risk of using more
than three substancést,41) Other studies have also found that blsitidents are less likely to use

multiple substances thaheir white peerg47,48)

Substance use was found associated with depression and anxiety among youth. However, most of
this research hamly focused orthe effects okinglesubstance&seon mentaillness(49,50) Other
individuallevel factorghat mayinfluencethe risk of yaith substance usevealsobeen explored,
including eating habitsedentaryif estyle social connectedness, and family and peer influence.
Lesjak andeskanwoj eyi2l015) r ev eraslaeskfadtohasdociated dent ar vy
with duatuseof alcohol and tobacco among youthiile leisuretime physical activitf{PA) is a
determinant for daily cigarette smokifgl). Substance use i s associated wi

andbehavious towards health, including eating halgi). Conceningthe correlatiorbetween
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youth polysubstance usehaviourand attitudes towards nutrition, Isralowitz & Tros{{&896) found
that substance users were more likely to be at higher risk of unhealthy eating habits. These habits
includeskippingbreakfast or not eating three meals déig).

Other individuallevel risk factordor multiple substance use among yoimtiude low social
connectedneg$3). In contrast, youth disapproval of substance use is related to a lower possibility of
belonging to a higher use clg&gl). School connectedness or engagement are also identitieihgs
associated with substanagse among youths. Adolescents' sense of connectedness has been found to
have mixed results on mulise. Some studies hasikeownno effect of school connectedness or
engagemen(t4,55) whereas others have found lower school connectedness associated wit

increased muhise(14,42)

2.1.3.2 Population-Level Risk Factors

Populationlevel (or environmentaljactors such as living in a namban settingireassociated with
multi-use involving predominantly tobacco ugdd). Family, peer, and school factorsaisfluence

youth polysubstance usRarental drinking and peer effect have both liéentifiedto correlatewith
multi-usepositively (32,56) Not all studies have assessed socioeconomic status ¢ES),
environmental factothat contribute$o youthpolysubstance usand among those that have

considered SES, their results are inconsistent. Some studies have identified (d2#d¢h7)

while others havdetermired that students in higher use classes are more likely to have higher family
affluence or access to spending mo(ie4,43) One studyin contrasthas found lower SES to be

associated with increased mule(58).
2.1.4 Research on Canadian Youth Substance Use on COMPASS Data

2.1.4.1 The COMPASS System
The COMPASSsystemis alongitudinaldata systenmitiated in 20122013 examining healtrelated

behaviours among Canadian secondary school students. Specifically, COMPASS is a prospective
cohort study based on school settings, collecting hierarchical (stedehtind schoelevel) health

data via annymous COMPAS®uestionnaireghereinafteifiCqo). The COMPASS system facilitates
collecting, translating, and exchangidatafrom secondary school students and their participating

schools that areonvenience samp@cross several provinces in Canadéhesahool yea(59,60) In
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https://uwaterloo.ca/compass-system/about

the COMPASS study, student participants are asked about various health behaviours, including
healthy eatingPA, smoking, alcohol and drug usehool connectivityand mental healt{s9).
Participating schosluse a differeruestionnaire surrounding the school policies and practices (SPP)
concerning their students' health behaviours. Furthermore, school SES, urbanity, and built
environment (BE) are collected as supplementary commienigf information. A copy o€q (2017

18) is available in Appendix A.

The primary objective of the COMPASS study is to improve youth prevention research and
practice(60). Adapted from the Canadian Cancer Society's School Health Action Planning and
Evaluation System (SHAPES) framework, the CRAES study was developed to address
knowledge gaps in schebhsed prevention research and provide a knowledge exchange system for
comprehensive research and evaluati®). Contextually relevant information is crucial for
developing meaningful intervénns that target modifiable risk factors for chronic diseases and health
behavious. Contextspecific adaptation activities are supported by COMPASS research and generate
additional practicédbased evidence that can be reapplied to similar sef@igsVNith the COMPASS
data, youth health interventions are better informed and can be optimized by adopting programs or
policies based on recognized capacities and needs.

Data collection is an integral aspect of the COMPASS system and is the foundatiosegjusutd
processes (e.g., knowledge translation, intervention activities, system improvestrattjprotocols
have been developed to ensure data collection is consistent across participating schools to preserve
data integrity COMPASS researchers make o$enultiple data collection tools that have been
specifically designed to capture actionable, corspecificdata(62). Studentievel data, which
forms the bulk of the COMPASS dataset, is gathered using thelpageiCq (63). The 12page
guestionnaire is completed anonymously and consists mainly of mudtiplee questions about
physical characteristics, health behav&and academic performan(®9). The data generated
through completion of thedtare essentially categoal; however, some continuous values are

reported for select variables such as weight, heightir@endmountf PA in hours and minutes

Participatingschoolsare first evaluated based on their existing health policies and pragrams
Subsequently, tlyeundergo a facility evaluation (conducted by COMPASS researchers) that
examines health influencing characteristics of their internal and external envirdd®efor

schoos that participate in COMPASS research across multiple years,cGnducted annlig. The
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guestionnaire has been adapted several imeaghouthe study in response to participant

feedback |t better reflecd emerging COMPASS research priorities (e.g., cannabis use among youth
in the wake of legalizatior(62). The characteristiasf the schools participating in COMPASS

research are evaluated using three data collection tools. Details regarding existing SPP are typically
reported by having a knowledgeable school administrator complete the SPP Quest{bahaite

SPP is compted annually (at the same time as tlgea@d provides researchers with an overview of

each schools' policy environmghn).

Alternatively, the COMPASS School Environment Application{&A) is used to measure
aspects of a school's interigf relatedto youth health and youth healtkhavioun59). Co-SEA is a
software application used by COMPASS researcherglaie@ observation tool when auditing
participating schools for the presence of healthy or unhealthy physical featgresefding
machines, exercise facilitieanddrinking fountainsY59). The contextual data captured by-EBA
may exist as photogphs, fregext, or categorical ratingBata is obtained annually from the
CanMap Route Logistics (CMRL) database with spatial information and the Enhanced Points of
Interest (EPOI) dateesource to assess the external school environment for healtmanfigéactors
(59). COMPASS researchers can remotely evaluate the physical envirosumeninding
participating schools in terms of impact on student health. This was achievethbiing landuse
and street network data from CMRL with opportunity stove location data from EPCe.Q.,
presence of fast food outlets, tobacco retailers, parks, recreation faciliti¢s®tc.)

2.1.4.2 Substance Use Among Canadian Youth

Recent focus has been given to substance use dd@oragliarsecondary school studentscblas

exploring the tweway relationship betweescigaretteand tobacco smokin@3), examining the

impact of a potential mediatéecilitating the transition from one substance use to and6#y

identifying alcohol drinking pattern®5), psychdogical and behavioural correlates of cannabis use

(66), trends of polysubstance uds3), and many others. Over half of the 120 plus journal

publications under the COMPASS study conducted research surrounding the topic of substance use,
and the majoty focused on one or dual substances and their correlation with other health behaviours,

academic outcomes, and mental health.
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2.2 Methodologies for Analyzing Cross-Sectional Evidence in Addiction

Research

Table 1 highlights the advantages and disadvantages of the various modelling techniques that have
been discussed in this section.

Table 1. Advantages anddisadvantagesof various clustering analysis techniques

Method Type Advantages Disadvantages
Latent Class | Statistical 1 Modetbased approach: 1 Local vs. global maximum
Analysis probabilistic models (finite |  Estimated probability zero/on
(LCA) mixture models) to describe yield extensive
the distribution of the data negative/positive logit
parameters
K-Means Unsupervised | 1 Simple, easy to understand | T Sensitive to outliers
Clustering i Objectsareautomatically 1 A priori knowledge of cluster
assigned to clusters # before analysis
1 Works effectively for small | T All objects forced to a group
datasets low time 9 Unsuitable for norconvex
complexity groups
1 It does not scale well for largg
datasets high time
complexity
Hierarchical | Unsupervised | A priori about the # of 1 Once a decision is made,
Clustering clusters not required cannot undo
1 Easy visualization with a 1 Sensitive to outliers
dendrogram 9 Difficult to model clusters
9 Provide hierarchical relationy  with varying sizes and conve
between clusters shapes
9 Able to capture concentric | { Difficult to identify the
clusters optimal number of groups
1 High time complexity

2.2.1 Statistical Methods

Depending on the research questions, statistical methods for analyzing youth polysubstance use vary
in the literature. A recent systematic review by Hallaglagl. (2020) examined theubstance use

patternsaamongyouth Of the 70 included articles, the joaty (50 out of 70) studieapplied latent
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class analysid(CA) for the categoricabutcome variableln contrastthree studies used latent profile
analysis (LPA for the continuous outcomgs7).

Measuring polysubstance use, which can be estimataddgg the total amount of substances
used in a certain period, presents some statistical challgt®yé4,42) When considering the use of
multiple substanceshe number of substances consumedaamndpotential use combinations must be
considered14). A contingencytable of all possible groupings may result in low cell counts that limit
statistical power. To additionally consider the frequency of use only intensifies this problem. LCA is
a solutbn that uses responses to two or more categorical variables to identify homogeneous
subgroups in mutually exclusive d468). LCA is the most common method to meadheeuse of
multiple substance$2,33,44,56)

2.2.2 ML Approaches

2.2.2.1 Supervised Learning

In a recent systematic review on existing applications of ML in addiction studies, Mak, Peek
(2019) revealed that most of the included articles applied supervised learning (13 out of 17). Among
these studies, six used regression, five used ensesabiirlg approaches comparingmultiple
algorithms, and two used classification. The results show that ML, mainly supervised learning
methodsijs increasingly used tassist indecisioamaking in addiction psychiati$9). Jinget al.
(2020) used the relom forest (RF) classifier to predict individuals at high risk of developihp.
The authors identifie80 predictorsincludingpoor health behaviours in late childhgod
psychological dysregulatigirregular social interactions in mid to latdolescengeamongothers
thatstrongly predict SUL¥70). The RF algorithm caaoptimally detect SUD individuals between 10
and 22 years old, comparedth other ML algorithmsThe RF algorithm outperforms other ML
classifiers by increasing the predictiaccuracy from 74%or 10i 12-yearold youthsto 86%for 22-
yearold young aduls (70).

2.2.2.2 Unsupervised Learning

The wnsupervised learning method can be further divideddhister analysis andimensionality
reduction Clusteringapproaches include daltesed, distanekased, similarisbased, kerndbased,
informationtheoreticbased, and graptheorybased clustering. There are various types of clustering;
some common ones are stochastic andstochastic, fuzzy and crisp clustey, hierarchical and
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non-hierarchical clustering, and exact and approximate algoritAotarding toHalladayet al.

(2020) 13 outof the 70 included articles in their systematic review applied cluster analysis methods
to examine the patterns gbuth substance usAmong these studies,-ikeans and hierarchical
clusteringwerethe dominat clustering methodg7).

2.2.2.2.1K-MeansClusterng

Partitionbased (or centroidased) clustering algorithms group data elements into clusters based on
their similarity. It considerghe center of objects in each group as the cluster representativeas,

one of the classical partitidmased clustémg algorithms, divides the total data points i@clusters.

This approach is computationally efficient but is sensitive to the nuafif@clusters and outliers. In

a crosssectional survey study, Gray al.(2015) examined subgroups of gamblerswa sites,
implementing kmeans clustering withap statistics and elbow methdthe first site is a casino with
217 employees, and the second one is an online gambling company with 178 of&tatdrse
clustering results yield four subgroups and twbgroups on the firgnd second sit€sl). For model

evaluation, the authors performed ANOVA with post hoc tests.

2.2.2.2.2Hierarchical Clustering

Hierarchical (or connectivitpased) clustering methods measure multivariate on each subject.
Clusters are constcted by merging from bottomp (agglomerativior splitting ¢ivisive) previously
built clusters from toflown, represented withdendrograma treelike diagram Hierarchical

clustering algorithms are suitable for datasets with arbitrary shapésstdrs Unlike partitional
clustering, hierarchical clustering takes sevpaatitions instead of grouping the data objects into a
specific number of clusters at@step. Hierarchical clustering produces a set of nested clusters
presented as a hieraical tree. A dendrogram records thederof splitting or merging.
Agglomerativeand divisive clustering are the two major types of hierarchical clustering. The former
approach starts with thdata objects as individual clusters and merges the closesf phisters from

the bottom up until only one cluster, Bclusters areleft. The latter takes the opposite tdpwn

approach by separating the data objects successively into more delicate clusters.

The standard agglomerative methods inclsidglelinkage completdinkage groupaverage
linkage weighted average, median, centroid linkage, and Ward's mgapdror example, single

linkage (a.k.a. nearest neighiopdefines the minimum distance between clusters, whereas complete
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linkage (a.k.a. fuhest neighbar) represents the maximum distance between clustege$nkage
andcompletelinkagedo not consider the cluster structu@oup average linkage (a.k.a. unweighted
pair-group method using the average approach, UPGMA) is an intermeatitechbetween single
and complete linkageonsideringhe cluster structuré.ike the average linkage, the weighted
average linkage weighhke distance between clusters based on the inverse of the nurda& of
elementsn each clustert is considered a practical approach for a dataset with unbalanced cluster

sizes Details of these methods are summarized in Appedix

Hierarchical clustering has been widely used in he&lidted data. For example, Asheikal.
(2019)appliedthe agglomerative clustering techniqte analyze Twitter data artisease
surveillance. In this comparative study, the agglomerative clustering algorithm outperforms the other
two clustering methods, namelynkeans andpectral clustering72). Elliott et al. (2019) applied
clustertype analysesusingdendrogram to visualize the relationships between substgmes The
results show significant distinctions in the use patterns of substances and polysubstance between
Statedn the U.S. Common combinations &uas cannabis/MDMA and heroin/cocaine can be
clusteredwell. In contrastgcathinone and synthetic cannabinoiftsnot cluster well with other
substancednterventions to address clinical challenges of rust of substances are essential for
individualswho engage in concurrent use of other substances with binge dr{iRing

A crosssectional familybased genetic study recruited 5390 subjects in the i tify inherited
patterns of opioid use. Compuassisted interviews and Sefiructured Assesment for Drug
Dependence and Alcoholism were applied to diagshde defined bythe Diagnostic and Statistical
Manual of Mental DisorderdSM-IV) (74). The authors employedultiple correspondence analysis
(MCA) for feature selectiofi74). Implementing hierarchical andmedoidsclustering algorithms,

Sunet al.(2012) identified five homogenous inherited patterns of opioid use, varying by use levels,

onset time, and comorbidity.

In summarythe existingevidence on methodologies for modelling cresstional data in
addiction research, LCA, ¥heans, and hierarchical clustering are commonly used techniques. LCA
is a modebased approach for clustering, using probabilistic negfieite mixture moded) to
describe the aa distribution(22). As astatistical modelling techniqueCA is based on the

assumption of conditional independenitet is, the categorical variables in each subgroup are
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independent of each oth@2). Whereas Kmeans and hieraratal clustering arensupervised ML
method, applyingdistancebasedclustering algorithms tgroup objects into heterogeneous clusters.

2.2.3 Comparison Between ML and Statistical Modelling

There is often confusion between ML and statistical terminology atttbaie ML is a practice that

uses algorithms to analyze data, learn from datapesdictwi t h new data. fALearning
the primary focus of ML. As its name implies, with ML, the machine is trained using a large volume

of data and algorithms tegorm a task without explicit instructions. As a newer field of study than

statistics, ML can result in more detailed information than statistical modelling. ML isfeeklibf

Computer Science (CS) and Al and contributes to building systems thaacarfirbm data without

explicit programming. ML emphasizes predictions and tends to evaluate prediction performance. Due

to better accuracy from the predictive models, ML relies on fewer assumptions than statistical

modelling.

On the contraryas a suHfield of Mathematics, statistical modelling uses mathematical equations
identify associations betwe@nedictos and outcomest handles small amounts of data with fewer
predictors Statistical modelling requires practitioners to understandefaéonship and realization of
variables on the equation to best estimate the output of the function or make inferences about specific
errors In comparison, ML requires minimal human effort, as the workload involved in computing is
placed squarely onémachine. Furthermore, ML has strong predictive power, as the machine itself
is fit and trained to find patterns within the datthough ML models have the advantages of
automatinghigh throughputomputationatasks meaningful interpretatioaf the malelling resultds

of utmostimportance in adopting ML techniques.

The scenario ofithe data is a sample from a larger populatisroften not applicable to ML
approaches, nor is it required to consider through statistical assumptions. Thechd®nern over
performance and robustnesslike traditional statistical analysis, which focuses on population
inference. One of the main distinctions that misitehelpful is that it also works well with large
datasets, such as populatienel health dataln contraststatistical modelling has difficulty
performing the tasks. Overfitting is a common issue for ML with tremendous solutions to it.
Generalizability from a classical statistical test is given by the connection of the data to a pepulation
level model That theoretical construct provides generalizability. However, it is challenging to
achieve generalizability in ML, which is usually obtained through the algorithm's performance on
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novel datasetdviL works well for a particular dataset and does not gdizerwhen applied to other
datasets in conjunction with overfittinghe general approach of ML is from a ddtaven, purely
practical sense, which makes ML a very dati@nted discipline. That is why ML appeals to data
scientists because they like &y on the data as much as possible and a little bit less so on

conceptual and statistical models.

The rise of ML in decisiommaking has moved in tandem with big data, computational resources,
and advanced information and computer technologyB{g)datacan be viewed as the data source for
ML. On the other hand, big data creates more dimensions (with more relationships between predictors
and the outcome variable) and more complexity (landscape overlay of those relatioAshaps).
learning process, ML gies mathematics, statistics, logic, and computer programming. Supervised
learning employs reinforcement rules to train an ML model iteratively. These rules will adjust the ML
model accordingly. After training, the model can be applied to new data tol@ecisioamaking,
such as classification, discrimination, and detecfldm previousSection 2.2.2.Jrovidesan
example of using the RF classifier to predict individuals at high risk of developingRyD.
unsupervised learning models, the purpose discover important clusters or defining features in the
data.For examplek-means and hierarchical clustering are the two commonly used unsupervised
learning methods iidentifying the patterns of youth substance use.

2.2.4 Gaps Identified

Based on the literature review conductad,of the 70studies included in the systematic review by
Mak, Lee & Park (2019)only 13 studies applied Mlechniqus (69). The evidence shows thigil
approachelavenot beenwidely used in addiction resedncparticularlyfor unsupervised learning
methods compared to supervised learning approaghesrding to Wanget al. (2015), wrrent
obstacles that prevent unsupervised algorithms from getting acclustiring resultf'om large
datasets includé&’5):

1 Leverage of existing knowledge: it is hard to use human knowledge during the

identification step without deploying ruleased algorithms
1 Deriving distinct phenotypes: some algorithms may result in overlapping phenotypes

1 Missing and noisy data: robusgatithm required to deal with the missing data
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1 Scalability: when developing algorithms, it is necessary to pay more attention to scalability

as health data has an exponential growth rate

Unsupervised ML methods, particularly a variety of clustering algorithms, were applied in this

thesis to ascertain meaningful phenotyping resultskprofiles ofyouth polysubstance usthe

clusteringalgorithmsthatwere implementeth this thesisare elaborated in Chapter 4 Methpds

Section4.4.4

2.3 Methodologies for Analyzing Longitudinal Evidence in Health Research

Table 2 summarizes the advantages and disadvantages of the various modelling techniques that have

been discussed in gthsection.

Table 2. Advantages and disadvantages of various latent variable modelling techniques

Method Type Advantages Disadvantages
Latent Statistical/ | A Formulated based otrsng A Many unsructured
Markov ML statisticalfoundation parameters
Model A Efficient learning algorithms carf A Limitation on firstorder
(LMM) be learned directly from the Markov property: unable to
original sequence data capture higheorder
A Can handle variablength correlation
inputs A Cannot express dependenci
A Widely applied in many fields, between latent states
such as data mining and A A reasonably constrained
classification, pattern discovery LMM can only represent a
structural analysis, etc. small part of the distribution
in the possible spience
space
Latent Statistical | A Some development can be A Not suitable for small
Transition represented as movement samples
Analysis through discrete categories or | A No consensus on the best
(LTA) stages approach for model selectiol
A Heterogeneity may be A There may be errors
unobserved associated with the
measurement of the discretg
categories
Latent Statistical | A Individual intercepts and slopes| A Cannot easily accommate
Growth can be different multilevel nesting
Curve Models A Allow predictors error A Data preprocessing: needs
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(LGC) A Handle predictor errors, time-structured data

correlated errors and A No. of estimated parameterg
heterogeneity can increase rapidly

Latent variables can have A Fewer functions to test the
multiple indicators interaction or adjust the effe

A The pattern of changes can be
checked from multiple
dimensions

A Estimate direct and indirect
effects

2.3.1 Overview of Longitudinal Data Analysis

Depending orhe data structuref theresponse variablendresearch intereskongitudinal data can
be divided intdwo main types, i.etime-to-event datand repeated measures (RM) da®). The

best modelling todlor analyzing timeo-event data isurvival analysiswith aparticularresearch

interestfocusng on whetherandwhen an event occurBor example, Koenig, Haber, & Jacob (2020)

examinel thetransitions in alcohol intake across tiragsessing theéeteminants of the three
transitions onset remission, and relapsasingsurvival analyse§77). Survivalanalysisis a special
techniquefor modelling timeto-even datawhich isout of the scope of this thesis.

Tlmeto event i i
Longitudinal
Data
Intensive
RM data longitudinal dat3
Panel data

RM data can be furthetassified into timeseries, intensive longitudinal, and panel datsed on

Figure 1. Types of longitudinal data

thenumber of subjects and the time occas@vailable As aparticulartype of pooled data,gmel

dataderives fromindividual surveys A panel is aohort ofthe same crossectional unibeing

surveyedepeatedly across tin{@&8). Panel datas longitudinal,allowing forthe study of dynamic

processe$79). In addiction research, observed data are often collected thaoettively small

number oftime occasios (e.g, annual survey from arelativelylargenumberof subjects asthe
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COMPASS data used this thesisBy i r e,| tdstcompardd yime-series data, typically
collectedfrom a single sample unit withhlong sequence of measuremgit®). Figure 1shows the
common types of longitudinal dafa6).

In addition to the COMPASS datet the HBSC study also collectstddrom schoclged children
in grades 6 to 10 every four years through a standard student questi¢@bairedividual and
societal resources, health behaviours and outcoméiseacere data elementstime HBSC study
(31). Another source of longitudinal data related to addictesearch is thilational Survey on Drug
Use and Health (NSDUH), lousehold survey csubstance use, SUD, mental health, and the receipt
of treatment services for these disorders in theTh8.dcatasample includes all 50 states and DC,
with approsimately 67500 participants are interviewed annualllye study populationf NSDUH is
the general public aged 12 and older, witttedollectedall year longfrom Januarto December
(80).

Panel dataandysis can be further divided intthhe marginal model and random effect growth
model.The formerfocuseson modellingthe mean changhile the lattefocusson theindividual
or within-subjectvariations(76). Marginal modelsllow for making inferences to the entire
population based on the drawn sampie furtherdifferentiaterandom effect modelgssumptions
aboutwithin-subject variatiortan bedivided into continuursor categoriesThe multilevel, latent
curve and mixegffects moelsarethe appropriate modelling toofer continuum differentiations
Semiparametric groupbased approadnd latent class growth analysis can be appliepitditative
differencesetween subgroud36). Table 3 summarizesodelling techniques that are widely
utilized in panel datanalysis adopted fronBauer & Currar(76).

Table 3. Panel data analysis by research focus
Research Focus Modelling Technique
Mean differences RM-ANOVA
acrossOtwo waves

Analysis of CovariancBANCOVA)

Generalized Estimating Equations (GEE)
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Within -subject Quantitativevariations multilevel model, latent curve model, mixed
variation acrossO effects model

three waves Qualitativevariations general growth mixture model

Qualitative+ Quantitativevariations semiparametric groughbased

approach, latent class growth analysis

Change in one process Trajectories: multivariate growth model

TEELEE 1D Emainzr Pairs of time points: latent change score model

Bidirectional effects Auto-regressive (AR) crodag

over time
Change + bidirectional Latent curve model with structured residuals

Progression through Latent transition analysis (LTA)
stages/sequence

2.3.2 Statistical Methods

LTA, a longitudinal extension to LCA, analyzes longitudinal data to determine a transition between
latent classeacrosgime. Supposa changeoccurs, how that transition is characteriz@g). In LTA,
latent classes amlledlatent states to convelya potentially temporary nature of the groupig).
In addiction research, LTA is a commonly used analytic technique that helps researchers identify
hidden subgroups of individuals within a population. In LCA, the classes (latent states) are static, bu
in LTA, the classes are dynamic, such that individuals can transition from one class to acrotser
time. In LTA, researchers are interested in understarftingsubjects transition over time between
subgroups that are identified using LCA. Different individuals may take different pathways over time,
which is what researchers are primarily interested in examining.

For example, given that social networks are c@xpind multidimensional, Bray and colleagues
used LTA to understand wismokers become more socially isolated when they try tolguitis
work, LTA was first used to describe subgroups of individuals-goistwith differentsocial
networks and theexaminethe dynamic transition of social network tymasrtime (81). The study
used data from the Wisconsin Smokers' Health Study, atesngsmoking cessation trial in

Wisconsin(81). This analysis looked at 691 smokers who completed assessmergsliaeband then
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at one, two, and three years pqsitt (81). TheresearchHocused ortransitions oformer smokers'

social network statuses across that thye@ postquit date. In addition to understanding how people
transition, the authors also examihhow these different transitions were associated with abstinence
over time. Modelling multiple features of social networks simultaneously allows researchers to
explore how various sources of smoking exposure work together holis(@R)ly he authoralso

linked transitions oftlass membership to other outcomes. This study underscores the need for
interventions that addresguations in which subjeghadpartnes whosmole and suggest new

interventions to target broader social networks as peoplmpttto quit smoking81).

2.3.3 A Brief Introduction to Transition Models

Transition models arstatistical methods used to analjaegitudinal datdo studychange across
time with natural, historical data. Transition models focus on modelling the respiagew for
subject’Gat time occasion, conditional on the subject's history, denotetas

'O  »hQ pkBM p (1)
Such methods are often modelled @as@der Markov chain, where the conditional distributionof
depends only on the most previdugesponses for subje@w o M o . A Markov
process is a chain of memoryless evesdgsuminghat the next eventill dependonly on what is
happening now and not what happened previously.

TheLMM is a generative modébr analyzing panel da{@?2). As one practical class of
probabilistic template modglthe LMMcontainstwo probabilistic componentthe transition model
and theobservation modelThe formerreveals the change from one hidden state to another across
time, and the latteindicates how likely different observations can be seen in a given state.
Interestingly, the LMMs often have an internal structure that manifess$s notably in the transition
model but sometimes in the observation model. Although LMMs can be viewed as a subclass of
dynamic Bayesian networks, they havenique structure that makes them particularly useful for
manysuccessful applicatienThe architecture of LMMs is very similar to that of hidden Markov
models (HMM), assuming to foll o2v)BothMMMadndv chai n,
LMM approaches rely on a latent process with conditionally independent response vé2iables
HMMs are weltknown for timeseries and stochastic processes wédthousapplications such as
robot localization, speech recogniti@ttivity recognition, machinednslation, time series

prediction biological sequence analysis, and otl{8& 85). The HMMs and LMMs rely ora solid
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statisticafoundation However, the literature also refers to such probability template models as ML
models. Thereforehe LMM lies at the intersection between statistical modelling and ML modelling.
To emphasize the analysis of longitudinal ddtal MM is the term used throughout this thesis.

2.3.4 Latent Markov Models (LMM)

The LMM was initially developed in multiple directions with apgations in sociology, psychology,

and medicing86). The first development involvesingcovariates, which may be included either in

the latenbr measurement model multivariate LMM was developed by Bartolucci and Farcomeni
(2009), in which the coritibnal response probabilities of a given latent proces®parameterized

by multivariate logistic transformatiotlsing bothtime-invariant andime-varying covariates,

Vermuntet al.(1999) modelledheinitial probability and transitioprobability of the LMV process

with multinomial logit regression modelsSurther extending this method, Bartoluetial. (2007)

applied more than one response variable, estimating transition probabilities based on lagging response
variableg87). The LMM methodology allows various models to be estimated, and the best model can
be selected from a latent class model to a heterogeneous model with subgroups.

The two fundamental problems that an LMM can address are predicting the probability of a
sequence angredicting the most likely order of latent states based on observed data. Bartolucci,
Farcomeni& Pennoni (2012) stated two main applications of LMM, decoding and forecasting.
Decoding usethe observed data of a sample unit to predict the order afdististate27).

Decoding is further classified into local decoding and global decoding. The former refers to
identifying the most likely latent state for each time occasidnilg the latteridentifiesthe most
likely order of latent states. Anothgpication of LMM is to forecast a latent state for future time

occasios or a future responsgiven the observed historical d&2¥).

LMMs have been utilized irecenly publishedhealthrelated researclsome examples include
examining the tenden®f substance ug@8), evaluating the performance of different nursing homes
(89), assessing the dynamic association between expenditures and health conditions in the ageing
population(90), and modelling the determinants of health care utiliz4®d) To examine whether
age is associated with an increasing tendency of marijuana consumption, Bartolucci (2006) applied a
univariate LMM (with no covariates) to tli®lational Youth Surveydata with five annual waves of
marijuana consumption. The ansilywas based on three latent states (not inclined to use cannabis,
incidental use of cannabis, and inclined to use cannabiB)homogenousransition probabilities
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andaparametric measurement model with simpligtpvided global logits. The author tested
different hypotheses of the latent process on the transition matrix. A tridiagonal structure was
identified for the transition matrixt hasbeenproven that the LMM cahandle distribution
assumptions, such as excessive dispersion of polynomial distrilflettdsty, considering the

measurement errg¢s8s).

Mitchell et al. (2008)examined the drinking patterns of American Indian adolescents, the
predictive factors andeyelopmental outcomes that-oocurred(92). The authors applied an LMM to
6 birannual data collected from American Indian high school students to study dynamics in latent
statuses of youth alcohol drinking in the past six mo(@8% The three laterdtatuses identified to
describe alcohol drinking patterns across the three yeaesabstainers, inconsistent drinkers, and
consistent drinkerf02). The modelling results provide valuable insights into distinguishing youth
who should be consideredcionsistent drinkerf92). This study also indicates that extensive
interventions for youth may not be the most importaaasures tminimize adver health
outcomesGiven limited resources, future interventionsdtmohol intake antheuse of other digs
may be more strateg({82).

The dynamic LMM has also been used to model the determinants of health care utilization leading
to policy implications. Gil, Donni& Zucchelli (2019) applied a bivariate LMk modelhealthcare
usage trendglynamic unobserved heterogeneitgnsitionsbetween latent statesnd the
endogeneity of uncontrolled diabet@4). The authors estimated the impact of uncontrolled diabetes
on primary and secondary health care use on letigial administrative data, using biomarkers to
measure uncontrolled diabe(®4). An LMM was applied to the longitudinal health survey and
registration data on health care expendituresxamine the dynamic association between
expenditures and healsitatus in the ageing populati¢@D).

Rijmen, Vansteeland& De Boeck proposed a hierarchical structure of the LMM to examine the
emotional change process of patients with anorexia based on the ecological transient assessment
research{93). Four latehstatesvere selected for the analysis, includfipgsitive mood fneutral to
moderately positive mogd@low intensity for all emotions except tensjoandfinegative mood
(93). To illustrate that data from differedty levelsare dependent, Rijmegt al. (2008) fitted a
hierarchical LMM by incorporating latent variables at the day level. Assuming-afidtst Markov

chain that is timéhomogeneous, the author modelled the dynamics between the latent statuses at
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signal and day levels. It is estimat¢hat there will be more positive sentiment trends in the initial
probability and conditional probability of the chain over signal and @3y

Bartolucci, Lupparelli& Montanariproposed an LMM for assessing the performance of different
nursing homesegardingthelevel of care providetbr their patients in one region of 1tal89). This
study is about the evolution pgychoephysic condition®f a sample of elderly individushosted in
certain Italian nursing homes. Assumidptent Markov chain exists for the transition of patients'
health conditions, the LMM is used to analylae repeated administration of questionnaires. With a
manageable number of nursing homes (11higmstudy, the authors utilized the multilevel structure
of this longitudinal dataset. Instead of using random effects, fixed effects were applied to capture the
impact of each institution on their patients' health conditibhe advantage of thimethodis that it
explicitly considerghe transition of health conditions, which is thetric used to evaluate the
nursing homes' performance. Howebis applicationmay need a multilevel approach based on

random effects witimanyclusters.

The LMM approachhas also been appli¢a psychological and educational reseafe), labair
market and marketingelated field495), criminologicalresearci{87), and many others.

2.3.5 Multilevel Model (MLM) Framework

The MLM framework is a hierarchicatodelling approacthat allows for nested data structure and
providesclear and structured semantic descriptions of growth pathways. There are other terms in the
literature, such as hierarchical linear model, general linear mixed model, &@k&andom
codficient model(96,97) Although these models are not identical, their analytic approach is similar
Theycontain variables defined at different levels of the structured population with hierdmeby
these terms can be used interchangeably in practice

LMMs can be extended to multilevel data, where individual samples are collected into subgroups.
The fact that the samples are hierarchical is sufficBghificantintraclass correlation coefficiet
(ICC) between levelarenotrequired Based on fird effects, Bartolucat al. (2009) employed a
method to represent the common factors of all samples in the same subgroup. Based on random
parameters with discrete distribution, Bartoluetcal. (2011) proposed a method related to mixed
LMMs and LMM with random effects. These formulations for multilevel data are related to the
extended LMM, allowing parameters to be changed in different latent subgroups. This method is

known as the foundation of LT£98).
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This particular modelling technique has beenliadpn healthcare services, such as assessing the
nursing homes' performancEé®) andschool services. For example, Bartolucci and collea(i)
evaluated school performance, and Williford and Zinn identified bullying experiences with
classroordevel mixtures taking advantage of nested structures of peer children in the classroom and
school environmentfl01). These studies provide insights into individualized interventions
corresponding to different latent states and transitions. This multdppebach allows us fit and

further extend the LMMs by applying that same concept but at the level of repeated measures.

Koukounariet al. (2013) used a nonparametric multilevel LMM approach to study two trachoma
endemic communities in Gambia and Tanzgb@®) This approach allows farested data structure
and addresses the computational difficulties of the multilevel longitudinal miree.
Simultaneously, this studyssesses three diagnostic aadance tests without a gold standdrased
on data collected from a largeale drug management intervent{@02). The Multilevel LMM was
used to assess the impact of interventions fattion and disease prevalentevel 1 and level 2

werethe withinrhousehold model and the betwdwrusehold modelespectively

2.4 ML in Public Health

The two most common public health topics where ML is currently employed are chronic disehses a
assocated risk factors andfectious, parasitic, and communicable dise§2@s The most common

ML algorithms used in the literature were classification algorithms, including decision trees, random
forest, logistic regression, and support vector mash{2@®. It is likely driven by the number of use
cases where text mining and sentiment analysis were used to classify the concerns of individuals
towards public health problems. This analysis was most commonly completed using freeiaoen
tools like R ad Python. Common datasets that were used for this analysis included census data,
social media data (e.g., Twitter), and specialized databases such as vaccine or risk ¢a@bases

Most ML techniques have been applied for descriptivepmadictive purposes by mapping inputs
to outputs in a datdriven manner. Téobjective includes public health surveillance, disease
diagnosis, disease incidence, and individaaél and populatiotevel prediction(19). ML offers
health researchers néwols to tackle problems for which classical statistical methods may encounter
limitations. ML is weltequipped to analyze vast amounts of health, envirorahemt other geo

special data to explore associations, identify disease patterns, and prdtliabiteames in a
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population, when it occurs, how it changes, and predict the impact of interventions or s¢l&)ons

ML techniques may also generate hypotheses from large datasets and could be used to inform health
research{19). ML can help publidhealth researchers explore causality in some stualtbsugh these
methods do not necessarily change our conceptual understanding of the causal gargdigm

ML provides tremendous opportunities for improving public health. In a presentation afrML f
public health hosted by Public Health Ontario, Rosella, Fisher, and Song (2019) summarized the
rationale behind the rapidly growing interest in Al, including quickly evolving data environment,
increasing computational capacity, improvements in dataiimgeand processing, and greater
demand for datdriven decision$17). All these elements nurture our developing data science
ecosystem in the public health sector. Population health focuses on the health outcomes of a group of
people and the distribioh of their results. Public health information has a considerable volume and
can be viewed as the data source for ML, paving the wayéaision public healtf21). Thisterm
has recently beemsed inthe public health literatureeferring tofiproviding the right intervention to
the right population at the right tinf203). 0

In the early days of designing this thesis, we conducted some preliminary searches for the topic of
A ML FuldicHeal tho on a variety of bibliographic dat:
Web of Science, ACM, and ProQuest. From this preliminarmchedL applications in public health
are primarily focused on infectious disease epidemics, lifestyle diseases, and predicting demographic
information. Major themes have emerged in the field of public health through the application of ML
methods, includig disease screening/prediction/detection/outbreak/surveillanceomamunicable
diseases, communicable/infectious diseases, risk factors/behaviours, mental health, maternal and child

health, accidents/injuries/disability, and respiratory diseases argiatiésorderg104).

Some key enablers to facilitate the use of ML to understand and tackle public and population health
problems have beéddentified (105). These enablers includederstanding the governance context of
big data in public health, ndernizing data and analytic infrastructure, applying ML best practices,
nurturing educated staffing, and establishing strategic collaborative partnerships between ML
researchers and public health professionals. The significant hurdles of ML in publicihelalde
data acquisition (access and sharing), informed consent, security and privacy concerns, and making
decisions under uncertaint¥6,19) Overfitting is also a concern, which requires careful model

evaluation before deploymenthe potential etliis and biaselated issues related kL -based
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systems must also be considerféor example, biased data can lead to faulty algorithms, intensifying
public health issues at the community level. How do we ensure that the data we are training and
validatingthese automation tools do not contain inherent bias? Ethical issues such as who is
accountable in the event of an error. Security and privacy of patient health data will be an ongoing
concern(106). Achieving fairness, accountability and transpareff@yT) is the goal of explainable

ML in the public health sectonith an interdisciplinary researdbcus However, it is at an early

stage of adopting ML in public health, and the level of sophistication is deficient.

In summary, his chapteprovided diterature review on youtholysubstance use, approaches for
modelling crosssectional data in addiction researalyanced methods transition modellingand
ML in public health The reviewexplainedthe methodologies utiled, their applications, and
comparisons drawn by diversesearchn the published literatur@he research gap was identified
thatML approaches tthnot been widely applied in addiction research. The study rationale and

specific objectives follow in the next chapter.
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Chapter 3
Study Rlag iaamdd Obj ecti ves

This chaptepresentsherationale for thisstudyandsummarzes the aims, specific objectives, and

research questiorisr this thesis

3.1 Study Rationale

Although it is known that healthy habits during adolescence tend to persist into adulthood, the amount
of research focusing on social correlates of ytathlth behaviowr (e.g., peer relations, parental
support, school programs) has been inadedqaatd. The COMPASS longitudinal studyddresses

this gap by collecting multifaceted information pertainiogouth health behavioufsom multiple
sources t@xamine the relationship between school environmental characteristics and youth health
behaviarsin CanadaThe COMPASSIataset is divers@écluding Cq, BE assessments and policy
evaluationslt has been utilizeth many healtkrelated disciplines. The COMPASS research has
produced over a hundred academic publicatranging from environmental helaland kealth
promotionto preventative medicin€l08). Early COMPASS publicationgvealedhe substantial
variability across Canadian jurisdictioreggarding youth PA levels, substance use, mentatvedtg,

and tealthy school environments and pol&{9). The COMPASS data have besmntinuouslyused

to assess how school environments, policesl practicesffect multiple youth health behaviours

and outcomegb9).

Fromamethodological perspective, the existing literature using the COMPA&®riatriy
applied LCA or LPA to identify single substance use patterns. For examplet &e£021)
examined stageequentiahlcohol drinkingpatterns using multilevel latent class profile analysis
(109). Gohariet al.(2020) applied a multilevel LCA to discovaicohol consumption patterns
among youths from Canadian secondary sch@3s Hammamiet al. (2019) studied riskehavious
associated with BMI on chronic diseases usirgsexstratified multilevel LCA appyach(110). In
addition, using LCA, Laxeet al.(2017) examinedhodifiablebehaviars and their impact on obesity

and overweight among adolescefi11).

However,noneof the studieshat usedCOMPASS dat@xaminel thetransition of polysubstance

usepatterns among youth across tioreexploredisk profiling based orstudent characteristics and
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school environment perspectives. Furthermore, current studies using the COMPASS data
predominately select features for modelling based prnori knowledge from existing literature in
the appropriate research domain.dégcriminatingly selecting onlg few variables from the dataset
that the researchers deeatevant to their study, they may inadvertently overlook meaningful
relationships, hidden patterns, or underlying trendscinatd have beeoapturedvith the omitted
variables.This could result iimissed opportunities in identifyirggitical informationto revise
policies and interventionsoncerningyouth health behavioain school settingsAdditionally,
selectivelyoverlooking variablegprovidesanopportunity forimplicit biaseghatcan then b further

impariedinto thedata analysis.

ML algorithms have unique advantages for revedtimdderd patterns and unexpected
associations in large and complex datasigsovering relevanpatternsn such highdimensional
datathat arestructuraland/or temporalUnlessotherwisewell-established, these patterns
( A k n o wlare dftgrenobservableandhuman expertsamotdirectly accesshem.Yet, we may
needthese pattern® assisin better decision suppoitlost populationlevel healthdata arenon
standardized and are ofteseakly structuredwith a highdimensior>3 (112). Although human
experts are good &t 3-dimensional pattern recognitioany higher-dimensional datasets make
manual analysis difficuindimpossible(112) We are unsure about the hidden knowledge ML
approachekold a promiseto quickly identify hidden patterns aavastvolume ofhealth data.
However thus far,none of the pubdhed studies using the COMPASS dadge appliedL
methodsThis thesissmployedML techniqguedo the COMPASS dataset to enhance data exploration
capabilities and identify complex associations between varidblethe one handthe COMPASS
dataset igxplicitly concernedvith youth health behaviours arndrrespondingchool policies and
practices On the other handhe multifaceted characteristics of this lagale survey data, including
the complexity of influence/behawiomodels, modifiable riskactors, and disease progression and

interventionmake it the optimal candidate fist. approaches populationbased health research.

3.2 Objectives

ML in public healthis a new fieldandits applications arenderutilized This thesids designedd
realze thehuge potential oML applicatiors in the public health domaiengaging MLpractitioners
to move towards researahthis fieldandbridging these two communitieShe overarching goal of

this thesis is to further the understanding of the appropriate way of fitting transition models and
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exploring thefihiddero patterns generated from large complex populatiased health survey data.
The research objectivese achieved by implementing appropriakdL model to the COMPASS
data.

First, this thesisaims to apply an LMM technique on longitudinal data to explore the dynamic
transitiors of polysubstance use patterns from one state to another across time, showcasititythe abi
of this type of modelling technique to examine irtatividual differences in transition analysis.
Second, asupervised ML algorithms have the unique advantages of rev@hiduerd patterns and
unexpected associations in a large and congid¢setThe secondry aim of this thesis is to explore
and obtain a better understanding of the structure of the COMPASS data in the caigkxt of
profiling of polysubstance usamong youthwhichis primarily achievedhrough the application of

cluster analysis.
More specifically, he objectives of this thesis are to:

A Estimate the transition probabilities of dynamic membership of use patterns over time using
the COMPASS data.

A Experiment and apply a variety of clusiey algorithms to analyze the COMPASS data that
are explainable.

A Identify the most significant features or actionable insightpdysubstance use prevention

derived from an ML model.

3.3 Research Questions

This thesignvestigate howthevarious ML modés can beappliedto thelongitudinaldatafor

analyzing polysubstance use ameauiplescentasing the COMPASS dataséiccording to the

literature on youth polysubstance use, it is anticipated to identify several latent states (subgroups) of
individuals dffering in their use patterrend transition over timéMore specifically this thesis is set

to addresshedeficiency inunderstandinghe dynamictransitions ofuse patterns using the

COMPASS data

3.3.1 Primary Research Questions

The primaryresearch questigrare
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1 RQ1: What are the risk profilesf polysubstance usemong Canadian secondary school
student®

1 RQ2: What are the aiterns ofpolysubstancaiseamong Canadian secondary school

students?
1 RQ3: How dotransition behaviourshangeover timein usepatterns?
3.3.2 Secondary Research Questions
The secondary research questions include:

1 RQ4: What factors are associated wiiatterns opolysubstance use amo@gnadian
adolescents?

1 RQ5: What factors are associated witynamic transitiogof use patterris

1 RQG6: What are the advantages and limitationthefML methodappropriatao modelling
risk profiles anddynamic transitioausing the COMPASS da2a

In summary, his chapteprovidedthe studyrationaleand summagedthe specific objectives and
research questiorisr this thesisTheresearchmethodologieshroughouthis thesis follow in the

next chapter.
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Chapter 4
Met hods

This thesis applied various research methodologies teaettie aims and objectives outlined in the
previous chapteiThis chapter describes all these methods, ranging from data preprocessing, missing
data analysis, feature selection, and various model fitting and validation apprddehdiferent

research ammunitiesj.e., ML andpublic health use different terminologids the same context

Table4 summarize the key termgconceptsisedthroughout this thesisnaking it easy to uretstand

by public healthprofessionals andesearchers

Table 4. Glossary of terms/concepts for public health practitioners

Term Relevant Public Health Concept/Term with Interpretation

Cluster Ak.aficlas®or fist a treters toa subgroumr acohortof subjects with similar
characteristics.

Feature A.k.afipredictorvariablédo rco %i a r i a t ceadindeperfdent variabi@r

explanatory variable statistical modelling

Overfitting A common issue in ML models with poor performance, referring to the mod
that fits the training data very well (i.egrylowt r ai ni ng err or
trued) but fits the test data poo
caused by too any complex predictors than necessary in the model and car]
addressed with multiple solutions (seection6.1.4.3).

Phenotype Originated from genetics, meaning a set of observed characteristics of an
organism. In the context of this thesis, it reprds the characteristics ybuth

polysubstance usmllectad through the COMPASS host study A Ph e n o
ri sk profileso refers to the procg¢

different characteristics related to polysubstance use.

Unsupervised | A type of ML algorithm Unlike supervised learninglgorithms thatise labdled

learning datafor prediction(discrimination, classificationunsupervised learning

algorithmsexplore the datanddraw inferencefrom unlabeled daté.e.,no pre
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defined outcome variabléo uncoveilinherent structure dridden patternsAs
one type of unsupervised learninyster analysifias been extensively
investigated andppliedto partition data into homogenous clust@seSection
2.2.2.2)

4.1 Study Design and Participants

This study is a retrospective cohort study, taking the secondary analysis approach of an ongoing
longitudinal study, i.e., the COMPASS study. The COMPASS data arédanidied health survey

at the population leveAs introduced irSection2.1.4.1, thaCOMPASS study collectstudent and
schootlevel information fom a convenience sample of secondalyook across several provinces in
Canada each school yd&8,60) Substantial efforts have also been made to streamline data
collection methods to miniize interruptions to class time and reduce the burden of work on
participating school6113). Eligible students at participating secondary institutions complete the

guestionnaire during class ti(li on a prearranged

SinceCOMPASS research involves youth underyg@rs old parental/guardian consent is required
for participation.The University of WaterlooOffice of Research Ethidsasapproved the cive-
information passiv&onsent protocojsvhichhelp achieve high particpion rates and reduce
sampling bias while preserving student confidentigliti3). The protocol provides parents with
pamphlets that detail important COMPASS research and contact informationing contact
information of therecruitment coordinatdf parentswould like towithdraw their children)from the
study. Eligible students whose parents do not contact the recruitment coordinator withintreetwo
time frame provided are considered participaviie are allowed tcomplete the C{L13).

Additionally, students are permitted to withdraw peipationduring the consent process or data
collection period59).

In this thesis, the thregear linked sample of the COMPASS data colleatetudes Wave | (the
school year 2012017, Y5), Wave Il (the school year 202318, Y6), and Wave Il (thechool year
20182019, Y7). The COMPASS study has received ethics clearance from the University of Waterloo
Office of Research Ethics (ORE 30118)
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4.2 Dataset and Data Preprocessing

4.2.1 Dataset

The longitudinal dataset being analyzed in this study is the-ylesgdinked sample of the

COMPASS data collected from Wave |, Wave I, and Wave Ill. Each linked dataset contains over
200 variables collected from 93CaAnadiarstudentfrom grades 7 to 12 (secondary | through V in
Quebec) at the initial measurement ocoagWave |) The participating students were fraié
secondary schoolscatedin Ontario, Quebec, British Columbiand Alberta. Of the 9307 linked
samples, the present analysesrestricted tadhe 8824 students with regulpatternson their grade
levds. AiRegularpatterng refer to the advancement stidentdrom one grade to anothateach

school yearThe COMPASS host study usgrade to be relevant to school planners who make plans
based on grade, notagdusith e st u d e nt isaprogyroftheragethreughedut this thesis
TheCqgdata contains demographic and personal information, such as gsggdethnicity, primay
language spoken, height and weigkdditionally, it includesstudentresponses tmultiple-choice
guestions regarding thiebehaviourandperspectivesn health and wellness topics. The
supplementary communiigvel data, i.e.schootlevel socioeconomic status, urbanity, &8tf are
linked to each participatingchool The survey is conducted annually, with thceasecutive wave

available for each subject within the same cohort.

As previously discussed, the COMPASS datalkected using annual student questionnaires Cq,
school program/policy questionnaires (SPP, completed by a school adminisarador)
internal/external school environmental assessmentSHE2) (59). Students complete the cover page
of the Cqto generata unique code that allows COMPASS researchers to link data collected from the
same student across multiple years of participdb8h The use of selfienerated identification
codes for anonymizing questionnaire data collected in longitudinal stuadidselen well documented
and strikes a fawgable balance between privacy and research methodagy Anonymization
using unique selfienerated codes is perhaps the principal strategy for ensuring COMPASS data

remains confidential throughout the render of its life cycle.

Although the SPP data provila wealth oinformation regarding policies and programs, they are
not commonly used as studdeatel data, possibly due to the qualitative nature of many-epdad

text responses. Since the resedodusof this thesiss notdirectly related to the content from SPP
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datg it wasexcluded in this thesis. Of note, the initiatee wave€OMPASS data contains 46862,
66434, and 74501 subjects at Y5, Y6, and Y7, respectively. To distinguish thehndaivavesiata

and the linked samples, Wave |, Wave I, and Wave |l are used throughout this thesis, representing
linked samples at Y5, Y6, and Y7, respectively

4.2.2 Data Preprocessing

Severaldata preprocessing steps were taken to prepare the datalfmesnincluding data cleaning,
linking, merging, and missing data analy$igyure? illustrates the flowchart of the steps taken from

full samples down to final linked sample

Full Samples

U
I 1 |_ Data Cleaning
' > > 11

Data Linking

Missing Data
Analysis
Final Linked

U
END
Figure 2. Flowchart of data preprocessing

4.2.2.1 Step 1: Data Cleaning

{:
{

Identification variables removal

Single component aggregation (e.g. ethnicity)

Single component removal, taking the aggregated level of data
(e.g. questions about hard/moderate physical activities, questions
related to mental health assessment, etc.)

Nested questions removal

Use the linked IDs file to link the 3-wave samples

Patterns = 1110 or 1111 or 11110 or 11111

Primary index: scanlD links each individual across the 3-wave

Merge student-level data with school-level SES, urbanity, BE

Assuming missing at random (MAR)

Numeric variables: predictive mean matching
Binary variables: logistic regression model
Unordered factor variables: polytomous logistic
regression

Ordered factor variables: proportional odds model

I
Data
Preprocessing

Redundant variablesuch as nested questions which tend to have redundant information, and

irrelevantvariables such as information inconsequential for analyses, were removed. For example,

t he s ubs equ etmtlastgunmesths,ihovoften did you use marijuana or cannabis? (a

joint, pot, weed, hash)o is, Alf you

you use it?0 Since

guestion, such questions were considered redundant and thus were removed from the analyses.

t he

have

used m

response to totheparentst ed que

Redundant and irrelevant variables were identified by individually reviewing each nested question.
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The process of cleaning irrelevant data inclugedaving original data while retaining the data

derived from them. For instance, body mass index (BMI) is derived from weight and height; thus, the
calculated BMI data is included while the original data, namely, weight and height, were discarded.
Likewise,hours and minutes &fA from Monday to Sunday were aggregated to tB#sl mental
healthrelated measures such as FLOURIEH (e ner 6 s F | )opGADT (Gehdratizgd Sc al e
Anxiety Disorder #item Scalg, CESD (Center for Epidemiologic Studies Depressiotftdid Scale
Revised), and DER®fficulties in Emotion Regulation Scalevere derived from relative scale
items.The original data they are derived fravere discardedata cleaning aisto keep intact

relevant and necessary détaanalysis while removingrelevant and redundant ones

4.2.2.2 Step 2: Data Linking

In addition to thecompletecrosssectional student datasets, a separate linked IDs file was available
for conneding the samples across wavebheTupdated linked IDs file covers the last five years. The
new linked sample is updated each year basddrtrerinformation about student$here is a

pattern variable within the linked IDddias a flag, indicating if a student participated in a year
(denoted by 1) or not (denoted by 0). The years go from-2616 201920. Although the link is
available in Byear cycles, most students only attend secondary school for four yearsyeara 4
worth of data tends to be used whpemforning any analysisThis thesionly included students who
participated across all three consecutive years from-2016 201819. Therefore, patterns 1110,
1111, 11110, and 111dere used to link the samples across these three viialde5 demonstrates
the identificatim of linking patterns across the three waves.d@&ta scanlD within each cross

sectional student dataset was a primary index linking each individual across the three waves.

Table 5. Identification of linking patterns across the three waves

201516 201617 201718 201819 201920
(Wave I) (Wave 1) (Wave IlI)

0 1 1 1 0

0 1 1 1 1

1 1 1 1 0

1 1 1 1 1

37



4.2.2.3 Step 3: Data Merging

The supplementary schelgvel datajncluding household income level and urbanity, were merged
into thestudentlevel datasetising the correspondirsghool IDasthe primary index. For the scheol
level BE, although 1500netersis closer to the -inile bufferoftenused in US studigd 16), the

radial distance fopoints of interestsuch as drug arjuor stores, were selected towighin1000
metersof the schookone This distance of 100@etershas commonly been used in tobacco retailer
density literaturdéor examining the relationship between school environmentyaunth smoking
behavioursinee it is relatively close to the schqdl17,118) Theradial distance of 100@eters
approximates the furthesbmmutingdistanceor studentgrom hometo schoo] approximately 120
minuteswalking distanceThe schoclevel BE variables that were uized in this thesis include total
points of interestsuch aghe number of locations thaell alcohol drugs, anddbacco products,
within a 1000metersradiusof aschool.

4.2.2.4 Step 4: Missing Data Analysis

Missing data were analyzed by identifying the missing patt&toiple imputations (Ml) for

missing values were performed by implementing the MICE (Multivariate Imputation via Chained
Equations) package, generating five imputed datasets, with 50 merédioeach imputed dataset. It is
assumed that the missing values are Missing at Random (MAR) using the MICE package. Missing
data were imputed by specifying an imputation model for each variable with missing values one by
one. For numeric variables, sua$ total points of interest within the sch8®l, sedentary time in
minutes, total scores related to mental health assessment like CESD, predictive mean matching
(PMM) wasselected athe method for MIA logistic regression model was specified for binary
variables, responses with only two levels/options, e.g., gamble online for money (Yé&s/No)
contrastfor unordered factor variablegth more than two level®.g.,ethnicity
(AwWhite/Black/Asian/Indigenous/Latin American/Otbgra polytomous logisticegression was
specified for imputing missing valudsastly, for ordered factor variablesith greater thamwo
levels,e.qg.,evaluatinghe level of school suppaatvailable forstudents tdanelp quit drugs and/or
alcohol(fiVery supportive/Supportive/Unsupportive/Very unsuppodjyea proportional odds model
was specifiedAfter performing M, statistical tests on each imputed dataset were conducted to pool
the results for summary estimates. The optimal imputed dataset waBeddntiobtaining the best

pooling statistical tests on most covariates.

38



Of note, the mental healtielated items (FLOURISH, GAD7, CESD, and DERS) and the online
gamble question were not asked in the Year 5 survey questionnaire. Those items were frolected
Year 6 onwards. Since these variables are completely missing and the missing value imputation was
not applicable for this type of missingness, these variables were imputed b@beEkb@bservation
Carried Backward (NOCB) NOCB is a reverse apprdato the welknownfiLast Observation
Carried Forward (LOCE)methodby taking the firstavailable valuafter the missingessand
moving it backward119). In addition tahese missing values, BMI has been top missingness across
thethree waveslata. Sice BMI data are usually missing not at random (MNAR), multiple
imputations may not be appropridte this specificvariable. In some papers, what researchers have
done instead is coded missing as its category. Instead of the initial four classifiettigories, i.e.,
under wei ght , healthy weight, overweight, and obe

stated fn this thesis, we follow the same strategy of imputing the BMI missing data.

4.3 Substance Use Indicators

Substance use indicatoiscluding cigarette smokingscigaretteuse, alcohol drinking, and
marijuana consumption, were assessed using the COMBASSIiven that there is so much
variability in the initial responses to the use frequency of the four substances (ranging from 1to 8 or 1
to 9 for each substance), it generates a relatively large contingency table with 8 x 8 x 9 x 9 = 5184
cells. Each celbf the contingency table corresponds to the combination of response patterns of
substance use. As this thesis focuses on risk profiles and use patterns rather than fretpgencies,
ordinal responses were collapsed into thrategory indicators to avoiddalsparseness of the
observed frequency tablEollowing the most common categorization for determining the patterns of
youth polysubstanceuse t he i ni ti al r es po nmslasd "2wepresentm@t egor i z
fi n e v e mMocaasonal use andficurrent use espectively. Further information on tig
guestions and their categorization follows.

Cq posed two questions for cigarette smoking aogj@ette uséo determine théncidence and
frequencyof these substanceBhe questionand the categrization of the initiaresponsesan be
seen in Figures-8. While for alcohol drinking and marijuana consumption, only a single measure
was used on Cdrigures 56 demonstrate thguestions anthe categorization of the initial responses

for these two wbstances.
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Figure 3. Measurement of cigarette smoking
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0 = Never Use
IINOII
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1 = Occasional Use

"None"

2 = Current Use

"1 day," "2 to 3 days," "4 to 5 days," "6 to 10 days,"
"11 to 20 days," "21 to 29 days," "30 days (every
day)."

Figure 4. Measurement of e-cigarette use

Alcohol Drinking

Q:"In the last 12 months, how often did you have a drink of alcohol that was mo
than just a sip?

1 = Occasional Use 2 = Current Use

wd have never drunk wd did not drink w"Once a month"
alcohok alcohol in the last 12 w"2 or 3 times a
w"l have only had a sip months month"
of alcohol" w"Less than once a ®"Once a week"
month"

w"2 or 3 times a week"
w"4 to 6 times a week"
w"Every day"

Figure 5. Measurement of alcohol drinking
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Marijuana Consumption

Q:"In the last 12 months, how often did you use marijuana or cannabis? (a joint,
weed, hash).

1 = Occasional Use 2 = Current Use

wdlL KI @S YSQ‘waL KIgS dzaSFwahy OS | Y2y (KEe
YINRA2dzl yI € maruuanabutnotln WdH 2NJo GAayvYSa
GKS flad wmn Y2y iiKE
wd [ Saa uKI-Y twahyO0S | 68S871¢
month” wiH 2NJ o dGAvYSa |
wan G2 ¢ GAYSa
wd 9 GSNE RI &¢

Figure 6. Measurement of marijuana consumption
4.4 Cluster Analysis

4.4.1 Feature Selection

Feature selection and feature extraction are the two main methdidsenisionality reductianwhich

is crucialin modelling, especially when tliatasetontains redundant or unnecessary variables for
model fitting. To better preserve the interpretability of ML results, the feature selection approach was
employednstead offeature extraction algorithms. Featuedestion refers to selecting a subset of the
original features, whereas feature extraction constructs derived features from the initial ones to
achieve good modelling performance. In this thesis, a commonly used feature selection algorithm,
Boruta, was agdjed to obtain the most representative subset of features for clustBongta works

as a random forestased feature selectiatgorithm, an ensemble of decision trégse Appendix E

for a detailed description of the Boruta algorithm.

The same procedeiof feature selection was repeated for each widve most notable subset of
features vasidentified for the cluster analysiBor each feature, the score of variable importance was
summed up across ttleree wavesThe total score was sorted from largessmallestAt the
experimental stage, we selected friiratop one up to all the featurésto modellingclusters.
Preliminary resultslemonstrated thaihe numberof featuresaroundl10led tomore meaningful
clusteringsolutiors. Sincethe top 8 featwes covered as many risk aspects as the top 10, the former
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was selected for parsimonious model fitting and a more straightforward interprdtatloding the
four substance use indicators, all the variables specified in the cluster analystawdaedized to
ensure equal weighting before clustering.

4.4.2 Data Visualization

t-Distributed Stochastic Neighbor EmbeddingME) was employed in this thesisvisually present
both the local and global structuretogh-dimensionaCOMPASS data ilmne m@. t-SNE is anon
linearML algorithmusedfor reducing dimensionality and visualizing highmensional datal'hat is,

it takesa highdimensionablataseaindprojecs it onto a lowerdimensional (twedimensional or 2D

in this thesiskpacefor visualizaton. Van der Maaten & Hinton (2008gvelopedhe tSNE

algorithm, which hasincebeen well adopted by various research communities, such as genomics,
natural language processingL(P), speech recognition, and many other fi¢b&0). t-SNE tends to
preserve both local and global structures as much as possible simultarfeonsigal components
analysis (PCA) or mukdimensional scaling arelger dimensionality reduction methoiiist can
preserve the global structundile losingthelocal structure.

An essential stefp usethe tSNE algorithmeffectivelyis to tunehyperparametersuch as
perplexityandthe number of iterationg\s a smooth measure thfeadequat number of neighhwos,
Van der Maatesuggestsettingthe typicalrangeof perplexityvalues between 5 and 50 achieve a
fairly robust performancef t-SNE(120). For a large or densedatasetthe rule of thumlis toselect
a larger value of perplexitfl21). Oskolkovproposedhe optimal perplexitapproximats N0,
which is analytically derived from the power lagiven thatiSNEis based on the minimization of
Kullback-Leibler (KL) divergencg121). In this thesis, a range of perplexity, from 5 to 100, was
experimented with. Perplexity = 10@hichapproximate V0 , is the optimal value for the linked
three wave€OMPASSdatasetsA detailed description of theSNE algorithm can be seen in
AppendixF.

4.4.3 Determining the Optimal Number of Clusters

One of themost challenging decisions to make in cluster analysistesrminingthe optimal number
of clustersWhen plotting the number of clusters, the optimal number can be founiaskying the
number of clusters with inflection points, peaks or declining pamthe evaluatiomeasuresSome

commonly used approaches include the elbow method, silhouette analysis, the sum of squares
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method, the GAP statistic, the D index, the Hubert index, among many (@RgifSor example, both
the Hubert and D index are graphical methods. They seek the significant peak that corresponds to a
substantial increase in the value of the measure. The silhouette acatyhislp determine the
optimal number of clusters via visualimm. The average silhouette methzadculates thsilhouette
coefficient of differenfQobservations, wher€is thenumber of clusterthat maximizes thaverage
silhouette coefficient ovaeaselected range of values. The sum of squares method péckesh
number of clusters by minimizirthe sum of squaresithin-cluster and maximizing th&um of
squaredetweenrcluster. Withincluster is a measure of how tight each cluster is, and betvlester
measurefiow separated each cluster is from the ather

Although each metholelps identifythe best clustering numbers, different criteria often suggest
different numbers of clusters. This is mainly due to each stopping criterion béavguin of one
particular validation method. SAhdZeng (2013) premted a biased result of using the silhouette
analysis alone without considering the sum of squared errors (SSE) féQealcie Therefore, ey
proposed a combination of SSE and silhouette coefficient in determining the best clustering numbers
(122) A voting scheme by implementing 26 available indices was applied in this thesis. The optimal
clustering analysis was proposedr the results obtained from all cluster combinatioisgtance
measures, and clustering algorithms. Based on the majoritygvatnong all indices, the optimal
number of clusters was obtained for each othinee waveslatasets. Although theomputational
complexityis much higher than a single index, this method provides an unbiased approach to
selecting the most appropriateisiers for the COMPASS data.

4.4.4 Clustering Algorithms

This thesis implemented various clustering algorithonsxplore and identify the most appropriate
method for the COMPASS data, including hierarchical clustepagitioning around medoid
(PAM), andfuzzy clustering.

4.4.4.1 Hierarchical Clustering

Hierarchical clusterings one of the commonly used clusteradgorithmsto identify use patterns
addictionresearch (se€hapter A iterature ReviewSection2.2.2.2.2) We appliedhe
agglomerativeelusterng algorithmwith all the available linkage methoda thelinked three waves
of the COMPASS dataA detailed description of all the linkage meth@ds be seen in Appendix B.
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4.4.42 PAM

As its name implies, PAM is a type pértitional clustering method he aerage dissimilarity

between data elements of the cluster and all the data elements in the cluster is minimal, that is, the
center point in the cluster. Compared with the classielns algorithm,-knedoids selects the data
point as the center (a.k.a. noéds or exemplars). The PAM algorithm is the most common
implementation of kmedoids. It initializes and randomly selektsf then data points as the medoids.
Then it associates each object to the closest medoid. For each medwceach nomedoid obgct

o, the PAM algorithm swap® ando and computes the total cost associated with the configuration.
The lowest cost of the configuration is selected. The PAM algorithm repeats thedsisovibed

steps until the medoid does not change. See Appendix C for a detailed description of the PAM
algorithm with diagrams to illustrate each step.

4.4.4.3 Fuzzy Clustering

In fuzzy clustering, data objects are not grouped into one specific cluster. On the cantrary,
membership functioassigns each object the membership of all or some clusters. In the previously
discussed clustering algorithms, the membership value is either one or zero. These clustering
techniques are often referred to as hard clustering or crisp methods. Fuzzjnglisiifferent from
other hard clustering techniques by estimatirembership probabilitieer each observation in each

cluster.

In contrast to hard clustering techniques, fuzzy clustering is a type of soft clustering with two
significant advantages.St, cluster memberships can combine other information. Second, the cluster
member ship for any gi ven osubgroam oftenmayailablexwitls t a s
differentclustering algorithm§22). Given the multifaceted and intricate natureisk profiling in
substance use data, which can be illustrated through the data visualization, thmmaisi®cuses
onapplyingfuzzy clustering methodologirhis thesisappliedtwo fuzzy clustering algorithms, Fuzzy
C-Means (FCM) andFANNY (Fuzzy ANalYsis). See AppendiD for adetailed @scription of these

two fuzzy clustering algorithms.

The clustering results were compared. Only the best clustering results were reported in Chapter 5

Results.
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4.4.5 Clustering Validation

Two types of validity indices,e., external and internal measures for clustering validation, can be
used to objectively and quantitatively assess clustering reButernal measures are used where the
clustering structure is know123) External indices use the adjusted Randxn@dRl) or Meila's
variation index VI to measure the consistency between the partition clusters and the external
referenceAlthoughthe Rand indexanges between 0 and 1hé value of ARkan be negative,
indicatingthe index is less than expectdthus,therangeof ARI is betweenl and 1, representing no
agreement to perfect agreemgt3). External measures can be applied to choose the appropriate
clustering method for a givatataseby comparing the identified clusters to an external egfee. In
this analysis, the ARI was implemented for selecting the proper clustering algorithms for the
COMPASS data.

Given that knowing the clustering structure is not the typical case ineoddl scenario, an
internal index uses inherent quantitiesl &atures in thdataseto measure an unknown clustering
structure(124). There are tens of internal indices, among whhehsilhouette coefficiens the most
common measure for evaluating clustering results. The silhouette coefficient assesses the
applicability of assigning a subject to one cluster rather than another, considering cluster compactness
and separatio(iL25). Silhouette values close to 1 indicate the data element is strongly matched to its
cluster and weakly matched to other clust8ithouette values close to 0 indicate observations
between two clusters. Any inaccurate clustering assignment will get a negative silhouet(@2&)lue
In addition to the total silhouette value, the silhouette coefficient for each cluster was al&exlic

by taking the average of the total silhouette values for the objects within that cluster.

For consistency and robustness, results from applied clustering methodere compared with

the indices discussed in this section.

4.5 Latent Markov Model (LMM)

The LMM was employed in this thesis to test hypotheses that subgroups of tpoathadiffer in

their patterns opolysubstance udeehavious over timeDerived from latent variable models, an
LMM consists of two componentthe structural and measuorent model$27). Structural models
include latent (or unobserved) endogenous facsoihasthe substance use indicators in this thesis

to model the conditional probabilities of the response variatdlege measurement models only
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have manifegd (or observed) endogenous factasnditional on the latent status of substance use
patterns

4.5.1 Selection of the Covariates

It is essential taelect the appropriate covariates for model fitting. Each covariate is considered to
have a strong correlation with substance Tibés thesis employed the least absolute shrinkage and
selection operator (LASSO) methto select a subset of covariatesfitting LMMs. LASSO
regression is a feature selection technique used to filter out irrelevant or redundant features from a
large number of variabldsy shrinking coefficients towards zero. This is achieved by imposing a
LASSO regression penalty. See ApgierH for a detailed description of the LASSO regression.

In thisthesis the response variable for substance use is oriealSectiod.3). An adaptive
approach to LASSO regression was applied by implementing the coordinate descent fitting algorithm
with an ordinal respong@26). A penalized regularization model was fitted by extracting alll
estimated coefficients and naero coefficient estimates. Lambdlae tuning parameter, regulates the
penalty strengthThat is, he smaller the lambda valubgtless penalty it applies &l regression
parametersThe LASSO regressionssentially leads to the least squares estimbiesefore,
shrinkageof coefficientoccursaslambda increases. The optimal value of lambda was determined
using the kfold cross-validation during the selection proce®ge repeated the same procedure of
adaptive LASSO regressidor each wave. @ly variables with nofzero coefficients after shrinking

were selectednd fitted in the follomup LMMs for further analysis.

45.2 A General LMM Framework

For a general LMM framework, response variables are denotdd asiereQ ph8 FE ando

pfB A Yrepresentinghe number obbserved tim@ccasionsFor each time pointp are collectedn
therandom vectotdhd  preadi’Y The overall vector of response variables in a vectoi Ycan be
denoted byw. Corresponding t@, a vector of covariates denoted by . Similarly, thevector of all
the covariatesobtained by stacking I8 F , can be denotkas (127). The LMM framework
assumethatthereexistsa latent procesSyY  “YBEY , which follows a firstorderMarkov
chainwith "Onumber of latent stateAssuminglocal independencéhe random vector® 88 are

conditionally independent givel. Based onftis assumptiorthe LMM can be simplified and
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relaxed Another assumption ihat the distribution of each response vedianly depends on the

covariatesvy andthelatent proces3Y(127)

Based on aet of measure time points in classical Markov models, transition probabilities are
estimated to describe whether a subjectsstathe same subgroup (representstapility) over time
or transitiors to another subgroup (representeigangg. LMMs are trasition models developed for
panel data where subjects can transition between ci8et LMMs, transition probabilities
represent how the transition occurs from tiine p to 0 between subgroups. Besides observed data,
LMMs include a latent procegsequence of latent variables) for each subject, which follows a finite
state of the Markov chain. Applied to substance use measures, the LMM estimates the overall
probability of being in a particular use pattern (latent state) given the use patterprvibus time
occasionA detailed description of the LMM framewovkith covariatesand multivariate extension to
the basic LMM and decodintpn be seen in Appendix

4.5.3 Model Selection

The final model was selected based on one of the most common madétfiia, Bayesian
information criteria (BIC). Although Akaike's information criteria (AIC) is also commonly used, due
to a less severe penalization, AKhds to selea larger number datentstates thaBIC, especially
with largesample size(27). Several studies in the literature of latent variabtelellinghave
demonstrated that AIC often yields to a larger number of latent classes than necessary. In contrast,
BIC is a more reliable model selection criterion to identify the optimal numbeteot lstates. In
addition to BIC and AIC, there are other criteria, such as the likelihood ratio approach. Halisver,
method is not encouraged due to the need for a bootstrap resampling préZédure

The goodnessf-fit was measured to evaluate the quality of the fitted models, using the index

adQa

whered @s the maximum likelihood dfasic version of LMMcorresponding to  with Q= 1 ard
the number oparameters. 'Y can beexplaired as average improvement of the new model in
predicting each observed resse sequence, as comparetheobaseline model (89,128) Similar

to other indicators of model goodnessfit, Y is a reldive index with a value between 0 and 1. The
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higherthevalue ofY , the bettethefit of the modelln this thesiswe estimatedy as an additional

measure to the BIC index for model selection.

4.6 Software Packages and Computing Environment

In this thesis, the data analysis was performed primarily using the R langpagepurcesoftware

to computestatistics andperformgraphics. Irparticular,the following key packagesere employed.

A

ST ST S

A

FactoMineR, missMDA, and naniar packages for missing data analysis and visualization
MICE package for missing data imputation

Boruta, a wrapper Algorithm for all relevant feature selection

glmnetcr @ckage for LASSO (L1 regularization) for ordinal response

NbClust, cluster, ppclust, factoextra, clvalid, fpc, and Rtsne packages for cluster analysis and

visualization

LMest for generalized LMMs

RStudio Server 1.4 was set up on Ubuntu 18.04 with@iB4RAM virtual machine running on

Microsoft Azure.

In summary, this chapter described all the metlapdied in this thesis, including missing data

analysis, feature selection, clustering analysis, transition modelling, and various model fitting and

validation approaches (see Figure 7). The results of this thesis will be presented in the next chapter.

49



Missing Data Analysi

Ml

pmm- Numeric

logreg- Binary

polyreg- Unordered
factor

polr - Ordered factor

Cluster Analysis

Feature Selection

Boruta algorithm for
Wave 111,111

Data Visualization

t-SNE (2D) with
perplexity=100

Optimal Number of

Clusters

Voting scheme

Hierarchical Clusteriry

Clustering Algorithm

PAM

LMM

Clustering Validatior

—

Fuzzy Clustering

External index: ARI|

Internal index:
Silhouette coefficien

Covariate Selection

LASSO regression

Model Specification

Multivariate LMM

Model Selection

BIC

Goodnessof-fit

Figure 7. Summary of the methods applied in this thesis

50

FCM

FANNY




Chapter 5

Resul ts

This chapter presents the results of this thedise folowing sevensections. SectioB.1 reportsthe
results of data preprocessjrigllowed bydescriptive statistics of the linkedree waveslata
presented irBection 5.2Sectios 5.3and5.4 reportthe clusteringand LMM modellingresults
Sections 5.5 through 5.7 preseherisk profilesof youth polysubstance ughe patterns of
polysubstance use among Canadian secondary school stadetite dynamictransitiors of these

use patternacross time
5.1 Data Preprocessing

5.1.1 Missing Data Analysis

The overall percentage of missing values for the three waves linkedetatd4.5%, 2.3%, and 2.1%

for Wave |, Wave Il, and Wave lll, respectively. The much higher missingness for Wave | data was
becauseuestions regarding mental healttatal (FLOURISH, GAD7, CESD, and DERS) and

online gambling were not asked in the Year 5 survey questionnaire. Aside from these, BMI and
SupportQuitDrugAlcohoVariables accounted for 27.1% and 4.2% of total missingness for Wave |.
BMI, CESD, and GAD7 were iaified as the top 3 missingness for Wave Il and Wave Il datasets,
with 22.6%, 11.6%, and 5.8% of total missingness for Wave II, and 18.2%, 10.1%, and 5.4% of total

missingness for Wave Ill data, respectively.

Fortunatelythe missingness of substance uwdicatorsvasmuch less than those of the other
features in all three wave datasets. For example, Wezseonly 237, 122, and 136 missing responses
to the substance use variables at Wave |, Wave II, and Wave lll, accounting for 2.5%, 1.3%, and
1.5% oftotal missingness, respectivelyhe missing values were omitted during cluster anatitsés
to the low missingness of these variables of inteBiste LMMs can facilitate multivariate
responses by treating the missingness as MAR. Thus, missing valtiesse response variables
were not imputed prior to fitting the LMMSs. This approach can maximize the use of linked data with
missing responses at the time occasions of measurement. See Appendix J for a detailed illustration of

the amount of missing daéad the missing patterns (i.e., the combinations of missingness across
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observations) for each wave. The plots of the missing patterns of substance use indicators can be seen
in Appendix J as well.

Figures 8-10 demonstrate the distribution of imputed dfmiaeachwave. It is observed that the five
imputed datasets (as representeckihlines) hal a reasonably consistent distribution as the original

dataset with no missing values (as describediini@line) for each feature.
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5.2 Descriptive Statistics

Of the 8824 linked samples collected from the COMPASS study of gradek0Canadian

secondary school students at Wave I, 54.6% were females while 45.4% were males, awekrd.2%
white. Grades 9 and 10 students accounted for 50.9% and 34.2% of the total linked sample size,
respectively. 67.5% of thr@udens were from Ontario, and 54.3% live in large urban areas. In terms
of cigarette smoking in the last 30 days, 90% respondbeviisg never smoked, while 6.6%

admitted to smoking occasionally, and 2.8% identified as current smokers. 82%stoidéets

admitted that they have never usete-cigarette, while those who acknowledged themsedges
occasional and current users egigarette accounted for 10.1% and 6.5%, respectively. 61.2% of the
studentsndicated that thepever haddrunk alcohol in the past year, while thcagmitted to

occasional use and current alcohol aseounted for 20.4% and 17.2%, respectively. Lastly,988.7

of thestudentssaid they never used marijuana in the past year, while admittance to occasional use
and current use of marijuana accounted for 5.9% and 4.0%, respectively. These frequencies make
sense compared to surveillance data from representatiyesa Thus, we are confident that our

linked samples are similar to the youth population in general. T&deemonstrate the

characteristics of this linked sample (N = 8824) and the prevalence of each substance used by type

and by wave, respectively.

Table 6. Characteristics of the linked samples

TOTAL

TOTAL N =8824 100(%)
Sex Female 4814 54.6
Male 4010 45.4

Grade 7 691 7.8
8 628 7.1
9 4487 50.9
10 3018 34.2
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TOTAL
TOTAL N = 8824 100 (%)
Ethnicity White 6545 74.2
Black 255 2.9
Asian 610 6.9
Aboriginal 192 2.2
Latin American 186 2.1
Other 1036 11.7
Province AB 428 4.9
BC 420 4.8
ON 5960 67.5
ocC 2016 22.8
Urbanity Rural 26 0.3
Small urban 2726 30.9
Medium urban 1280 14.5
Large urbar 4792 54.3
Household Income $25K - $50K 1381 15.6
$50K - $75K 4109 46.6
$75K - $100K 2935 33.3
> $100K 399 4.5
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Table 7. Prevalence of each substance used by type abgwave

Substance Use

Label

Wave | (201617)

Wave Il (201718)

Wave Il (201819)

Indicator Frequency (%) Frequency (%) Frequency (%)
Cigarette Never use 7944 (90.0) 7310 (82.8) 6728 (76.2)
Occasional use 580 (6.6) 974 (11.0) 1437 (16.3)
Current use 250 (2.8) 508 (5.8) 615 (7.0)
Missing 50 (0.6) 32 (0.4) 44 (0.5)
E-Cigarette Never use 7238 (82.0) 5982 (67.8) 4403 (49.9)
Occasional use 889 (10.1) 1195 (13.5) 1525 (17.3)
Current use 577 (6.5) 1589 (18.0) 2834 (32.1)
Missing 120 (1.4) 58 (0.7) 62 (0.7)
Alcohol Never use 5400 (61.2) 3710 (42.0) 2573 (29.2)
Occasional use 1799 (20.4) 2490 (28.2) 2684 (30.4)
Current use 1515 (17.2) 2565 (29.1) 3501 (39.7)
Missing 110 (1.2) 59(0.7) 66 (0.7)
Marijuana Never use 7831 (88.7) 6784 (76.9) 5569 (63.1)
Occasional use 521 (5.9) 1162 (13.2) 1784 (20.2)
Current use 357 (4.0) 820 (9.3) 1401 (15.9)
Missing 115 (1.3) 58 (0.7) 70 (0.8)

Figuresll-14 are 3D graphsf substance use prevalence by type and wave for cigarette

cigarette, alcohol, and marijuana use. The overall trend shows that, in general, the prevalence of
Aneverdesem deacr easi t he

u s e dbednancreasing for all substances actbeghreevaves. In particular, as demonstrated in

ng

over ti me

whil e

Figuresl2 and14, respectively, the prevalence of current use folgarette and marijuana

consumption héincreased significantlye-cigarette use inelased by 4.94 times from 6.5% in 2016
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to 32.1% in 2018, while marijuana consumpti@dincreased by 3.98 times from 4.0% in 2016 to

15.9% in 2018Regardingalcohol drinking, the increase in the prevalence of occasional or current

use was not as signifiot as that of-eigarette and marijuana consumption. However, the much lower
prevalence of never use at Wave | and the considerable decrease of never use over time (from 61.2%

in 2016 to 29.2% in 2018) raise as much concern as the other substances.

Cigarette Smoking

100.0%
a0 0%
B0.0%
70.0%
60.0%
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30.0% A
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10.0%
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MNever use Occasianal use Current use

Figure 11. Prevalence ofcigarette smokingby type and wave
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e-Cigarette Use
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Figure 12. Prevalence ofe-cigarette useby type and wave
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Alcohol Drinking
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Figure 13. Prevalence ofalcohol drinking by type andwave

Marijuana Use
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Figure 14. Prevalence ofmarijuana consumptionby type and wave
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5.3 Cluster Analysis

5.3.1 The Optimal Number of Clusters

The indices of clustering validity inconsistently vibter different numbers of clusters across the

three waes For Wave Il and Wave 11, 9 and 10 indices proposed that the best number of clusters is
4, respectively. While for Wave |, seven indices each proposed, the best number of clusters is either 2
or 6, and the secorakst number of clusters 4 with fourindices voted. fie optimal number of 4

clusters was selected across the three waves for further clustering analysis to make the results
consistent and easier to interpréigures 15-17 illustrate the voting results for the optimal number of
clusters forhethree waveslatasets.

HbClust's optimal rumber of clusters (COMPASS linked_1E)

J I I I
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Figure 15. Voting results for the optimal number of clusters(Wave |, 201617)
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MBCIuSTs optimal number of clusters (COMPASS Enked_17)
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Figure 16. Voting results for the optimal number of clusters (Wave I, 201718)

MbClust's optimal number of clusters (COMPASS linked_18)
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Figure 17. Voting results for the optimal number of clusters (Wave Il , 201819)
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5.3.2 Clustering Results

5.3.2.1 Fuzzy (FANNY) Clustering

The leftpanels of Kjures 18-20 demonstrate th2D representation of the student data veitthoured
cluster membershipased on the fuzzy (FANNY) clustering. The cluster subgroups ddraya 986

to 2799 students at Waveti34 to 3082 at Wave Il, ar6B6 to 3385 at Wave lllt is observed that
except for the minority group with the lowest silhouette value, the average silhouette width for all
clusters was positive. The average silhouette widtie 0.52, 0.53, and 0.53 at Wave |, Wave I,
and Wave lIl, respectively. The silhette values for each cluster radgem 0.31 to 0.57 at Wave |,
0.35 to 0.58 at Wave II, and 0.30 to 0.56 at WaveKiiufmanet al.(2009) proposed thaté

silhouette values between 0.71 and 1 indicate a strong structure for that particulatX2@3ter
Reasonable and weak structures are shown by the silhouette values between 0.51 and 0.70 and below
0.50, respectively. The two clusters with Hezondargest andargest sample size iaeasonable
structures, whereas the other twith the smallesand the second smallest sample size had weak
structures at Wave | anitl As for Wave lll, three clusters Haeasonable structuresnd only one
cluster with the smallest sample sizel haveak structurelheright panels ofigures 18-20
demonstrate thaverage silhouette widths for all clusters. These clustering results support the

applicability of phenotyping risk profiles gbuth polysubstance use

Silhouette Plot of Fuzzy (FANNY) Clustering (COMPASS linked_16)
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Figure 18. Fuzzy (FANNY) Clustering, left-panel: 2D representation; right -panel: silhouette
plot (Wave I, 201617)
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Silhouette Plot of Fuzzy (FANNY) Clustering (COMPASS linked_17)
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Figure 19. Fuzzy (FANNY) Clustering, left-panel: 2D representatior right -panel: silhouette
plot (Wave ll, 201718)

& Silhouette Plot of Fuzzy (FANNY) Clustering (COMPASS linked_18)
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Figure 20. Fuzzy (FANNY) Clustering, left-panel: 2D representation; right -panel: silhouette
plot (Wave Ill, 2018-19)

5.3.2.2 FCM Clustering

The cluster subgroups rarmjeom 1042 to 3312 students at Wav894 to 3390 at Wave I, ar@b3
to 3607 at Wave lll. Similar to the FANNYgrithm of fuzzy clustering, the average silhouette
widths for all clusters were positive. The average silhouette widttes0.51across théhree waves.
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The silhouette values for each cluster rahigem 0.26 to 0.58 at Wave |, 0.21 to 0.56 at Wave I,
and 0.23 to 0.60 at Wave lll. It is observed acrosshhese waveshatthree clusters lttreasonable
structuresvhile only one cluster with the smallest sample sizédweak structurelhe2D
representation of the student data vethoured cluster membershignd the average silhouette widths

for all clustersdbased on the FCM clusterittgn be seen iAppendixK.

5.3.2.3 PAM Clustering

The cluster subgroups rarmeom 1138 to 2799 students at Way&018 to 2879 at Wave II, and

841 to 2925 at Wave lIl. The average silhouette widths for all clusters were positive. Same as the
FCM clustering, the average silhouette widtfese 0.51 at all three waves. The silhouette values for
each cluster rangdrom 0.27 to 0.56 at Wave |, 0.26 to 0.57 at Wave I, and 0.29 to 0.57 at Wave Il
Three clusters had reasonable structures for Wave | and Wawel lbnly one cluster with the

smallest sample size tha weak structurdzor Wave I, the two clusters with tlsecondargest and

largest sample size haeasonable structures, and the other two clusters with the smallest and the
second smallest sample sizelleeak structuresThe 2D representation of the student data with
coloured cluster membershgnd the aveige silhouette widths for all clustdpased on theAM

clustering can be seenAppendixL.

5.3.2.4 Hierarchical Clustering

The cluster subgroups ramieom 383 to 4975 students at Wavd 31 to 3627 at Wave I, arid5

to 4037 at Wave lll. The average silletie widths for all clusters were positive, being 0.55, 0.53,
0.53 at Wave |, Wave Il, and Wave llI, respectively. The silhouette values for each clustdr range
from 0.35 to 0.64 at Wave |, 0.43 to 0.66 at Wave I, and 0.38 to 0.68 at Waklerde clustrs had
reasonable structures for Wayehd only one cluster with the smallest sample sidelvaeak
structure For Wave Il clusters #3 and #4he two clusters with the smallest and the sedargkst
sample size hthreasonable structureshile the other two clusters with the largest and the second
smallest sample size (cluster #1, #2) tveeak structuredor Wave lll, the two clusters with the
secondargest and the secoistnallest sample size had reasonable strest whilethe other two
clusters with the smallest and the largest sample stzevdak structuresThe dendrogram based on
hierarchical clustering for each waviee D representation of the student data with aotd cluster

membershipandthe averagsilhouette widths for all clustecsn be seen in AppendiA.
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5.3.3 Clustering Validity

The internal measures of clustering performance measured by asifragette width ranged from
0.51 to 0.55 across thieree wavesvith different clustering algorithms. Both the partitioning and
hierarchical clustering algorithms achieved a relatively high degree of agreement on cluster
membership. Comparing the fuzzy sflering (FANNY) and PAM clustering, theRIs were 0.9698,
0.7676, and 0.6452. The variation of informat{dih) indiceswas 0.1154, 0.6023 0.7621 for Wave I,
Wave Il, and Wave lll, respectively. Nevertheless, the results of the two fuzzy clusterindhaigorit
achieved a high degree thie membership agreement. Considering the overlapping natusk of
profiles related to pogubstance use, we dedide use fuzzy clustering (FANNWp analyze further
and reportisk profiles. Table8 showsthe comparisonfcclustering validity for each pair of the
clustering algorithms.

Table 8. Comparison of clustering validity for each pair of clustering algorithms

Clustering Algorithm Index Wave | Wave I Wave llI
(201617) (201718) (201819)
FCM vs FANNY ARI 0.7447 0.8221 0.8603
VI 0.5696 0.4315 0.4096
FANNY vs PAM ARI 0.9698 0.7676 0.6452
VI 0.1154 0.6023 0.7621
FCM vs PAM ARI 0.7394 0.7046 0.6366
VI 0.5942 0.6179 0.7024
PAM vs Hierarchical ARI 0.4905 0.5093 0.4898
VI 0.8621 0.9181 0.9315
FANNY vs Hierarchical ARI 0.4736 0.5449 0.6651
VI 0.9241 0.9106 0.7029
FCM vs Hierarchical ARI 0.4903 0.6839 0.7483
VI 0.9305 0.6761 0.4786
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5.4 LMM

5.4.1 Selection of Covariates

As stated in Section 45.the lambda value in tHeASSO regression controls the penalty of the
regression parameteiBhe smaller the lambda value, the less penalty it applialé coefficients of

the predictorslt results in having more predictors in the model. In this thégspptimal value of

lambda was determined using th@-fold crossvalidation during the selection proce$he best

lambda for the LASSO regression was set as 0.1, 0.0794, and 0.0794 for Wave |, Wave II, and Wave
I, respectively. Tabl® demonstrates the selected covariates/ayes sorted by alphabeBee

AppendixN for the detailed report and plots of final coefficients from the LASSO regression by

waves.

Table 9. LASSO selected covariates by wave

Wave | (201617) Wave Il (2017%18) Wave Il (201819)
Selected BMI_CATEGORY_16 BMI_CATEGORY_17 BMI_CATEGORY_18
Covariates Eatin_g3reakfast_16 CESD_17 CESD_18

EnglishMarks_16 DERS_17 DERS 18

GetMoney_16 EatingBreakfast_17 DrugStores_18

Grade 16 EnglishMarks_17 EatingBreakfast_18

SchoolConnectedness_16 | GambleOnline_17 EnglishMarks_18

SedentaryTime_16 GetMoney_17 GAD7_18

SkipClass_16 Grade 17 GambleOnline_18

SmokingFriends_16 PAfriends_17 GetMoney_18

SupportQuitDrugAlcohol_16 Race 17 Grade 18

Urbanity 16 SchoolConnectedness_17 | PAfriends_18

Willingedu_16 SedentaryTime_17 PA LEVEL 18

SkipClass_17 Race 18
SmokingFriends_17 SchoolConnectedness_18
SupportQuitDrugAlcohol_17% SedentaryTime_18
Urbanity 17 SkipClass_18
Willingedu_17 SmokingFriends_18
SupportQuitDrugAlcohol_18
Urbanity_18
WillingEdu_18

The number of coefficients being shrunk to zero varies acrossrdewavesl?, 17, and 20

features were selected from Wave |, Wave II, and Wave lll, respectively. We chose the 20 features

1The lastthreechacterso f each feature name indicatedthanmd school
i 180 represent s -17el718 amd@0l89, respectivelyo f 2016
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from the LASSO regression on Wave Il to model the initial probabilities of the latent process. Note
that these 20 features are nested withirficoed features derived from the Boruta algorithm in
clustering analysis. The same 20 covariates and time between occasionsy@ e Bed to model

the transition probabilitiesissuming timés heterogeneous.e.,the dynamicsre different across the
three wavesTable10 summarizes the final selected covariates by level andwangng status

sorted by alphabet

Table 10. Final selected covariatesor LMM

StudentLevel SchootlLevel

Time-Invariant Race/Ethnicity DrugStores
Urbanity

Time-Varying BMI_CATEGORY SupportQuitDrugAlcohol
CESD

DERS

EatingBreakfast
EnglishMarks

GAD7

GambleOnline
GetMoney

Grade

PAfriends

PA LEVEL
SchoolConnectedness
SedentaryTime
SkipClass
SmokingFriends
WillingEdu

A description of the features follows.

BMI_CATEGORY 1 This is a derived variablepresenihg BMI categories including0 =fi N o t
Stated db=AUnder weifigdieta | t h)ydWeivgeh tywand4g=fitOb e 6 e

CESDT This is a derived variable, scoring from 0 to BOthe COMPASS study, depregsi
symptoms were assessed usBESDR-10, the Center for Epidemiologic Studies Depression 10
Item ScaleRevised For example, one dgheten scaldtemsw a sQn hdw many ofhe last 7 days
did you feel the following ways? | was bothered by things that usually don't botiREeT meether

nineitemswerefil had trouble keeping my mind on what | was doin felfidepressed d felfithat
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everything | did was an effqrtd felfihopeful about the futured felfifearful, dMly &leep was
restless @l was happy d felfilonely, 6 &coudd ndt gefigoing ®he response options were
fiNone or less than 1 d@yil-2 daysofi3-4 dayso  am ddayso The response to eaciithe 10-
items wasreversescoredrom 0 to 3and then summedhe higher the score is, the more significant

depressive symptonase.

DERST This is a derived variable, scoring from 6 to B0the COMPASS studylifficulties in
regulating emotionvere assessed usitite Difficulties in Emotion Regulation Scale (DER$)or
exampl e, one of t Peaseindicate w aftenethe followimgstateweerds, appfy to
you: | have difficulty making sense out of my feelilgs T h e r e s pwemBlmostoneveri 00 n
fiISometimes GAbafit half the time dModi of the time 0  &lmakt afivays ®heother fiveitems
werefll pay attention to how | fegl 3Whéin I'm upset, | have difficulty concentratingWWhén I'm
upset, | believe there is nothingdn do to make myself feel bettedVhén I'm upset, | lose control
over my behavioyr dVhén I'm upset, | feel ashamed for feeling thatway &eelohg afraid as if
something awful might happerdhe response to each of thetems was reversecoredfrom 1to 5
and then summedhe higher the score is, the ma@nplicatedan individualis in regulating

emotion

DrugStoresi BE data, the number of drug stores & proprietary stores within d@dérsof

schools.
EatingBreakfasti Bi nary i ndicator varodable, 0 = fANoo and
EnglishMarksi St udent s were asked, Aln your current or

is your approximate overall mark? (Think about last year if you have not taken English this year)
The response optiomgere 1 =i 9 0-%00% B =0 8 0-B82% B8=A 7 0-79% &=A 6 0-%
69% B5=fi55%9% 6=N50-%B1% and7=fiLess t.MHan 50%
GAD7 1 This is a derived variable, scoring from 0 to Rilthe COMPASS studgeneralized
anxietysymptoms werassessedsingGAD7, the Generalized Anxiety Disorderitem ScaleFor
exampl e, one of t h @verghe last Aveels,haw often haveeyonbeemvkmthered i
by the following problems? Feeling nervous, anxious, oron@dgel he r e s p onfsNo to pati ons
all , 0 ASeveral dawxgiNe dOlvyer dieetheysixitbrsgerediNoly s , 0

being able to stopr control worrying dWoifiying too much about different thingiTrodible
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relaxing OBeilfig so restless that it's hard to sit stédBecming easily annoyed or irritabléd a n d
fiFeeling afraid as if something awful might happéhe response to eachtbe 7- itemswas scored
from O to 3 and then summethe higher the score is, the more severe level of anisipgr the
GAD-7 scaling.

GambleOnlineT St ude nt s nehe last 3D gays did, youfijamble online for modey?

Theresponse optionsadte = fAiYeso.a&and 2 = ANo

GetMoneyi St udent s were asked, fAbout how much mone
spend on yourself or to save? (Remember to include all money from allowances and jobs like
babysitting, delivering papers, etidl)do Abe knotv
how much money | get each weeb=A Z e 2 $820, 8= $ B10Q and4d=A$ 106 +

Gradei St udents were asked, fAWhat grade-1l2amde you i n
students in Quebec in secondary 1 and 2 (equivalemti&ri® grades 7 and 8Jhis variable is a

proxy of studentsdé age.

PAfriendsi St udent s Warchses Bidnds adre theifriends you like to spend the most
time with. How many of your closest friends are physically acive?The r espm®@se opti on
ANonbe=fil 1 f,rédi=z@@df r®=in3ddsf r d=efindd sf r @ndS=d& f ri ends or m

PA_LEVEL 71 This is a derived variable, indicating whethespondents meet the guidelines for at
least 60 minutes d?A per day Binary variableD = @ Nlo 0= adin\e s

Race/Ethnicityi St udent s Wemweuldysu klesatibe ydursef? The response o
arel=A Whj =i B| ,a&=ki A s ,bA=rfAboriginal (First Nations, Métis, Inuif) 5 =fiLatin
American/Hispani®and6 =it Ot .b e r

SchoolConnectednesk This is a derived variable, scoring from 6 to 24gh¢r scores indicate

higher connectedness.

SedentaryTime- This is a derived variablepresentingi Tot a | daily sedentary a
homewok excl uded, 06 ranging from O to 2925 in minut
SkipClassi St udent s were asked, il n the | ast 4 weeks,

were not supposed t oP=0NO0TIcd Arsiskesom s 28 -diBd ¢ Den® ar e

classes 4=N6 t o 1®=tl hstse s,2ahdécfi lesest hano 20 <cl| asses
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SmokingFriendsi St udent s were asked, AYour <closest frien
most time with. How many of your seobptogssaBt= fri ends
ANonbe=fi 1 f,rédi=@@df r ®=fin3d sf r d=findd sf r @nd5=di® or maroe fri end

SupportQuitDrugAlcohol T St udent s Wawsepportigeksealr, schiol of the
following? Giving students the support they dée resist or quittobacan The response optic

1=AVery s uppicSrutpipvod® tAiUne up panddt=i¥Very unsdapportive

Urbanity iIn whi ch t he s chorad, drsensail d, edane biamoy andyr ibragn A
fi | ar g e ©he uria/raral classification is defined according to the number of populations and
population density per square kilometre (126). The detailed definition of the four categories used in
the COMPASS study is listed in Appendix O.

WillingEdu 1 Students we e  a sMhat id the highest level of education you think you will
getd The r espobs=siel odpotnibitnfisEoaonee hi gh ,Bechblbghoschesk
diploma or graduation equivalencd=fi Col | ege/ t r ad e /,vécad biversityn a | certi fii
Bachelor's degreeand 5=i Uni verstsartéys /IMah D/ | aw s/tbaohémedicall sg:
degree 0

5.4.2 Selection of the Number of Latent States

Determining the number of latent states was an essential step of the analysis. An increasingfnumbe
latent statuses between 1 and 6 was fitted to a multivariate LMM, assuming that: i) the conditional
response probabilities are time homogenous and are independent of the included covariates, ii) the
probability of using a substance is constrainedftodr t he yr st | atent state; i/
are distinct for any categories of the included covariates, and iv) the transition probabilities are time
heterogeneous and distinct for any categories of the included covariates.

The informatiorcriteria providel slightly different results of which model best balances model fit
and parsimony. The BIC value indicdtiat the model with four latent statuses is preferred, whereas
the AIC value poirgdto a preferable six latent states. Since BI& isore reliable criterio(27)and
consicers parsimony, conceptual appeal, and more straightforward interpretatiodateetdtatus
model was selected for further anadydrigure21 shows the BIC and AIC criterfar the multivariate
LMM.
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Figure 21. BIC and AIC criteria for selecting the number of latent states

5.4.3 Model Selection and Evaluation

Table11 displays the number of parameter$, the maximum lodikelihood (@ j¢he BIC values of
the initial LMM (denoted a$ ) for several latent state§)(between fand 6, as well as the value of
'Y for assessing the goodnessfit. The lowest BIC value correspondinglio was obtainedvhen
"Q 1, where the model shadafair value ofY .

We found that a few covariates, including EnglishMarks, WillingEdu, PA_LEVEL, DrugStores,
CESD, GAD7, and DERS were not consistently significant from the preliminary model fitting results
in their effects on both the initial and tratien probabilities between latent states. Tofimee the
initial model (denoted a3 ) and obtain the begitted model, we considered several models nested
in 0 with four latent states. For example, was based on removing PAENVEL effects on both
the initial and transition probability formulas. From the model fitting results in Tdblender the
same number of latent staté® (1), the BIC value ofi was smaller than that of M1 (122825.8 <
122935.5), and the number of parametern$ ofvas smaller than that af (332 < 347). Thus)
was preferable ovay with the same number of latent states. The covariaté. PYXEL was

therefore removed from the model.
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Similarly, the other covariates EnglishMarks, WillingEdu, and SedentaryTime rerapyed from

model fitting one by one and by pairs. Tlahow the models ~0

certain covariate(s) do not affect the initial and the transition probabilities of the latent process.

were fitted, assuming that

Comparing these models with , it is concluded that EnglishMarks, WillingEdu, PAEVEL,

DrugStores, CESD, GAD7, and DERH dot significantly affectheseprobabilities. The model was

formulated by removing these covariates, denoted by.

Althoughsexwas notidentified asan importanpredictor by the LASSO regression, the literature
review on the risk factors of youth polysubstance use indicates its inconsistent effects from various

studies; itwas determinedas a factoworth investigatingasa predictor. Therefore, we decidieo

includethe covariatesexinto LMMs as one of the timiavariant covariates)( andd ). In the
COMPASS dataset, sevasdummycoded ad =

further simplificationsignificartly increasd the BIC valuep
had the lowest BICwhich equat 122349.6. Under this model, the

maximum loglikelihood equals60007.4 with 257 parameters, and a fair value of the itvdexas

Among all the fitted models)

ifFemal

e 0 acaomsdill wavesSincd Ma |

was selected as the final model.

obtaned Table11 summarizes thpreliminary fitting of the LMMs with differenvalues ofQand

various constraints discussed in this section

Table 11. Preliminary fitting of various LMMs

Model k n lk BIC R?
0 1 8 -83391.2 166855.1
2 79 -64967.2 130652 0.4067
3 192 -61218.2 124180.8 0.4664
4 347 -59891.5 122935.5 0.4861
5 544 -59168.5 123279.3 0.4966
6 783 -58391.4 123896.5 0.5075
0 :0 T PALEVEL 4 332 -59904.8 122825.8 0.4859
0 :0 T GAD7 4 332 -59908 122832.4 0.4859
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Model k n Ik BIC R?

0 :0 1T CESD 4 332 -59903.1 122822.5 0.4860
0 :0 T DERS 4 332 -59914.7 122845.6 0.4858
0 :0 71 EnglishMarks 4 332 -59928.8 122873.8 0.4856
0 :0 71 WillingEdu 4 332 -59932.8 122881.9 0.4855
0 :0 71 EnglishMarks 4 317 -59977.1 122834.3  0.4849
0 :0 7T PALEVEL 4 317 -59943.1 122766.2 0.4854
0 :0 1 CESD 4 302 -59952.8 122649.4 0.4852
0 :0 1 PA_LEVEL 4 317 -59946.8 122773.6 0.4853
0 :0 71 CESD 4 302 -59960.3 122664.3 0.4851
0 :0 7 CESDi GAD71 DERS 4 302 -59963.1 122669.9 0.4851

0 :0 1 EnglishMarkss PA_LEVEL 4 272 -60021.6 122514.3 0.4842

O :0 i WilingEdui PALEVEL 4 272  -60005 122481.2  0.4845
0 :0 i WilingEdu 4 257  -60053.3 1224415  0.4838
O :0 +Sex 4 272  -59994.1 122459.3  0.4846
4 -1y DrugStores 4 257  -60007.4 122349.6  0.4844

5.5 Phenotyping Risk Profiles of Youth Polysubstance Use

5.5.1 Factors Associated with Polysubstance Use Among Canadian Adolescents

The first primary research question (R@ijestigatedwas fiWhat are the prominen
pol ysubstance use among Ca Beodeiarswerirg éhis g@stioh,ave'y s c h o ¢
need to identifyfactors associated with youth polysubstance Table P lists the to8 factors for

each of the three waves, with the importance scores in brackets. The number of smoking friends, the

number of skipped classes, and weekly nydonespend/save oneselere the top 3 factors
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consistently appearing across the thwewes. Other correlates raek differently by waves. The total

importance scores for each factor can be seen in the last column of Zable 1

Table 12. Top 8 factors associated with polysubstance use by wave

Ranki | Wave | Wave I Wave llI Voting
ng (201617) (201718) (201819) (Total Score)
1 SmokingFriends_16 SmokingFriends_17 . SmokingFriends: SmokingFriends
(47.92) (60.05) _18(56.90) (164.87)
2 SkipClass_16 (38.01)  SkipClass_17 (43.76 SkipClass_18 @ SkipClass
(54.12) (135.89)
3 GetMoney 16 (17.48) GetMoney 17 GetMoney_18 @ GetMoney (86.21
(31.07) (37.66)
4 SchoolConnectedness_ SedentaryTime_17 | SedentaryTime_ SedentaryTime
6 (16.65) (20.12) 18 (20.26) (53.14)
5 Grade_16 (15.58) CESD_17 (15.87)  EatingBreakfast CESD (42.74)
~18(19.03)
6 CESD_16 (14.19) SchoolConnectedne¢ PAfriends_18 SchoolConnected
s_17 (14.29) (17.41) ness (42.51)
7 Province_16 (13.38) Urbanity 17 (13.95) EnglishMarks_1: EatingBreakfast
8 (15.16) (38.29)
8 SedentaryTime_16 EatingBreakfast_17 Urbanity_18 GradéAge
(12.76) (13.32) (14.95) (38.05)

Figures22-24illustrate variable importance by was/é&X-axis and Yaxis represent variables and

importance, respectively. The higher value of Y, the more important the corresponding weagable
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Variable Importance (COMPASS linked_16)
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Figure 22. Variable importance (Wave |, 201617)
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5.5.2 Risk Profiles of Polysubstance Use Among Canadian Secondary School
Students

Four risk profiles opolysubstance use were identified across the theaes, i.e.,low risk (L1),
mediumlow risk (L2), mediumhighrisk (L3), and higtrisk (L4). This was determinebly the

average groupcore ofsubstance use indicatand thancludedrisk factors In general, sidents

with the lowest mean values (scoreskathsubstance use, CESD and sedentary time, fewest
smoking friends, fewest skipped classes, highest mean scores of school connectedness, and the
majority eating breakfastere in the lowrisk group. On the contrary, those majority who reported
not eating bredhst, with the lowest mean scores of school connectedness, highest mean values
(scores) okachsubstance use, CESD and sedentary tfarger number oémoking friends, and
higher number ofkipped classesere in the highkrisk group.Two intermediateisk profiles were
identified inbetweenj.e., mediumlow risk and mediurhigh risk group. The average group scores
of substance use indicators and risk factors ranged between L1 afablek13-15 list thegroup
meanscoreswith standard deviatio(SD in bracket)of substance use indicators andrisk factorsof
these four risk profileby waves based orfiuzzy (FANNY) clustering.

Each of the four substance use indicators was ca
and 2 = f ®hesewvatuestwere teea@ed as continuous stoféthe Euclidean distance
calculation. That is, the higher scores are indicative of more frequent use of the corresponding
substance. In general, the lower the risk profile, the lower the score ofittarsce use indicator that
the risk group hadit Wave |, on average, the lekisk (L1) group had the lowest score of indicators
0.06 £ 0.29 (mean = SD, cigarette smoking), 0.14 + 0.4lg@ ette use), 0.39 + 0.68 (alcohol
drinking), and 0.06 + 0.30 (miaiana consumption). Whereas the hiigk (L4) group had the
highest scores of 0.25 + 0.56 (cigarette smoking), 0.35 + 0-6f4eectte use), 0.71 + 0.82 (alcohol
drinking), and 0.29 + 0.63 (marijuana consumption). The magnitudes comparing L4 vs4ll7are
(cigarette smoking), 2.5 {@garette use), 1.82 (alcohol drinking), and 4.83 (marijuana consumption)

times at Wave |I.

By observing the top risk factdi,t he number of s mankhe highriskgroupe nds, 0 st
(L4) had the highest score bgifi.64 + 1.21 at Wave . In contrast, students in therlskvgroup
(L1) had the lowest score of 0.19 + 0.6mgnificantly differentiatingoetween risk groups. Students at
mediumhigh (L3) and mediuntow (L2) risk groups scored between 0.46 + 1.03 aid 8.0.81.
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The initial values of this variable are categori
friendso, 3 = A3 friendso, 4 = A4 friendso, and
continuous sces; the higher the score is, the more smoking friends it represents. The magnitudes of

these scores across the four risk graidave 1l vs. Wave lgare close to each other, ranging from

1.41 times (L3) to 1.68 times (L1) over time.

The difference betweestudents who were at low risk (L1) havjron averagethe smallest
sedentary time (170 + 61.3 minutes) compared to their peers at high risk (L4, 1021 + 269 minutes)
was by a magnitude & 01times. Thesedentarytime significantly increased with the i@asing risk
profiles, 345 + 50.7 and 563 + 83.3 minutes for L2 and L3, respectimelyave | data, students in
the L4 group have a CESD score of 10.8 + 6.70, whereas those in thiskaxoup (L1) have the
smallest CESD score of 7.08 £ 5.39, with #figant differences between risk groups. The medium
low (L2) and mediurrhigh (L3) risk groups have moderate CESD scores of 8.34 £ 5.89 and 9.30 +

6.04, respectively. The same trend is observed in Wave Il and Il datasets.

The risk profiling reveals thatisdents in the highisk group (L4) of polysubstance use have the
lowest stiool connectedness scoid.0 + 3.35 at Wave |. In contrast, students in theristvgroup
(L1) have the highest score of 19.8 + 2 Significantly differentoetween risk group$n between,
students in the mediutow (L2) and mediurhigh risk group (L3) have the scores of school
connectedness being 19.1 + 2.66 and 18.6 + 2.81, respectively.

At Wave [, the majority (65.4%) of the participamtbo ate breakfast were in the lenigk group
(L1), while the majority (68.1%) of the participants in the higik group (L4) did not eat breakfast.
The prevalence of eating breakfast decreases while the risk level rises froiski¢65.4%),
mediumlow (51.6%), mediurhigh (42.4%), to highisk (31.9%) A similar pattern can be seen
throughout the three waves. The longitudinal evidence suggestedhmetalence of the students
eating breakfast decreased across the three wathes lowrisk group being 61.7% and 55.5% at
Wave Il and Wavdll. In this cohortthe percentage of students eating breakfast at Wa{&b18%)
was 0.85 times less than that of Wa\63.4%), indicating a decrease over time. The same trend was
observed among the other three risk profile groups (L2 to L4). Congpidae other three risk profiles
(Wave lll vs. Wave ), the differences were similar to that of L1, being 0.81 {in2¢s0.79 times
(L3), and 0.78 timed_4).
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This study identified that age is one of the top factors associated with youth polysubstance us
usi ng st ud e toprexgtheig aga Amonglthe fow tisk profiles of polysubstance use, the
high-risk group comprises mostly older students, while the majority in theiggroup are their
younger peers. For example, within the ok group (L1) at Wave |, 23.9% of students in grades 7
and 8 and 26.9% in grade 10. Whereas in the-h#dfhgroup (L4) at the same wave, only 7.8% of

students are in grades 7 and 8, and 42.9% in grade 10.

It is observed that similar trends of risk profilingpear throughout the three waves, showing
consistent risk profiles over time, including the four substance use indicators and the top factors

associated with youth polysubstance use.

Table 13. Group mean score®f substance use indicators and all risk factorsf the four risk
profiles (Wave |, 201617)

L1 L2 L3 L4
(Low) (Medium-low)  (Medium-high) (High)

N=986

N=279932.5% N=2712(31.5% N=211324.5% (11.5%
Cigarette_16 0.06 (0.29) 0.11 (0.38) 0.17(0.47) 0.25 (0.56)
eCigarette_16 0.14 (0.44) 0.22 (0.55) 0.31 (0.63) 0.35 (0.65)
Alcohol_16 0.39 (0.68) 0.57 (0.77) 0.65 (0.82) 0.71 (0.82)
Marijuana_16 0.06 (0.30) 0.12 (0.40) 0.21 (0.54) 0.29 (0.63)
SmokingFriends_16 0.19 (0.65) 0.31 (0.81) 0.46(1.03) 0.64 (1.21)
SkipClass_16 1.20 (0.58) 1.23 (0.59) 1.31 (0.70) 1.38 (0.81)
GetMoney_16 1.70 (1.14)  1.81 (1.11) 1.82 (1.13) 1.90 (1.15)
SedentaryTime_16 170 (61.3) 345 (50.7) 563 (83.3) 1012 (269)
CESD_16 7.08 (5.39) 8.34 (5.89) 9.30 (6.04) 10.8 (6.70)
SchoolConnectedness_1619.8 (2.78) 19.1 (2.66) 18.6 (2.81) 18.0 (3.35)

EatingBreakfast_16

1831 (65.4%)

1400 (51.6%)

896 (42.4%)

315 (31.9%)

Grade_16

7 370 (13.2%) 170 (6.27%) 107 (5.06%) 33 (3.35%)
8 299 (10.7%) 176 (6.49%) 100(4.73%) 44 (4.46%)
9 1377 (49.2%) 1430 (52.7%) 1088 (51.5%) 486 (49.3%)
10 753 (26.9%) 936 (34.5%) 818 (38.7%) 423 (42.9%)
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Table 14. Group mean scoref substance use indicators and all risk factorsf the four risk
profiles (Wave I, 201718)

L1
(Low)

L2

(Medium-low)
N=3022 34.79% N=308 (35.4%

L3

(Medium-high)

L4
(High)

N=1920 @2.0% N=64 (7.9%

Cigarette T
eCigarette_¥
Alcohol_T7
Marijuana_17
SmokingFriends 1
SkipClass_14
GetMoney T/
SedentaryTime_1
CESD 2
SchoolConnectedness71
EatingBreakfast 1
Grade T

8

9

10

11

0.14(0.43)
0.35(0.68)
0.73(0.80)
0.17(0.48)
0.28(0.79)
1.28 (0.65)
2.06(1.31)
193 (64.2)
7.31(554)
194 (297)
1865 (61. %)

336 (11.1%)
302(9.99%)
1415 (46.9%)
969 (32.1%)

0.22(052)
0.52(0.80)
0.91(0.84)
0.33(0.64)
0.44(1.01)
1.37(0.76)
2.17(132)
385 (60.0)
8.33(5.90)
18.7(3.01)
1443 (46.9%)

231(7.50%)
207 (6.72%)
1578 (51.2%)
1066(346%)

0.29(0.60)
0.61(0.83)
0.96(0.84)
0.43(0.72)
0.64(121)
1.40(0.75)
2.24(128)
647 (101)
9.37 (5.96)
180 (3.15
718(37.4%)

93 (4.84%)
87 (453%)
1035 (53.9%)
705(36.7%)

0.45 (072)
0.67(0.85)
1.05(0.96)
057(0.78)
0.94(147)
1.62(1.06)
2.24(131)
1176(308)
11.5(7.07)
17.3(3.54)
201 (29.4%)

25 (3.65%)
24 (3.51%)
390 (57.0%)
245 (35.9%)
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Table 15. Group mean scoref substance use indicators and all risk factorsf the four risk
profiles (Wave Il , 201819)

L1 L2 L3 L4
(Low) (Medium-low)  (Medium-high) (High)
N=3385 38.9% N=2847 32.7% N=1776 @0.4% N=686(7.9%)

Cigarette_B 0.21(0.50) 0.30(059) 0.40(0.66) 0.53(0.74)
eCigarette_B 0.66(0.84) 0.87(0.90) 0.95(091) 1.05(0.90)
Alcohol_B 1.03(0.83) 1.14(082) 1.16(0.82) 1.19(0.82)
Marijuana_18 0.37(066) 0.53(0.75) 0.68(0.82) 0.83(087)
SmokingFriends_8 0.32(0.86) 0.46(0.99 0.65(1.19) 0.94(150)
SkipClass_ 8 1.47(083) 156(0.88) 1.69(1.03 1.87(1.21
GetMoney_B 2.47(1.38) 2.57(1.36) 2.58(1.33) 2.50(132)
SedentaryTime_& 209(68.0 403(58.2 653(94.2 1191(347)
CESD & 8.02(557) 9.16(5.95) 10.0(6.15 12.2(6.87)
SchoolConnectedness81 18.9(3.08 18.4(3.09 17.7(3.32 17.0(3.81)
EatingBreakfast_& 1878 (55.826) 1195(42.0%) 593(33.4%) 170(24.8%
Grade_B
9 363(10.70) 202(7.10%) 99 (5.5™%) 20(2.92%)
10 346 (10.20) 179(6.29%) 75(4.22%) 22(3.21%)
11 1611(47.806) 1441(50.6%) 976 (55.0%) 392(57.1%)
12 1065(31.82%6) 1025(36.0%) 626 (35.2%0) 252 (36.70)

5.6 Patterns of Polysubstance Use Among Canadian Secondary School
Students

5.6.1 What are the Polysubstance Use Patterns?

In this thesisanothemprimary research question (RXpinvestigaedwas Wiliat are the patterns of
polysubstance use among Canadian secondary school stadewesall, four distirct polysubstance
use patterngere identified andsummarized as followsubgroupl (S1) represeatno use of any
substancesubgroup2 (S2)was thecohortwith occasional singleise of alcohol; individuals in
subgroup3 (S3) ha duatuse ofe-cigaretteand alcoholandsubgroup4 (S4) represeaticurrent
multi-use group, respectivel

Table16 summarizes the estimates of the conditional response probabilities of each substance use

under the selected model with four latent statuses, denoted as states 1 to 4. Calegor20
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Corr es ponewkrusedoctasional ise & n durrént use espectivelyPredominant
conditional response probébes with larger values are highlighted inlddontto help with
interpretationOverall,the conditional response probabilitiegere well separated, demonstrating
goodhetergeneitybetweersubgroups

Table 16. Conditional response probabilities

Cigarette

Subgroup
Category S1 2 S3 A
0 (Neve) 0.9910 0.9976 0.7653 0.1494
1 (Occasional)  0.0087 0.0024 0.2114 0.4736
2 (Current) 0.0002 0.0000 0.0232 0.3770

E-Cigarette

Subgroup
Category S1 S2 S3 S4
0 (Never) 0.9637 0.8545 0.2946 0.1115
1 (Occasional)  0.0327 0.1218 0.3249 0.1438
2 (Current) 0.0036 0.0237 0.3805 0.7448

Alcohol

Subgroup
Category S1 S2 S3 S4
0 (Never) 0.9472 0.1048 0.1412 0.0296
1 (Occasional) 0.0528 0.6066 0.3441 0.1755
2 (Current) 0.0000 0.2887 0.5147 0.7949

Marijuana

Subgroup
Category S1 S2 S3 S4
0 (Never) 0.9979 0.9803 0.5453 0.0653
1 (Occasional) 0.0016 0.0196 0.3553 0.3337
2 (Current) 0.0005 0.0001 0.0994 0.6010
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Figure 25 illustrates conditional response probabilities involvngltivariateresponse categories
Each subgroup watetermined by the predominant conditional response probabilities of the
substance use(slhe latenstatus can be explainédsed on the corresponding distribution of the
response variabden the parameter estimation.
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Figure 25. Conditional response probabilities

It is observed thatlassl (S1) corresporgito students with no use of any substances, where the
probability of the first category (never useds greater than 94.7% for any substai@ass?2 (S2)
was composed of individuals who typically dsscohol on an occasional basis. This is due to a more
significant probability of occasional alcohol drinking (60.7%), whereas over 85.5% of probabilities
never usd the other three substances in thisgroup. Individuals irClass 3S3) hal larger
probabilities of occasional and current use-ofgaretteand alcohol, being 70.5% and 85.9%,
respectively. The probabilities of using other substances isubigroupvere not prominent,
although therevere 21.1% and 35.5% girobabilitiesof smokingcigaretts andconsuming
marijuana respectivelyIndividuals inClass 4S4) differedfrom those in S3 by having a greater

probability of using multiple substancesncurrently. For instance, the conditionaspense
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probabilities of curreng-cigaretteuse alcoholdrinking, and marijuanaonsumptiorwere 74.5%,
79.5%, and 60.1%, respectively. Thus, S4 corresponds to the heawasaudfioup.

At the beginning of the observation period, the initial probabilities of eselpatternvere 0.5887,
0.2156, 0.1487, and 0.0470, representing the chance of being intise (®1), occasional singlse
of alcohol (S2), dualise ofe-cigaretteand alcobl (S3), and multuse (S4) subgroup, respectively.
The sizes of each use pattane summarized in Tabl&1n particular, S1 was the largest subgroup,
containing 5320 students, accounting for 60.3% of the total sample size (N = 8824) at Wave I,
followed by S2 (21.1%) and S3 (14.1%). Lastly, S4, the highest risk group, comprising current multi
use of substance users, consisted of 399 students, accounting for 4.5% of the total sample size at

Wave I.

Table 17. Size of eaclpattern at Wave | (201617)

Count %
Wave |1 (201617)
S1:No-use 5320 60.3
S2:Occasional singleise (A) 1859 21.1
S3:Dualuse (E+A) 1246 14.1
S4: Multi-use 399 4.5
Grand Total 8824 100.0

5.6.2 What Factors are Associated with Patterns of Polysubstance Use?

Associated with the primary research questiorR{3econdary research question @@xaminel

was Wifiat factors are associated with patterns of polysubstance use among Canadian adolescents?
We estimated theovariates' effects on their initial probabilities to investigate the factors associated
with the diverse use patterns of substances among.ybaibhe18 lists the coefficients of all

predictors with corresponding odds rat{@R) affecting the initial pobabilities for eacluse pattern
membershipunder the selected model. To evaluate the significance of predictors on the effect of

subgroup membership for the initial probabilities, Wald test statisttestjtwas performed based on
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the parameter estimest and standard errors. Correspongivglues were obtained, as shown in

Table18 below.

Table 18. Predictors of subgroup membership for the initial probabilitiesat Wave | (Ref: S1)

Subgroup

S2 S3 S4
intercept
b (beta coefficient) -0.84 -0.54 -0.44
OddsRatios 0.43** 0.58*** 0.65***
Urbanity
b (beta coefficient) -0.20 -0.27 -0.42
OddsRatios 0.82%** 0.77%** 0.66***
Grade/Age
b (beta coefficient) 0.28 0.23 0.41
OddsRatios 1.32%% 1.26%** 1.50%*
Race/Ethnicity
b (beta coefficient) -0.08 -0.06 -0.04
OddsRatios 0.92** 0.9* 0.96"**
GetMoney
b (beta coefficient) 0.13 0.25 0.29
OddsRatios 1.14%** 1.20%* 1.34%**
PAfriends
b (beta coefficient) 0.19 0.17 0.10
OddsRatios 1.21%** 1.18*** 1.10*
EatingBreakfast
b (beta coefficient) -0.22 -0.45 -0.59
OddsRatios 0.80* 0.64*** 0.56**
SmokingFriends
b (beta coefficient) 0.30 0.59 1.01
OddsRatios 1.35%** 1.81%** 2.75%**
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Subgroup

S2 S3 S4
SupportQuitDrugAlcohol
b (beta coefficient) 0.22 0.26 0.36
OddsRatios 1.25%** 1.30+** 1.43***
Sex
b (beta coefficient) -0.20 0.29 -0.22
OddsRatios 0.74** 1.34** 0.80**
SkipClass
b (beta coefficient) 0.51 0.65 1.8
OddsRatios 1.67%* 1.92%** 2.79%**
BMI_CATEGORY
b (beta coefficient) 0.20 0.18 0.5
OddsRatios 1. 22%** 1.20*** 1.28**
SchoolConnectedness
b (beta coefficient) -0.06 -0.09 -0.20
OddsRatios 0.95** 0.91*** 0.82%**
SedentaryTime
b (beta coefficient) 0.00 0.00 0.00
OddsRatios 1.00* 1.00%** 1.00%**
GambleOnline
b (beta coefficient) -1.55 -1.98 -2.54
OddsRatios 0.22%** 0.24%** 0.08***

Note:*** p<.00001 ** p<.003 * p<.05; ***The result isotsignificant atp < .05.

This table demonstratéisatmostof the predictordiad statistically significant effeston the
subgroup membershgrrossall groups relative toS1 A couple of predictorslid not have consistent
results showing significant effts of the initial probability across subgroups. For example, although
ethnicityandsexhad significant effects on the membership of S2 anddB#he initial probability,

theywere not significant on the initial membership of S4.
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The following sectionsummarize theariableimpact based on theguositive,negative or mixed
effects.

5.6.2.1 Positive Effects

Overall, urbanityracegthnicity, eating breakfast, school connectedness(faot)igambing online
consistently hagositiveeffects on the initial mendsship in the S2 through S4 subgroups, relative to
S1 In other words, the odad¥ starting inany of the S2 to S4 pattermslative toS1,were
consistentlylower for students who reportgir exampleliving in large urbar(vs. medium urbai,
being Black(vs. Whité), eating breakfadivs. not eating breakfastiavinga higher scoreof school

connectednedys. onescore lower)or not gambling online (vs. gambling online)

Taking the covariatd Ga mb | e On | i n e (see&igure6e Véaxed,stupléntsvho
reportednot gambling online for money for the last 30 dayer@less thar0.08times likely tostartin
the current multuse (S4) subgroupelativeto the neuse (S1) subgroup thavere thosevho
reported gambling online, assuming that all the other varia@esheld constantSimilar

interpretatios apply to other positiveeffect covariatesreferring to Table &

[ GambleOnline S1 (REF) S2 S3 S4 >
Wres (REF)  GREF WREF «REF WREF
«No WREF WOR = 0.22* (OR = 0.14"* (OR = 0.08***

Figure 26. Example of positive effects on thaitial membership

5.6.2.2 Negative Effects

On the contrary, eight covariates, namely: gfagle weekly moneyto spend/save onesgethe
number of physically active friends, the number of smoking friends, school support fiorgairitigs
and alcohol, the numbef skipped classe8MI category and sedentary timeonsistentlyhad
negaive effects on the initialmembershipn the S2throughS4 subgroupsrelative toS1.That is, the
odds of starting in any of the S2 to S4 pattergistiveto S1, were consistenthigher for students

who reportedfor examplejn a higher grade (venegrade lower), havingreater than $10@eekly

2 Large urban vs. medium urban vs. small urban vs. rural
3 Other vs. Latin American/Hispanic vs. First Nations vs. Asian vs. Black vs. White
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money(vs. $21$100), five or morephysically active friendgvs. #), five or moresmoking friends
(vs. #), residing in a schoalery ursupportive(vs. unsupportivé), havingmore than 20 classes
skipped(vs. 11 to 2@lasse¥, beingobese (vsoverweight), or having longer sedentary tinfes.

oneminute shorter)

Taking t hs8kipClasy aa $ aa e @& x amp,lateNaye$, anendiidua who e 2
reportedskipping 1 or 2 classegasmorethan2.79times likely tostartin the current multuse (S4)
subgrouprelativeto the neuse (S1) subgroup thavasan individual who reportezero skipped
clas®s assuming that all the other variablesreheld constanfThe same OR applies tomparing
all the categories, i.efizer@d vlsor 2 classesv s 3 toSiclassedv s 6 to ID class@s ¥ild to
20 classed v sore th@&nNO classé@sSimilar interpretationsold for othernegdive-effect

covariates, referring to Tablé.1

[ SkipClass S1 (REF) S2 S3 S4 >
«Zero (REF)  «REF oREF oREF oREF
ol or 2 classes GWREF GOR = 1.67** DR = 1.92%* (DR = 2.79**

Figure 27. Example of negaive effects on theanitial membership

5.6.2.3 Mixed Effects

The covariatesexhad mixed negative and positive effects the initial membership in the S2 through
S4 subgroups relative to Sthe interpretation of this finding can semmarizeds follows.

Assuming that all the otheariables were held constant Vdave |, a male student whssthan0.74
times as likely to be in the occasional singée of alcohol (S2) subgrouglativeto the neuse (S1)
subgroup and wdsssthan0.80times as likely to be in the current meise (S4) subgrougelative

to non-uses (S1) subgroup thanfamale student. Whereas at Wave |, a male student was more than
1.34 times as likely to be in the duade ofe-cigaretteand alcohol (S) subgrouprelativeto the ne

use (S1) subgroup tharfemale studentwith all the other variables held constdfigure 28

4 Greater than $100s. $21$100 vs. $1$20 vs. zero
55 or more friends vs. 4 friends vs. 3 friends vs. 2 friends vs. 1 friend vs. none
65 or more friends vs. 4 friends vs. 3 friends vs. 2 friends vs. 1 friend vs. zero
”Very unsupportive vs. unsupportive vs. supportive vs. verpatiye
8 More than 20 classes vs. 11 to 20 classes vs. 6 to 10 classes vs. 3 to 5 classes vs. 1 or 2 classes vs. zero
9 Obesevs. overweight vs. healthy weight vs. underweight vs. not stated
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illustratesthe mixed effects oexon the initial membership of use patterwith a positive effect
highlighted ingreenand a negative effect ned.

[ Sex S1 (REF) S2 S3 S4 >
«Female (REF) «REF WREF WREF WREF
«Male WREF WOR = 0.74* OR=1.34*  OR = 0.80+++

Figure 28. Example of mixed effects on the initial membership

5.6.3 Initial Probabilities of Different Subgroup Membership by Demographics

To further investigate initial probabilities of different subgroup membershimbyusdemographic
cohors, e.g.,sex grade etc.,Table © summarizes the initial probabilities ofvérsesubgroup
membership by additional demographic informatieith significant information highlighted in bold

font.

Table 19. Initial probabilities of different subgroup membership bya demographic cohortat
Wave | (201617)

Characteristics Subaroup
S1 S2 S3 S4
Sex Female 0.5896 0.2350 0.1245 0.0509
Male 0.5877 0.1923 0.1778 0.0422
Grade 7 0.7578 0.1354 0.0895 0.0173
8 0.6743 0.1852 0.1139 0.0266
9 0.6125 0.2077 0.1392 0.0405
10 0.4967 0.2520 0.1836 0.0676
Province AB 0.4505 0.2594 0.2024 0.0878
BC 0.5876 0.2135 0.1494 0.0495
ON 0.5691 0.2240 0.1568 0.0501
QC 0.6762 0.1820 0.1133 0.0285
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Characteristics Subgroup
S1 S2 S3 S4
Urbanity Rural 0.2977 0.2734 0.2539 0.1751
Small urban 0.5155 0.2370 0.1811 0.0664
Medium urban  0.5435 0.2335 0.1682 0.0548
Large urban 0.6440 0.1983 0.1245 0.0332
Ethnicity White 0.5828 0.2264 0.1483 0.0426
Black 0.5668 0.2094 0.1698 0.0540
Asian 0.6375 0.1882 0.1327 0.0416
Aboriginal 0.4354 0.1935 0.2253 0.1457
Latin American = 0.6129 0.1735 0.1533 0.0603
Other 0.6269 0.1771 0.1406 0.0555
Household @ $25K- $50K 0.6845 0.1831 0.1062 0.0262
Income $50K - $75K 0.5723 0.2184 0.1579 0.0514
$75K - $100K 0.5711 0.2260 0.1536 0.0492
>$100K 0.5548 0.2233 0.1650 0.0568
BMI Not stated 0.6684 0.1651 0.1248 0.0418
Underweight 0.6598 0.1850 0.1214 0.0338
Healthy weight  0.5778 0.2303 0.1481 0.0438
Overweight 0.5030 0.2493 0.1836 0.0641
Obese 0.4540 0.2577 0.2128 0.0755

5.7 Exploring Dynamic Transitions of Youth Polysubstance Use Patterns

5.7.1 How Do Transition Behaviours Change Over Time?

The last primary research question (R@®gstigated was

over t

me

AfHow do

transition

i Mransitore propadbilitiesevera calCuated with the LMM modelliag

address this research questidables20-21 show the averagedatnsition probability matrix across
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the three waves and the transition probabilities from Wave | to Wave Il (upper portion) and Wave I
to Wave Il (lower part), with the diagonal in bold font to assist interpretation. Fig@+8%iRustrate

the averagettansition probabilitiesndtransition probabilitiebetween subgroups (Wavé\l Wave

Il and Wave 1A Wave lll). Although the subgroup prevalence at different time occasians

similar, and the transition probability matrix revedihat an individual'sise pattern membership at
any time occasiowas likely to be the same as the previous time occasion, wWasraevertheless
changebetween subgroups. Except for the diagonal, the largest transition probabilities under each
subgroup were marked with an @mglcore, showing the most significant chance of change between
subgroups. For instance, those in the S1 subgroup at Wagie12tal% chance of being in the S2 at
Wave Il. Those in the S2 subgrouptaad3.8% chance of transitioning to the S3 subgroljfeate

Il. Those in the S4 subgroupda 9.4% chance ahoving tothe S1 subgroup and a 6.4% chance of

moving to the S3 subgroup at Wave II.

Table 20. Averaged transition probabhility matrix across the three waves

Subgroup S1 S2 S3 S4

S1 0.5740 0.2510 0.1528 0.0223
S2 0.0061 0.5210 0.4447 0.0283
S3 0.0098 0.0007 0.7092 0.2804
S4 0.0754 0.0051 0.0528 0.8668
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Figure 29. Diagram of averaged transition probabilitiesacross the three waves

Table 21. Transition probabilities by waves (pper portion: Wave | A Wave Il; lower portion:
Wave Il A Wave IlI)

Wave Subgroup S1 S2 S3 S4

Il S1 0.5845 0.2512 0.1433 0.0209

(201718) S2 0.0066 0.5271 0.4375 0.0288
S3 0.0127 0.0007 0.7176 0.2690
S4 0.0943 0.0061 0.0635 0.8361

Il S1 0.5635 0.2507 0.1622 0.0236

(201819) S2 0.0055 0.5149 0.4519 0.0277
S3 0.0068 0.0007 0.7007 0.2918
S4 0.0565 0.0040 0.0420 0.8975
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Figure 30. Diagram of transition probabilities (Wave | A Wave Il)
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Figure 31. Diagram of transition probabilities (Wave 1l A Wave III)
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Table22 demonstrates the estimated marginal distribution of the four patterns of polysubstance use
(S1 through S4) for each wave.

Table 22. Estimated marginal distribution of the four use patterrs (S1-S4)

Wave Subgroup

S1 S2 S3 S4
| (201617) 0.5887 0.2156 0.1487 0.0470
Il (201718) 0.3742 0.2504 0.2652 0.1101
I (201819) 0.2368 0.2201 0.3408 0.2022

It shows that the probability of S1 constantly decréaseoss the three waves (0.58870.3742
A 0.2368); the probability of S2 increasieom Wave | to Wave Il (0.2156 0.2504) and then
decreasgfrom Wave Il to Wave 1l (0.2504, 0.2201). The marginal distribution of SB1487A
0.2652A 0.3409 and S40.0470A 0.1101A 0.2023 steadilyincreasd over time, indicating a
general tendency towards increasing use in dual and multiple substances. It is observed that the
growth rate of S3cp= +0.1156)was greater than that of $¢=+0.0631) from Wave | to Wave I,
and the growth rate for &= +0.0756) and S4gp= +0.0921)was similar from Wave Il to Wave

lll. Figure 2 illustrates the marginal distribution of all the faige patternsver time.
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Figure 32 Estimated marginal distribution of the four subgroups (S1S4)

By examining the incremental changp (n transition probabilities frorivave Il to Wave Il vs.
Wave | to Wave II, we found that the probability of staying in S4 increapad +0.0614) across
time. In contrast, thprobability of staying in any of the lower use pattern subgroups S1 to S3
decreased over timeg = -0.0210,032 =-0.0122, andps = -0.0169). In terms ofhange the
following transition probabilities increased across timeAS$3 (s s3=+0.0189, S1A S4
(o3 sa=+0.0027, S2A S3 (eas3=+0.0144, and S3A S4 @sasa=+0.022§. On the contrary,
the decreased transition probabilities included®S$2 (14 s2=-0.0005, S2A S1 @@as1=-
0.001), S2A S4 (2nsa=-0.001), S3A S1 (Osas1=-0.0059, S4A S1 @ns1=-0.0379, S4
A S2 uas2=-0.002), and S4A S3 (s s3=-0.0215. The transition probability of S8 S2
across the three waves was unchar(geg s> = 0). Table B summarizeshese incremental changes

of the initial membershiprobabilities over time.
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Table 23. Incremental change in transition probabilities across the three waves

= Pwiiawm T Pwiawnr  S1 S2 S3 S4

S1 -0.0210 -0.0005 0.0189 0.0027
S2 -0.0011 -0.0122 0.0144 -0.0011
S3 -0.0059 0 -0.0169 0.0228
S4 -0.0378 -0.0021 -0.0215 0.0614

Local decoding is based on the maximum posterior probability. TdlgeeBents the prediction of
each subgroup membership at different time occasibissnoted that the prevalence of S1 through
S4 gradually decreased at Wave Il as well, being 38.8%, 24.8%, 24.7%, and 11.7%. A similar trend
was observed iWvave Ill data24.9%, 22.6%, 32.4%, and 20.1%, with the obvious exception in S3,
with the highest prevalence of 32.4%, instead of S1 found with the other two waves. The longitudinal
evidence of use patterns showed that although thesedS1) subgroup at Wave | wasrieent, its
prevalence decreased over time (WaveWa v e si1=F21.5%pWave llh Wav e dhd-1: o
13.9%). In contrast, the prevalence of the other three use patterns (S2 to S4) increased(Wave |
Wave o=l (+ 3ps7=%0, + 100 46 94,2%;qave A Wa v e -2 . 2 = +7q7%,
x4 = +8.4%), except for S2 decreased by 2.2% from Wave Il to WawylNWave Ill, S3became
the prominent use pattern. Althou§# had been the minor use pattern actbeshreevaves, itis
alarming thatthe prevalence increased by 4.5 times from WavéNdeelll, and by Wave 1, its
prevalence became very closeés®and S1The estimated marginal distribution plot and transition
patterns (Figures 323 in Chapter 5 Results, Section 5.7.1)idethis trend.
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Table 24. Prediction of subgroup membership at different time occasions

Count %

T1 (Wave |, 201617)

S1:No-use 5320 60.3

S2:Occasional singleise (A) 1859 21.1

S3:Dualuse (E+A) 1246 14.1

S4: Multi-use 399 4.5
T2 (Wave Il, 201718)

S1:No-use 3425 38.8

S2:Occasional singleise (A) 2191 24.8

S3:Dualuse (E+A) 2178 24.7

S4: Multi-use 1030 11.7
T3 (Wave lll, 2018-19)

S1:No-use 2197 24.9

S2:Occasional singleise (A) 1992 22.6

S3:Dualuse (E+A) 2861 324

S4: Multi-use 1774 20.1
Grand Total 8824 100.0

Figure33 illustrateseach individual's transition curves (left panel) &radhsition patterns (right

panel)across the three waves.
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Figure 33. Transition curves (left panel) and transition patterns (right panel)

5.7.2 What Factors are Associated with Dynamic Transitions of Use Patterns?

One of the secondargsearch questions (RQ5), issaciaion with the primary research question
RQ3,examire d Whatfifactors are associated with dynamic transitions of use pati&&h that
the parameter estimationdambersomand the interpretation may be difficult, t@ds for all
covariats of transition between different use patterns are presented inZbableis table
demonstrates the average effect of each covariate on the transition probability to the different
subgrows, conditional on the subgroup at WavB8de AppendiP for detailed covariates' effects on

the transition probabilities witboefficiens.
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Table 25. Oddsratios for all predictors of transition between use patterngN = 8824)

Characteristics/Subaroup S1 S2 S3 S4
Urbanity
S1 REF 0.87* 0.87 0.74*
S2 5.19%** REF 0.93* 120"
S3 0.83** 0.62** REF 0.86*
sS4 51.62** 3.25%* 0.03*** REF
Grade/Age
S1 REF 0.93* 0.90¢ 0.77*
S2 0.68 REF 0.93** 0.66*
S3 0.97* 1.28 REF 0.95*
S4 0.41%** 0.69 0.75" REF
RaceEthnicity
S1 REF 0.90** 0.99** 0.54*
S2 1.76* REF 0.97+** 0.94+
S3 1.25* 0.56** REF 0.82+**
S4 1.29+ 0.85** 1.86 REF
GetMoney
S1 REF 1.20%** 1.38** 1.59
S2 0.59* REF 1.19%** 1.30"
S3 0.59* 0.7% REF 1.18*
S4 0.72"** 0.87* 0.2 REF
PAfriends
S1 REF 1.25%** 1.25** 1.3+
S2 0.33*** REF 1.23** 0.4
S3 0.67*" 1.03% REF 1.10*
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Characteristics/Subaroup S1 S2 S3 S4
sS4 0.18*** 0.30r** 175.92** REF
EatingBreakfast
S1 REF 0.81* 0.56*** 0.42
S2 1.55** REF 0.69** 0.96**
S3 1.16** 1.15** REF 0.60**
S4 59.08*** 0.03*** 135.32** REF
SmokinaFriends
S1 REF 1.14* 1.60** 2.98**
S2 0.5+ REF 1.39** 2.95**
S3 0.46*** 7.18%* REF 2.20%%*
S4 0.00** 0.96™ 0.00** REF
SupportQuitDrugAlcohol
S1 REF 1.25** 1.22~ 1.97**
S2 5.67%** REF 1.1# 1.%*
S3 0.13*** 1.82* REF 1.03%*
S4 0.14%** 0.5 0.02+** REF
Sex
S1 REF 1.28** 1.72%* 2.53***
S2 0.63** REF 1.38%** 2.43%*
S3 0.36** 0.53*** REF 1.50**
sS4 0.00x** 0.96"** 0.06*** REF
SkipClass
S1 REF 1.17%** 1.16~ 0.9
S2 0.27* REF 1.00* 1.16™*
S3 0.29+* 0.27*** REF 1.06™*
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CharacteristicsSubgroup S1 S2 S3 S4

S4 0.71* 0.02+* 98.97** REF

BMI CATEGORY

S1 REF 1.02 0.94%* 0.94"
S2 0.68° REF 1.00™" 0.88*
S3 1.44+ 0.73 REF 0.95
S4 1.157 1.35* 1.03™ REF

SchoolConnectedness

S1 REF 0.65** 1.31* 2.29*
S2 2.6 REF 1.10™ 0.18***
S3 1.65** 1.30** REF 1.82%**
S4 300.2%** 0.06*** 0.46** REF

SedentaryTime

S1 REF 1.00* 1.00** 1.00¢
S2 0.99 REF 1.00* 1.00¢
S3 1.00™ 0.99" REF 1.00*
S4 1.00¢ 1.00* 1.01%** REF

GambleOnline

S1 REF 1.3+ 0.917 0.17%**
S2 1.44%** REF 1.3 3.3
S3 0.72%** 0.70** REF 1.387
S4 0.68*** 1.027 0.00* REF

Note: *** p<.00001** p<.001;* p<.05;"The result imotsignificant atp < .05.

Similar to the interpretation of the covariates' effects on initial probabilitiesymenarizehe
covariatesd effects on the tr aesgaiveprimigedeffpcisobabi | i t i
Thiswas determined by examining the upper and lotniangular matrices of each covariate in Table

25. Suppose the odds ratios on the ugpi@ngular matrixwvere greater thanne In that casgit
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indicatesa higherOR (>1) of transitioning to a higher use pattern, conditional on the reference group
at Wave I. In other words, thefaetorsare more likely to contribute tthe dynamic transitiortio a

higher subgrougSuppose the odds ratios on the ugp@ngular matrixvere less than 1. In that case

it indicatesa lowerOR (<1) of transitioningo a higher use patteroonditional on the reference

group at Wave,Isuggeting apositive effecobnthetransition probabilityto a higher subgroup.

Suppose th©Rson the uppetriangular matrixveremixed with values greater thameand less
thanone In that casgit indicates mixed effects on transition probability to a higher use pattern,

conditional on the reference group at Wave I.
5.7.2.1 Moving From a Lower Use Pattern to a Higher One

5.7.2.1.1Positive Effecs

Overall, gradfage racekthnicity, and eating breakfasbnsistentlyhad positive effectenthe
transition probabilities fromalower use pattern ta higher use groupver time Taking the covariate
EatingBeakfastas an examplésee Figure &, among students who started in theuse subgroup
(S1) at Wave I, those who reported eating breakfast ssetharD.42times likely tomove tothe
current multtuse subgroup (S4glativeto S1 at Wave Il thawerethosewho reportedhot eating

breakfastwith all the other variables held constant

Eating breakfast

l No (REF) S1 S2 S3 S4
Yes
651 uREF WOR = 0.81t0OR = 0.56***  «OR = 0.42*
652 WREF GOR = 0.69** WOR = 0.98*
683 uREF WOR = 0.60**
uB4 uWREF

Figure 34. Example of positive effects on thelynamic transitions from a lower use pattern to a

higher one

5.7.2.1.2Negative Effects

Generally, five covariag includingweekly moneyto spend/save onesgthe number of smoking
friends, school support for gtirtg drugs and alcohosex(being males)and sedentary time ta
consisterly negative effecten thedynamictransitions from a lower uggattern to a higher onEor

instance, for the covariafthe number of smoking friendg¢see Figure 3), with all the other
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variables held constaramong students who started in theus® subgroup (S1) at Wavehpsewho

reported having one smokingend weremore tharR.98 times likely tdransition tothe current

multi-use subgroup (S4) in relation to S1 at Wave Il than wersewho reported zero friends who

smoke The same OR appliesitoNone o6 vs. #Al1l friendo vsf.rinndsgd ends

v s 5 or more friends 0

SmokingFriends

l Zero (REF) S1 S2 S3 S4
1 tnend
81 «REF WOR = 1.14* WOR = 1.60** (DR = 2.98***
082 «REF WOR =1.39* (OR=2.9%
083 WREF WOR = 2.29%*
w4 «REF

Figure 35. Example of negaive effects on the dynamic transitions from a lower use pattern to a

higher one

5.7.2.1.3Mixed Effects

More covariates lthmixed effects on transition probabilities than on initial probabilities. The
variables with inconsisteneffects on the transition probabilities from a lower use pattern to a higher
one includaurbanity, the number of physically active friends, the nurobskipped classe&MI
category school connectedness, and gamble online. TakinGadihableOnline effect as an example,
with all the other variables held constaafjong students who started in the singde of alcohol
subgroup (S2) at Wave I, those wieported not gamisig online for money for the last 30 days were
more tharB.34 times likely tanove tothe multiuse subgroup (S4) in relation to S2 at Wave |l than
werethose who reported ganitd online. Whereas among students who started in thesao
subgroup (S1) at Wave I, those who reportetijambling online for money for the last 30 days were
less thar0.17 times likely totransition tathe current multuse subgroup (S4) in relation to S1 at
Wave Il than were those who reported gamble onkigire 3 demonstratethe mixed effects of
GambleOnlineon the dynamic transitions from a lower use pattern to a highewithea positive

effect highlighted irgreenand a negative effect ied.
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GambleOnline

l Yes (REF) S1 S2 S3 S4
No
«BS1 «REF WOR = 1.37+++ GOR = 0.91+++ DR = 0.17%**
52 «REF WOR = 1.32+++ DR = 3.34***
53 uREF GOR = 1.38+++
B4 WREF

Figure 36. Example of mixed effects on the dynamic transitions from a lower use pattern to a
higher one

5.7.2.2 Moving from a Higher Use Pattern to a Lower One

Likewise, the odds ratios on the lowteiangular matrix indicate the effects on transition probability
from a higler use pattern to a lower one, conditional on the reference group at Wave |. A summary of
the variables and their effects followsasedn thelower-triangular matrixpresentedn Table 5.

5.7.2.2.1Negative Effects

Only two covariates, weekly money to spend/save oneself and sex, consgffestiydthe transition
probabilities from a higher use pattern to a lowerioreenegative wayBeing males or having more
weeklymoneywas associated withn increased risé&f dynamic transitioimg from a higher use
pattern to a lower onaver time For instanceamong students who startedfie dualuse of e
cigarette and alcohol subgroup (S3) at Wavedlestudentsvereless tharD.36timesaslikely to
transition tothe no-use subgroup @ in relation to S at Wave Il than weréemalestudens, with all
the other variables held constafigure ¥ demonstrates theegativeeffects ofgenderon the

dynamic transitions from laigher use pattern tolawer one.

Sex
I Female (REF) ST . el =7 >
nvrare
oSl uWREF
w2 wOR =0.63** oREF
053 0OR =0.36*** WOR=0.53"* (REF
w84 WOR = 0.00%* GOR = 0.96+++ (OR = 0.06"* (REF

Figure 37. Example of negative effects on the dynamic transitions fromlaigher use pattern to a

lower one
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5.7.2.2.2Mixed Effects

More covariates lthinconsistent effects on the transition probabilities fronigher use pattern to a
lower one.These variables angrbanity, grad&age raceéthnicity, the number of physically active
friends,eating breakfasthe number of smoking friends¢hool support for quitting drugs and
alcohol, the number of skipped classes, Risliegory school connectedngssedentary time, and
gamble onlineFor examplewith all the other variables held constatfjong students who started in
thesingleuse of alcohol subgroup Zpat Wave Ithose who reported not garig onlineweremore
thanl.44 timesaslikely to transition to the noise subgroup (S1) in relation to &Wave Il than
were those who reported gamble onliHewever,among students who startedttie current multi
use subgroup (S4) at Wave I, those who repartédambing online werdess than0.68timesas
likely to transition to the noise subgroup (S1) in relation td & Wave Il than were those who
reported gamble onlin&igure B shows the mixed effects of GambleOnline on the dynamic
transitions from digher use pattern tolawerone with a positive effect highlighted mreenand a

negative effect imed.

GambleOnline
[ Yes (REF) 5T =5 =7 =7 >
NO
ub1l uREF
ub2 0OR = 1.44**  GREF
uH3 WOR =0.72%* WOR=0.70"* (REF
w4 WOR = 0.68*** OR =1.02+++ OR =0.00"* (REF

Figure 38. Example ofmixed effects on the dynamic transitions from a higher use pattern to a

lower one

In summary, thishapterepotedthe study results, starting froll for missingvalues descriptive
statisticsfactors associated with youth polysubstance tisle profilesphenotypesand the dynamic
transitions ofpolysubstancese patternamong youthThe next chapter williscusghekey findings
from public health andiL methodological perspectivethecontributiors to the practice andhe

literature strengths and limitations this thesis, ad future research directions.
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Chapter 6

Di scussi on

This chapter discusses the key findin§this thesis, including the main results of risk profiling,
patterns of polysubstance use among youths, and the dynamic tranditioese use patterns over
time. Theperceptiongrom a methodological perspective, particularly the selection and apgepri
application of ML methods modelling risk profiles and dynamic transtising the COMPASS
data ML interpretability and fairnessnd data infrastructure and capacity that enables dé also
discussedFinally, the contributios of this thesido public health praitionersandtheresearch

communitiesthe strengths and limitations, and future wafes presented in this chapter.
6.1 Key Findings
6.1.1 Phenotyping Risk Profiles of Youth Polysubstance Use

6.1.1.1 Overview of the Risk Profiles and Associated Factors

One of the primary research quesignR Q1) of t hi s t hesi s was, i Wh at
pol ysubstance use among Canadian secondary schoc
we first identified the top eight factoassociated with youth polysubstance use. Ranked by the

variable importance, these factors include the number of smoking friends, the number of skipped
classes, weekly money to spend/save oneself, sedentary time, CESD, school connectedness, eating
breakfag and grade (as a proxy of age). These factors are consistent with the findings in the
literature.Some of the risk factors that correlate with polysubstance use among youth included age,

sex, ethnicity, eating habits, PA and sedentary behaviour, sooiactedness, and family and peer
influence(seeChapter 2 Literature Revigwection 2.1.3)Although some studies reported that sex

and race/ethnicity play an important role in youth polysubstasegl3,14,40,41)these two were

not ranked as top faaes in the COMPASS data. Therefore, we did not include them for phenotyping

risk profiles.

The four risk profiles of polysubstance use among Canadian youth identified in this thesis were low
risk (L1), mediumlow risk (L2), mediumhigh risk (L3), and high risk (L4), based on the three
annual waves of the linked samples from the COMPASS datasgiwed. This was achieved by
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utilizing the top eight factors correlated with polysubstance use and the four substance use indicators,
i.e., cigarette smoking;@garette use, alcohol drinking, and marijuana consumption. Numerous
studies in addiction resrch have examined the risk factors associated with polysubstance use among
youth or have identified use patterns. To our knowledge, no literature thus far has ever taken such a
holistic approach to explerisk profilesamong youth. Although no directrmparisons between our

results and other studies can be performed, this thesis sheds light on the phenotyping risk profiles of
youth polysubstance use with cresectional and longitudinal evidence. The four profiles identified

in this thesis provide a moowmprehensive overview of the prominent characteristics for each of the

different risk levels of engaging in polysubstance use among this cohort.

The following section discussthe heterogeneity in therevalenceand phenotype across these
four risk profiles The numbergresengd in the next section represent the group average across the

risk profiles unless otherwise stated

6.1.1.2 Heterogeneity in Risk Profile Phenotypes

Overall, at Wave I, the majority of studend2(5%) were at low risk (L1), closely followed by L2
(31.5%) and then L3 (24.5%). Only about a tenth of students belonged to thieski@t?) profile

for Wave 1, accounting for 11.5% of the total sample size (N = 8610), which etpuates
approximately oe-third of the lowrisk population for all three waves. This trendlservedacross

all three wavesexcept folWave Il, where a slightly higher percentage (35.4%) of students were at
mediumlow risk (L2) than those at low risk (L1, 34.7%) (see Tab®43in Chapter 5 Results,
Section5.5.2. By examining the longitudinal prevalence across the three waves, we found that over
time, the number of students at low risk (L1) increased (from Wave | to Wave lll: 32.8%7%A
38.9%). In contrast, the numbafr students decreased at btiikmediumhigh risk (L3, from Wave |

to Wave llI: 24.5%A 22.0%A 20.4% ) andhehigh-risk group(L4, from Wave | to Wave IlI:
11.5%A 7.9%A 7.9%), over time. Interestingly, the prevalence of students at mddmmsk

(L2) increased from Wave | to Wave Il (31.98635.4%) and decreased from Wave Il to Wave Il
(35.4%A 32.7%).

In general, our findingeevealthat students who belonged to ther-risk (L1) profile group, on
average, had the lowest mean values (scores) for substance use, CESD, and sedefitaey tiise.
had, on average, fewest smoking friends, fewest skipped classes, highest mean scores of school

connectedness, and reportedireg breakfastOn the contrary, those who belonged to the ‘igk
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group (L4), on average, had the highest mean values (scores) for substance use, CESD, and sedentary
time. And in contrast to L1, they tended to have the highest number of smoking, ftiendighest

number of skipped classes, the lowest mean scores of school connectedness, and on average, reported
not eating breakfast. Additionallywo intermediate risk profiles were identifiedtweerL1 and L4

the mediumow risk (L2) and the mediurhigh risk (L3) grouplt is observed that similar trends of

risk profiling appear throughout the three waves, showing consistent risk profiles over time, including

the four substance use indicators and the top factors associated with youth polysubstance us

It is observed thatlcohol was the most prevalent substance used by Canadian youth, followed by
e-cigaretts. Cigarette and marijuana shared a similar prevalence at Wave | across the four risk
profiles. However, the prevalence of marijuana consumirticneased more rapidly than that of

cigarette smoking over time.

Based on the Boruta algorithm of variable importance ranking, the top 3 features that affect youth
pol ysubstance use are unrelated to deumibegof aphi c i
smoking friends, o Athe number of skipped cl asses
ranked top 3 across the three waves. The first two features reflect peer influence and risky behaviour.
The risk profiling indicates that peer influences more impact on polysubstance use among youth
than any other identified risk factors.

By investigating the crossectional evidence on other included factdris thesis reveakhat a
sedentary lifestyle was associated with higk of polysubstance asOur findingagreeswith West
et al.(2020) that sedentary behaviour was positivelgted tcadolescent drinking and marijuana
consumption(130). Existing research indicates that sedentary behaviour might be a determinant for
adolescent alcohol andamjuana consumptiofL30). The same trend was observed for Wave Il and
Wave lll. Comparing L4 vs. L1 for the last two waves, ¢béentantime differences were similar to
Wave [, 6.09 times (1176/193) for Wave Il and 5.70 times (1191/209) for Wa®@milar to the top
3 factors, the magnitudes of sedentary time across the four risk gwagps Il vs. Wave Iyange
from 1.16 times (L3) to 1.23 times (L1) over time.

Students in the highisk group (L4) had a lower mental health status, whichimdisated by the
largest CESD scores. That is, the higher the CESD scores, the more significant the depressive
symptoms that were reported. AccordindRadloff (1977), a CESD scofe 10 indicates clinically

relevant depressive symptoifi81). In Wave Idata, students in the L4 group had a CESD score of
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10.8a 6.70, indicating that, on average, this group of individuals already experienced clinically
relevant depressive symptanin contrast, those in the lersk group (L1) had the smallest CESD
score 67.08 £ 5.39. Subsequently, the medilow (L2) and mediurhigh (L3) risk groups had
average CESD scores of 8.34 + 5.89 and 9.30 + 6.04, respectively, with significant differences
between each risk group. The same trend was observed in Wave Il and.ITlidaagreeswith
Halladayet al.(2020), which also found an association between substance use and mental health.
Many studies have found that individuals in the raue group report high@sychiatric symptoms,
including depression and anxietiianthe singleuse groug49,50) In a systematic review by Cairns
et al.(2014), the authors identified polysubstance use as a modifiable risk factor for depression

among youth(132).

Comparingacross the fourisk profilesL1 through L4Wave Il vs. Wae 1), themagnitudes of
the CESDscore were similarl.13 times (L1)1.10 timegL2), 1.08 timegL3), and 1.13 timef_4),
implying that theincremental rates for the CESD score were consistent across the four risk patterns
over time. Apreviouslydiscussed, students in the higék group (L4) already experienced
clinically relevant depressive symptoms at Wave | and throughout Wave lib doe increasing
CESD scores over time. It was noted that, on average, individuals in the L3 risk group started to have

clinically relevant depressive symptoms at Wave lII.

In addition, this thesis identified good nutritional habits, such as eating lstakéme associated
with the low risk of polysubstance use among Canadian youth. For example, at Wave |, the majority
(65.4%) of the students in the lengk group (L1) ate breakfast, while only 31.9% of the students in
the highrisk group (L4) ate break$a The prevalence of eating breakfast decreased while the risk
level increased from lowisk (65.4%), mediurtow (51.6%), mediurhigh (42.4%), to highrisk
(31.9%). This similar pattern can be seen throughout the three waves, as shabiesnB-15. Our
finding is consistent with the literature about youth polysubstance use and the correlation of nutrition
related attitudes. For example, Isralowitz and Trostler (1996) reported that substance users were more
likely to be at greater risk of poor eating hapincluding not eating breakfast or not eating three
meals daily52).

The longitudinal evidence of the risk profiles concerning the four substance use indicators showed
that, in general, the scores of these indicators increased across the threéndi@eding that with
time, students engaged to higher use of each substance across the risk profiles (L1 through L4). Note
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that the incremental rate of marijuana consumption in the low risk (L1) group from Wave | to Wave

Il was the largest (6.17) amotige four substances, followed bycigarette use (4.71), cigarette

smoking (3.5), and alcohol drinking (1.64). Comparing the incremental rates of the score of substance
use indicators across the four risk profiles, the-t@mk group had the most significaincrease,

followed by L2, L3, and L4, subsequently.

Lasty, si ng studentsd grade | evel as a proxy of th
the top factors associated with youth polysubstance use. Among the four risk profiles idéinified,
high-risk group comprises ainly older students, while most levisk groups were their younger
peers. For example, within the lengk group (L1) at Wave |, 23.9% of students were in grades 7/8
and 26.9% in grade 1t the highrisk group (L4) at theame wave, only 7.8% of students were in
grades 7/ 8, and 42.9% were in grade 10. A similar pattern was observed at Wave lisa®d 111 (
Tables13-15 in Chapter 5 Results, Sectibrb.2. This finding concurs with published literature that
the age of adekcents directly correlates with increased risk of using substances
(13,32,41,44,46,133,134)e., the older the youth, the higher the likelihood of using substances.

6.1.2 Patterns of Polysubstance Use Among Canadian Secondary School Students

6.1.2.1 What are the Polysubstance Use Patterns?

Anot her primary research question (RQ2) investic
pol ysubstance use among Canadian secondary schoc
polysubstance use patterns among youth, which wets@@S1), ocasional singkeise of alcohol

(S2), dualuse of ecigarette and alcohol (S3), and current rausté (S4). Each use pattern represents

a mutually exclusive overarching theme. The patterns identified suggest an increasing tendency and
frequency of polysultance use with decreasing membership size with higher risk groups, and each

usepattern has considerably different sizes.

Most studies on polysubstance use among youth focus primarily on tobacco, alcohol, and
marijuana use due to the high prevalence efrughis cohort(67). E-cigaretts have not been
considered in many of these studies due to their novelty. However, the populariigafette use
has surged among youth in recent yeatrsnay now be a significant contributing factor to the rise in
youth polysubstance ugg3,14) Moreanet al. (2016) examined the ease of multiple substances

such as tobacco productsgigarettes, alcohol, and marijuana among high school students in
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Connecticut, U133). They identified fourclasses of use: atainers (82% of the sample), alcohol
and ecigarette users (5%), cannabis and alcohol users (7%), and users of all produ¢i88J§%)
Recent research identifies use patterns that involve dndlmultiuse of ecigarettes with other
substances, inditing the importance of considering these devices when examining multiple
substance ugd.33).

In the existing literature on youth polysubstance use utilizing LCA, most studies have identified
three or four patterns of polysubstance (&Y. Typical patterns include no or low use, alcohol use
(i.e., alcohol only or predominantly alcohol use), and polysubstand82jsén a systematic review
of substance use patterns among youth, Hallatdal (2020) highlighted an averagefolur use
patterns, including low use, ongr duatuse, moderate multise, and high muHliise(67). Their
results have been drawn from 70 widual studies and 89 cluster solutions. Before model
enumeration, the minimum amgaximum usrs aregwo andsix, respectively(67). Our research has
identified four use patterns, which align with the findings by Hallasta}. (2020).

6.1.2.2 What Factors are Associated with Patterns of Polysubstance Use?

One of the secondary research questions (RQdinined in this thesiswas i What f actors ar e
associated with patterns of pol ¥dstingevidemegece use amo
suggests that the fars impacting youth polysubstance use pastierciude gender, race, early onset

of alcohol drinking, academic achievemeintsecondary school, and friendship gqaR5s).

According to Lanza, Patrick & Maggs (2018xamining alcohol, cigarette, and njizgna use, males

were 4.5 times more |ikely to be in the highest u
female counterparts, in comparison to fumers(135). However, with norusers being the reference,

in contrast, females were mgseone to smoking cigarettes (OR = 1/0.6) or binge drinking (OR =

1/0.9) than their male counterpafi85) Their findings were consistent with the results of this thesis

concerning thenixed effects of gendem polysubstance use membership among yMdt).the

gender difference between the study resultsdnza, Patrick & Maggs (201@nd ours was

inconsistent.

In this thesis, the gender of the cohort had mixed effects on the initial probabilities for different use
patterns. In particular, we founkat males were 1.34 times more likelystartin the dualuse of e
cigarette and alcohol subgroup (S3) than females, relative to thsengubgroup (S1). In contraat,

Wave |,females were 1.35 times more likely to engagedecasionakingleuse of atohol (S2) and
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1.25 times more likely to experience current mutte (S4), the highest use group in this thesis than
their male peers, relative to Sxcept for the implicatiothat female students tetalbe more likely

to engage in alcohol intake thémeir malecounterpartsthe disparity in gender differences between
our findings and those by Lanza, Patrick & Maggs (2010) could be due to the differences between
substance use indicators and the corresponding measurements assigned. For instaasis, this th
included ecigarette as an emerging substance, wheraaza, Patrick & Maggs (201djd not.
Additionally, thisthesisdid not differentiate between regular drinkiaugd binge drinking for alcohol
use, as was it done by Lanza, Patrick & Maggs (2@dMne other differences inclutiee method of
data collection antheage of the population. Lanza, Patrick & Maggs (2010) used data col&cted
baseline and Xdaysfollow-upsin Fall 2007 and Spring 2008 among fiygtar college students

(135) In comparison, our three waves data were collected from-2018 among secondary school
students. As such, a difference in nearly a decade in data collection and a study population age and
level of education difference between the two studies cannot beteelgle contributing to the

difference in findings.

There is inadequate literature about factors that impact the initial membership of polysubstance use
patterns among youtRegardingace/ethnicitycontributing topolysubstance use membership among
youth Lanza, Patrick & Maggs (201@entified thatHispanic Americans were 1.5 times more likely
to be cigarette smokers or fibingers with marij ue
usersAfrican Americans and Asian Americans were less likely to engage in substance use than
European Americans reiee to nonuserg(135) Our results showed thBlack students were 0.92
timeslesslikely to engage inthe singleusesubgrougS2) thartheir White pees, relative to no-
users (S1)Concerninghe nouse subgroup (S1), the odds ratios to start in theuh&a{S3) and
current multiuse pattern (S4) for Black vs. White were 0.94 and 0.96, respectively. The study results
indicate that Black students were less likely to engage in a higher ugetiganuheir White peers,
same as Black vs. Asian, Asian vs. First Nations, First Nations vs. Latin American/Hispanic, and

Latin American/Hispanic vs. Other. However, the effect was not statistically significant for S4 vs. S1.

In addition to the genderféerence and race/ethnicity, what brings new insights into the literature
on the patterns of youth polysubstance use in this thesis is the multifaceted covariates and their effects
that we examined. Within the limited evidence, no other studies incluidibe &iariablesnvestigated

in this thesis to evaluateeimpacton the initial membership of use patterssmmarizedased on
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their positive, negative, or mixed effecBne should be cautious about interpreting the BMI effect on
the initial membershipThe missing values were coded as one category instead of performing
multiple imputations as other missing data. However, the results show that the BMI catégory d
impact the initial probabilities of the use pattern membersbgperally, the higher thBMI (i.e., not
stated vs. underweight vs. healthy weight vs. overweight vs. obese), the more likely the individual

started in a higher use pattern at Wave I.

It is observed that studentdo reported, for examplatlower grade levelse(g.,grades 7 08),
residing in Quebec, ling in large urban settings in Canada, from a household income level between
$25K and $50K, or being underweight according to their BMI,edial belong to the nase (S1)
subgroup. Additionallystudents with these charactddstgenerallyhad a lower chance of being at
the other three higher use groups (S2 totBdinon-userg(S1)at Wave I. In contrasat Wave |
students with the highest grade (grade 10), residing in Alberta, from rural areas across<e#fnada,
identified as Indigenous, or being obese according to their BMatgher chance of belonging to

one of the higher use groups (S2 to S4) and a lower chance of being irube (81) subgroup.
6.1.3 Exploring Dynamic Transitions of Youth Polysubstance Use Patterns

6.1.3.1 How Do Transition Behaviours Change Over Time?

One of the primary resear ch qukowtotransiton ( RQ3) expl o
behaviours change over timecording taise patternanalysi®9¢ The LMM applied for tt
allowed us to investigate the dynamics of polysubstance use patterns among youth. In general, the

resulting transition probabilities provide us with two aspects of the dynamics across time, i.e.,

stability (a subject stays in the same subgroup)dnahge(transtions to another subgroup). This

section discusses our findings surrounding these two perspectives.

6.1.3.1.1Stability

Our results revealed that generally, students remained in the same use pattern subgroup across time.
On average, across the three waves, theghitities for students staying in the-nee (S1), single
use (S2), dualise (S3), and muttise (S4) subgroup were 0.5740, 0.5210, 0.7092, and 0.8668,
respectively. The current muliise (S4) was the most stable use pattern, followed by theiseal

(S3)and the neuse (S1) pattern. Among these four patterns, occasional-sisglef alcohol (S2)
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was the least stable pattern, with the probability of remaining in this subgroup across time was the
lowest (0.5210). When they transitioned, it was typicallg togher use pattern adjacent to their

current subgroup (i.e., $4 S2, S2A S3, or S3A S4), rather than to a lower one, except for the
highest use group S4. This finding is consistent with current literature that examines adolescent
polysubstance use with LTA. The evidence suggests that youth are most likely to remain in the same

subgroup buse pattern or transition to a higher use group as they grow(biz#4.36)

A similar trend was observed by investigating the longitudinal evidence of the transition patterns,
i.e., Wave 1A Wave Il and Wave I, Wave Ill. In particular, from Wavetb Wave II, probabilities
for students staying in the ase (S1), singkeise (S2), dualise (S3), and muttise (S4) subgroup
were 0.5845, 0.5271, 0.7176, and 0.8361, respectivedyn Wave Il to Wave lll, the probabilities
were 0.5635, 0.5149, 0.70Ghd 0.8975 for remaining in tfgl, S2, S3, and S4 subgroup. It is
observed that the chance of staying in S4 from Wave |l to Wave Ill was highexf].0614 than
that of from Wave | to Wave Il, meaning that with time, current rugdérs were more likethanthe
lasttime occasion tatay in this highest use pattern subgroup. While for the other three use patterns
(S1 through S3), the stability decreased over tipe% -0.0210; g3 = -0.0122; andyxs = -0.0169).
The decreased stability implies thatdsnts starting at any of these use patterns had an increased
chance of transitioning to other use patterns across time.

6.1.3.1.2Change

Table20 highlights the changing pattemvith underscorgindicatingthe largest transition
probabilitieswithin each subgrougror example, on averagéthe two transitions (i.e., Wavel
Wave Il and Wave 1A Wave lll), for students in the S2 subgroup, the chance of moving to S3 was
0.4447, the largest probability repamting the change of use patterns across the three waves. The
secondargest transition probability was $3 S4 (0.2804), followed by SA4 S2 (0.2510). In
contrast students in the S3 subgroup were least likely to transition to S2, with the slimmest chanc
0.0007.Similarly, students in the S4 subgroup were unlikely to move to S2 across time, with the
transition probability being 0.005Ih addition, those in S2 or S3 subgrowgse less likely to
transition tothe S1 subgroupwith small transition preabilitiesfor S2A S1 0.006) and S3A S1
(0.0098.

Similar to the longitudinal observation of the transition probabilities for stability, we examined the

incremental change in transition probabilitieemparingVave [IA Wave Ill vs.Wave |1A Wave
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II. Concerningchange in general, the chances of transitioning from a lower use patterhigher
oneincreaseaver time.This was determined liye increasetransition probabilities across time
(positivepin Table Bin Chapter 5 Result§ection 5.7.1 On the contrary, the decreased transition
probabilities(negativempin Table 3) indicatk slimmer chances ahoving from a higher use patter

to a lower one with time. There were two exceptions, moving from S1 tads82to S4, with

decreased probabilities 8f0005and0.0011 respectively.

Note that the measurement interval of cigarette acidarette smokingvas thelast 30 days,
whereas the measurement interval of alcohol and marijusevaeas pastyear. Many tansitions may
have occurred between when student participants were asked about cigarettgmtee smoking in
the last 30 days at Wave | and when they were asked again one year later. It is impossible to estimate
how much movement between subgrouas ticcurred between these measurement windows for
these two specific substances. In this case, the upper bound of the diagonabkelacthtre lower
bound of the ofidiagonal elemestof the transition matrixvereused to explain the transition
probabiliies (68). Although the lower bound of the etiagonal elements tends to underestimate
transition over time, the general transition pattern is consjgtemtreviously discussed

It is worth noting that not only dasepatternschangewith time but so doethe evidence in use
patternsFor example, with the emerging trend edigarette use among youth, addingigarette as
new evidence while examining use patterns would be more meaningful than ever. Unfortunately, no
prior researchxamined the dynamic transitions of polysubstance use patterns among youth include
the ecigarette as a substance use indicator. It contributes to one of the novelties to this thesis. In the

meantime, it makes the direct comparison between our findingsthei$ impossible.

6.1.3.2 What Factors are Associated with Dynamic Transitions of Use Patterns?

One of the secondary research questions5jReQplored wasiiWhat factors are associated with

dynamic transitions of use patteragzhoiet al.(2018) reported that abes were more likely to
transitionfrom using legato more ilicit substancethan females, whilé&emalepolysubstanceisers
weremorelikely to transitionto a lesause patterthan males(131,135) Although we did not

examine licit vs. illicit substances in this thesis, the finding is consistent with our results. Our finding
of the gender difference on the dynamic transition of use patterns indicates that male students were
more likely to transitiorto a higher use group and were less likely to transition to a lower one than

their female peers over time. For exampl®ong students who startedlire neuse subgroup (S1) at
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Wave |, males were 2.53 times more likely to transition to the currentuselsubgroup (S4) at

Wave Il than were female students. Whereas transitioning from a higher use pattern to a lower one,
among students who startedtiire current multuse subgroup (S4), females were 16.67 times more
likely to move to the dualse subgroufS3) relative to S4 at Wave Il than were males.

Except for the gender difference, there is inadequate literature about what other variables lead to
the dynamic transitia@of membership. Thanks to the rich longitudinal evidence available in the
COMPASS dta, we examined multifaceted covariates to determine if they were significant in
predicting the subgroup membership at baseline (Wave |) as discussed in Section 6.1.2.2 or predicting
the dynamic transiti@of use patterns over time. These covariates rimge demographic
information to health behaviours, from individdalel to populatiodevel (environmental).

Ultimately, our study results provide new insights into what characteristics lead to the dynamic
transitiors of youth polysubstance use pattesismnarizing in two directions, i.e., moving from a

lower use pattern to a higher omethe other way around

On the bright sidestudents ira higher grade (grade 10 vs. grade 9 vs. grade 8 vs. grdusng),
Black (vs. Whité?), or eating breakfaswere less likely tdransition from a lower use pattern to a
higher one. Among these covariates, eating breakfast had a statistically significant effect on the
dynamic transition of use pattern membership except for moving from S2 to S4. Except for
transitioning from S2 to S3 and S3 to S4, gradefigaificantly affectedhe dynamic transition of
use pattern membership. Race/Ethnicity demonststsistical significance in the dynamic change
of membershipi.e.,S1A S2, S1A S4, and S?, S4.0n the othehand having more weekly
money having more smoking friends, attending schools with less support for quitting drugs and
alcohol, being male, or experiencing larger sedentarywiere more likely tdransition from a lower
use pattern to a higher ane particular, having more weekly money or being mades fess likely to

experience a positive change, i.e., transition from a higher use pattern to a lower one over time

The other covariates, including urbanity, the number of physically active frienas)riizer of
skipped classes, BMI category, school connectedness, and tendency to gamble online, had mixed
effectsonthetransition probabilities from a lower use pattern to a higher Ameng these

covariates, school connectedness had statistically is@gnifeffects on the transition probabilities of

The same OR applies to the comparison of other ethnidiégosdes, i.e.Other vs. Latin American/Hispanic
vs. First Nation vs. Asian vs. Black vs. White
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use patterns for individuals who startedhirS1, S3, and Sdubgroups The number of physically
active friendssignificantly affectedhe transition probabilities f@tudents who began subgroups
S1 am S4.Urbanity, the number of skipped classes, and BMégorysignificantly affectedhe
dynamic transition of use pattern membershi3 and S4The covariat&samblénline

demonstrate nortsignificance on the dynamic change of membership for any supgr

We found that more covariates had mixed effects by investigating the transition probabilities from
a higher use pattern to a lower ofese additional covariates included grade/age, race/ethnicity,
eating breakfast, the number of smoking friends, school support for quitting drugs and alcohol, and
sedentary timdt is observed that amy covariates lissignificant effects on the tranisin
probabilities among some use pattern subgroups. However, none of the cowarsassistently
significant for the dynamic transitistetween all use pattern membersfsipe Table 2in Chapter 5
Results Section 5.7.2).

In summary, ar findings indicate that the factors leading to the dynamic transitbise patterns
aremultifaceted Their effectsare more complex than those on the initial membership of use patterns
Some factors, such as grade/agee/ethnicity, araonmodifiable Public healttpractitiorers should
pay moreattention to those modifiable factpiscludingindividual health behaviourge.g.,eating
habits PA andsedentaryifestyle), peer influencée.g.,friends who smoKe andenvironmental
impactfactors(e.g.,school support initiativeson that note, more discussion follows3action
6.2.1.

6.1.4 Learnings from ML Methodological Perspectives

One of the secondary research questions6jRQ a s Whatdare thé advantages and limitations of
the ML methods appropriate to modelling risk profiles and dynamic transitising the COMPASS
data® hi$ sectioraddresseRQ6, discussinghe two feature selection methods applied in this
thesis, unsupervised ML methods for phenotyping risk praditesan LMM approach for exploring
thedynamic transitiosof use patternsThen we discuss perceptioinem ML interpretabilityand

fairnesgto data infrastructure and capadityat enables ML ipublic health

6.1.4.1 Feature Selection

While working with highdimensionhdatasets, mainly where the number of features is much larger
than the sample size, raises the problem cal
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features increases, the number of samples needed to train the model increases proportionally.
Although this issue is not prominent in our study, redundant or unnecessary variables exist for model
fitting on the COMPASS dataset. Therefore, performing dimensionality reduction and selecting the
most appropriate features for model fitting is an essestgal in our analysis. As previously

discussed in Chapter 4 Methods, Section 4.4.1, we prefer feature selection approaches over feature
extraction due to better interpretation of the model.

In an unsupervised learning paradigm, the class label is unkmgveh increases complexity and
uncertainty Unsupervised feature selection methods tend to address this issue. For example,
Laplacian Score is one of the unsupervised feature selection algorithms. However, the idea behind
Laplacian Score is to employ theneans clustering method to select the'@patures.

Unfortunately, the disadvantages of tamkans clustering algorithm significantly affect the feature
selection result, increasing the complexity of the Laplacian Score. For example, some of the
disadrantages of the-kneans clustering algorithinclude: 1)it requiresa priori knowledge of the

optimal value ofQ 2) it is sensitive to noise and outliers, 8@)dt is sensitive to an initial aggnment

of the centroid (i.e., different initial partitisrcan lead to different clustering results). As a result, the
preliminary results applying the Laplacian Score for feature selection are highly inconsistent across
the three waves datasets, with less meaningful interpretation. Therefore, we did not imhpleme

unsupervised feature selection method for further analysis.

Moreover, peliminaryfeature selection results for clustering analjrsiicated that including all
features tends tcauseoverfitting. In addition to learning from the data aideéntifying authentic
patterns,tie clustering algorithmalsolearn fromstochasticoisesin the dataset and thigentify
ipatternso that arCoOMPASS daCnphe estrary, toafew featinesthis t h e
research, such as less thamlSoimpact clustering resultsased on the internal validation criterion.
Therefore, different subsets of features have been experimented with to leverage the model
performance and a more meaningful clustering solution. Eventually, a subset of fégapu8shat

contributes to the risk profile phenotypes was identified.

In this thesis, we explored two commonly used embedded feature selection approaches. In
particular, Boruta uses a random forleased algorithm to select the top features for clugferin
analysis. For the selection of covariates fitting the LMM, regredsased LASSO (or L1

regularization) was applied. Each method has its advantages and limitations. For example, as an
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approach to model fitting and variable selection, LASSO can be osdiférent regressiotypes.
Regularization adds additional constraints or penalties to a model for preventing overfitting and
improving generalizatiorEach norzero coefficient will increase the penalty in LASSO regression
and force the coefficient efeak features to zerdherefore LASSOregressiorproduces sparse
solutions, meaing that few featureare used in the prediction modélhen the number of nezero
parameters is small enougiractitiones can interprevhether the variables corresporglito these
parameters are meaningful or NnbASSOhas proven to be a better method than other automatic
variable selection approaches in statistical modellings, such as forward selection, backward
elimination, and stepwise selection. However, LASSO témignore norsignificant features that
may be important to the response variables during the penalization procedure. To overcome this
drawback, we purposely selected the largest subset of features from the results of LASSO regression

on the three waves tda

6.1.4.2 Phenotyping Using Unsupervised Learning Methods

To our knowledge, none of the studies in the current literature on polygubstance use ever took
such an approach phenotyping risk profilednstead, individual risk factors associated with
substace use among youth have been identjfeadithe statistical powesf each factor has been
investigated. Applying statistical models, such as LCA for static class membership analysis and LTA
for the dynamic membership transitigrolysubstance uggatterrs among youth have been examined.
Clustering algorithms, primarily-kneans and hierarchical clustering, have been employed for
identifying use patterns. However, none of these studies adsigsprofiling of youth
polysubstance use, involving the indioes of substance use and thainltifacetedmpact factors.
Unsupervised learning methods, particularly the various clustering algorithms implemented in this
thesis, showcase their capabilitireveaing the hidden patterns in the COMPASS dataak.
implemented different similarity and dissimilarity measures, including Euclidean distance and Gower
distance specific to categorical data. The preliminary results indicate that using the Euclidean distance
matrix achieved better clustering results with abkigsilhouette index than Gower distance.
Furthermore, for hierarchical clustering, among the different linkage methods discussed in Chapter 2

Literature ReviewSection 2.2.2.2.23verage linkage outperforms other linkage methods.

Cluster analysis has advantages and potential limitations; for example, the various clustering
algorithms usually provide very different results due to the different criteria for merging clusters.
120



Although cluster analyses have unique advantages forrewegl fihi ddenodo patterns al
associations in variables, no backward option can be made in earlier steps due to the hierarchical

nature of the analysis. Therefore, to mitigate these limitations, we implemented various clustering
algorithms, includig partitioningbased, hierarchicddased, and fuzzy clustering. The first two types

of cluster methods are hard clustering algorithms that assign data elements to one cluster. Unlike hard
clustering, fuzzy clustering algorithms are sdftstering methodsissigning membership coefficients

of objects to all clusters.

Particular focus was given to fuzzy clustering algorithms, considering the overlapping nature of
risk profiling observed on the linked sample of COMPASS data. Both the FCM and FANNY
algorithmswere implemented in this thesis. The optimal number of clusters was determined by
implementing multiple validation indices available in the NbClust package. In addition, an automatic
voting scheme was applied to avoid bias towards a specific criteridnasuhe silhouette index
alone. The majority of indices proposed 4 clusters as the optimal number for the linked COMPASS

data.

Moreover, one hyperparameterdetermine the distribution of membership valwes tuned with
variation between 1 and 2 tgatuatethe appropriate valuef thefuzziness. The fuzziness parameter
(a.k.a. fuzzifier) is a weighting exponent; closing to 1 indicates hard clustering. The larger value of
the fuzzifier, the better the FCM handles noise and outliers. In this thessf tine fuzzifier to
equals 2. Except for the silhouette index, an internal index, external indicaRlilend Viwere
assessed for each pair of clustering algorithms. Compared to FCM clustering, the FANNY algorithm
slightly outperforms FCM on both theternal and external validities across theee waveslata,

achieving good agreement on clustering membership.

6.1.4.3 Exploring Dynamic Transitions with an LMM Approach

As longitudinal data becomes maeailablein many fields, researchers rely on specitatistical

models tailored to their applications. Tkiesisapplied an LMM modelling technique on a linked

sample of the COMPASS dataset, with three annual waves available for analysis. LMMs can provide
three types of analysis, including i) identifyingogroups of units and examining how the transition
occurs between these subgroups, ii) transition analysis with measurement errors, and iii) unobserved

heterogeneity analys{7). When we estimate the LMM with a function Imest available in the LMest
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padkage in R, we estimate the covariates' effects on the initial probabilities of various use patterns and
the transition probabilities of the use pattern membership.

Started with the basic version of the LMMthout covariateghe preliminary resultgield a
relativey large number of latent statuséQ ( p Jtwith the lowest) ‘06 p ¢ p W Then wetried
model fitting with29 covariates selectém the Boruta algorithmthenumber of latent statuses
reduced tdQ t. However, the correspondiig’O6 p ¢ 1 ™paipd the number of parameters for
estimationincreased to 49The evidence shazdthat the more covariatesidedn the LMMs, the

more complexhe model islt impliespotential overfitting.

Eventually, weaddedthe covariates selectdidom the LASSO regularizatiolinto the basic version
of the LMM. During finetuning ofthemodels it is observed that fewer covariates lead to a larger
value of Q which increasethe difficulty of interpretationThereis a tradeoff betweerthe
appropriate number of latent status€sgndthe BICvalue The model selectiowasperformed
based oraddingcovariateslerivedfrom the LASSO regressiomith certain constrainfgs discussed
in Chapter RResults Section 5.4.3The best model was selected considering twHowesd "00
p ¢ ¢ dyranathe parsimony of the selected modéth 257 parameters for estimatiaompared to
otherfitted models

To evaluateghe goodnessf-fit for the selected LMMswe used the indeX . Themaindifference
betweerBIC and’Y is thatthe latteris suitable for measuring overall fitstead of comparison
betweemmodelsbecausenodel complexityis not included in the indeX . In thisthesis the values
of 'Y whereQ Tt wereverysimilar, ranging from 0.488 (0 ) to 0.48610 ), indicatingthe
overall fit amongst théitted models iggood.This confirms the adequacy of the proposed M
modéling using the COMPASSdata at hand

In terms of computational complexjtthe EM algorithm converged much fastan thebasic
version of the LMM without covariatéban thesubsequeninodels with various constraints. It is
observed that the EM algorithm rapidly increases thdikadjhood, but the rustime becomes much

slower wherit is close to convergence.

This thesis has demonstrated that LMMs can be used to evaluate hmalyHubstance use
patternsamongyouth transition over timasingthe multivariateCOMPASS datsetwith selected

covariateslt is generally recommended tliae LMM methodologyconsides transition profiling of
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latent proceses corresponding thealthbehavious without standard measuremenbtocok. To
analyzdongitudinal datawith repeated observatioridyiMs take advantage ahe additional
information detectingother latent statesompared to usinthe LCA methodat each point in time
This provideghe LMM methodologywith greater statistical power than LCM oreover,LMM is
particularly suitabldor evaluationinterventionmonitoringandevaluation studieBecausdt can
modeldynamicsin latentstategransitionandhypothesidest the measurement invariarsaeosgime
(27).

6.1.4.4 ML Interpretability and Fairness

Along with the rising opportunities, there also exist challenges to adopting ML approaches in public
health. For instance, although ML models are recognized for their predictive powers, how they
function and achieve this end remains obscure. As a resme ML models, particularly those using
deep |l earning techni gqu eThisthesizhallenges this assumptiencanda @ b | a c
providespractitioners with the appropriate tools to explain the ML model. The most fundamental
reason is a lack adxplainability/interpretability in outcomes that creates hesitation in adopting and
implementing policies driven by ML. Interpretability is the degree to which a human can understand
how a decision is mad@a9). Interpretabilityof model output and modelkemselves has been noted

as a concern for ML has been applied to public health and clinical me¢ién&arly clinical
applications of ML -bwexroe demakingsiiomasses lut thisdassue dah hoa ¢ k
be mitigated using interprdie models and modelgnostic method&l9). For reasons of

interpretability and knowledge creatigrarsimonyis acrucialattribute of classical statistical

methodsML also emphasizes parsimony, with the simplest possible explanation of the déita still

the model reasonably welor example, in this thesis, we selected the final LMM based on the BIC

criterion with fewer latent states thre AIC value indicating a larger number of latent states

Interpretability can be helpful in model validationpdel debugging, knowledge discovery, and
social acceptance. We investigate fairness and trust through model validation, i.e., whether the ML
model has employed valid evidence instead of biases. Debugging and analyzing the misbehaviour of
models can asgig accountability and transparency of the modelling results. Obtaining new insights
from the decisiormaking process of the ML model can achieve knowledge discovery. Health
researchers are currently investigating if ML algorithms would have better suicesuser
acceptance ithey canprovide rationale/justification for its predictiowith increased efforts towards
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achieving interpretability, we expect (are hopeful) that ML decisiaking systems will become

more acceptable, and in turn, play a more conducive role in human decision processes.

Working towards fairnesand justicegoals, ML modelshat areFAT-drivencan mitigate the
effects of unwarranted bias or discrimination on people in the ML applicakiaitaess is inherently
a social and ethical concept, represensirggowingareaof interdisciplinary research. The primary
focusis on algorithmic formalismaf fairness and developing solutions for these formalismigis
thesis, we attempted to address issues of fairness arid thasfollowing ways. Firdy, instead of
handpicking important variables based on substance use research available imtine)itge
applied feature selection algorithms previously discussed. These algoritlamesrobusand highly
interpretable among ML algorithnfier automatially selecting a subset of featuieyportant toyouth
polysubstance usapplicable to the COMPAS&atasetSecondly, having unbiased approaches in
mind, we applied a voting scheme to determine the optimal number of clusters from all available
indices to avoid biases towards a specific criteridthough issues of fairness are out of the scope of
thisthesis, as ML practitioners, veeuld examine further by conducting subgroup analysis based on

student s6 de mo tprachipvh & fairerdnterpretationeofnttee enadelling results

Note that the definition of biadiffers fromstatistics (suchsathe biassariance trad®ff) or social
sciencelnsteadalgorithmic bias has a wide range of social and political influences, and in these
scientific fields, the exact meaning of bias may become blutwzhthe dataset itself can reflect
human biasesincehumans sometimes label dathe dataset may also exclude specific populations
or not be representativBiasesbeyond statisticatontexs areourfocus when discussing this issue
According toDanks & London (2017 differentalgorithmic biasesco-exist in autonomous systems
including biasesleriving from training data, algorithmic focosprocessing, transfer context, and
interpretation(137).

Various strategies can be employed at different developmental stages to Gagditlasystem
i.e.,preprocessing, training, and pgsbcessing. For example, eliminating sensitive features from the
dataset is a naive approach for unbiased ML madéle preprocessing stagehich can be
achievedoy applying dimensionality reduction techniques. At the training stigdversarial
debiasing method can be utilizey training two models simultaneougy38). While at the post
processing stage, the decision threshold for different subgroups can le telntieds meeting the

fairness goals. For predictive models, calibration can be performed to ensure that the matching ratio
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of actuallabels reflects the probability output. A webllibrated model will have similar error rates
across differentalues of sensitive featuregl37).

6.1.4.5 Data Infrastructure and Capacity Enabling ML

Rosella, Fisher, and Song (2019) identified the opportunities for adopting ML solutions in public

health, including more quickly identification of emerging threats, more detailedpatioddate

understanding of population disease and risk factor distributions such as online disease surveillance
tools, forecasting of disease incidence of population health planning, improved targeting of health
promotion activities such as sentiment e, and many more related to population health

management. In the meantime, there exist challenges from explainability, bias, security and privacy
concerns, data access and sharing, outdated data and analytic infrastructure, and lack of ML education
andskills within public health.

Availability of high quality andadequate quantityf datais essential to enable Miystens. First
of all, ML algorithms rely oragood quality large volume of training data. Although ML is known for
making predictions and éoising less on variables, understanding the data is ess€hisihcludes
data elements, variable characteristics, data cmlleahd data qualitproceduressuch asvho
collect data, how often data is collected|freported survey questionnairemmoderated or in
person moderatednd so onFromadata science perspective, bl quantity and qualityf
trainingdatacontribute to the successful adoptiorMif systemsTaking a prescriptive approach
colleding, organizing, analyzing, and infusing data are deemed a&feprAl ladder asart of data

managementl39).

Data infrastructure enatddatadriven decisiommaking €.g.,analytictechniqus) and drive Al -
poweredsolutions includinginformationsystems withML -enabled intelligece. Thedata
infrastructureranges from the pipes that carry data to storage solutiuth as cloudthased storage
analyticsthat house dat&d/L models that analyze datdashboards that make data easy to understand
andinterpretML models and much mord=rom ML libraries to automated data pipelines, to data
catalogies, cepending on the goal of scaling up or scaling down;évilbled intelligent
infrastructure variedDatainfrastructure requirements can be distilled down to the following key
areascomputeintegrationdatapersistence andccessscaling andiering, software-definedstorage,
deploymeniagility andflexibility (140)
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The @apacitythat enable®L (or Al ecosystem) incluestechnicalaspectge.g, computational
power, data environment, datateroperability legacy systermigratior), organizationabr
managementapacity/incentivesandenvironmendl or societakapacityfosteing ML applications
When organizations are ready to scale their ML applications, they feicke sange of challenges
From data preparation to model development to runtime environments to training, deploying, and
managing ML models, the requirements for the underlyifrgstructure defy the old models of
generalpurpose hardware. Investments in an infrastruatasigned for datmtensive workloads,
superior performance, scaling, data access and integratioblesrdinto a hybrid cloud environment
provide longterm vdue and service quality. Organizations will need to make decisions about
replacing or supplementing existing gengratpose storage platforms with storage systems that are

geared towards Mispecific processing tasks.

Adequatedalentis a vital capacityto ensure theuccessfuhdoption and scalep of ML systems.
Bridging andaccelerating joint researetith ML techniquesppliedin public healttrequiremore
interdisciplinary training andaresearch environmernithus, adressing the shortage of ML education
and skills within public healtls a mandateML certificate programs and online courses provide a
good opportunity fodata scienceractitioners to obtain the necessary education and skaldapt
ML. Increasing ambers oML certification coursegareavailable such as ML Stanfor@nling,
eCornell ML CertificateHarvard University ML, to name a fe{@41). Similar certificate programs
are offered by prestigious universities, such as Applied Al for Health Care by Harvard University, Al
in Healthcare by Stanford\l in Health bythe University of Torontg etc However, professional
training on ML in public heléh seems lackingdesigning and delivering ML courseastomizedor
students at schools of public heatdn facilitate the best preparation of existing and new students
with appropriate education and skills workinghe public health sectafter gradiation All of this

will serve as the foundation for developing and running cuttithge MLsolutions
6.2 Contributions

6.2.1 Contribution to Practice in Public Health

The practice perspective brings insights from multifaceted COMPASS data to phenotyping risk
profiles of youth polysubstance use and exangjimow the use patterns transition from one type to

another across tim&outh is a crucial period of development and transition when tiskyavious
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usually occursuch apolysubstance us@aking advantage @n ongoing health survey from a

sample of Canadian secondary school students and their attending institutions, it provides a holistic
view of the longitudinal COMPASS datah& study resulteffer stakeholders evidendesed best
practices to guide the irfgmentation of the school environment, policies and procedures for

improving youth healtbbehavious.

The complexity of student characteristics, modifiable individexa! risk factors, school
environment and communitgvel status can lead to the traiwitof risk profiles. Taking the natural
multilevel structure within the multiple sources of the COMPASS data brings new insights into
strengthening the longitudinal evidence of risk profiling and polysubstance use patenesare
distinctpatterns in the associations between risk factors and polysubstance use amarnthgouth
dynamic process of ugmtternscan inform clinicians and intervention experts how to deal with these

behavious at this developmental stage and throughout the process

The thesis results have implications from public health and health policy perspectives. First, the
study results suggest that the correlates of youth polysubstance use are multifaceted, concerning
individuallevel factors, peenfluence and populatiofevel (environmentalgffects. In the context
of our research, age, sedentary behaviour, eating habits, depression status, truancy, weekly money to
spend/save oneself, and school connectedness are indiddelalactors. Pednfluenceincludesthe
numker of smoking friends and the number of physically active friends. Province and urbanity are
populationlevel effects The diverse associations betwgatysubstance use and multifaceted health
relatedbehavious should be considerdédr decisioamakers wi want to invest in interventions

targeting multiple youth behaviours

A good understanding of the risk profiles will help school program managers or policymakers
identify and characterize valuable measures to evaluate control interventions. For inEsigoing
and implementing any quit smoking/alcohol/drugs programs should not be @akiaagractice.
Instead, the school policies should integrate such a program with other approaches like fostering PA,
healthy eating, antiepression, etc. Counseljiprograms such as peer mentoring or group therapy
for high-risk students can help this cohort learn coping strategies, improve health behaviours, and

prevent more costly substance abuse treatment later in their lives.

Furthermoreprovince and urbanitgifferenceshave beemshownto impact the initial membership

of polysubstance use pattearaong Canadian youtt Wave I(seeTable B in Chapter 5 Results,
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Section 5.6.3)Therefore provincial and federal jurisdictiorshould collaborate to establish raor
specialzed preventive programmes tailored to the requirements gbtlibs. For example, our study
results reveadthat students from Alberta or living in rural aread haigher chance of starting at a
higher substance upattern than those from other provinces or living in other urban @eaEable
19). Particular programs should be considered in these jurisdictions to be more specific to these

problematic areas.

The overall trend of substance use is increasing, and the four use patterns of substances identified
in this thesis indicate an increase of severity by each subdgroupxample, our results revealed that
students residing in the intermediate use patiesnps, particularly starting in the occasional single
use of alcohol (S2) subgroup at Wave |, were most likely to transition to a higher level usédgroup.
early detectiosprevention approach should be initiated across all jurisdictional school baasds. |
observed that use patterns generally remain in the same subgroup across time. However, transitions
do occur, typically to the adjacent severe use pattern rather than mild. Except for thesenulti
subgroup (S4), the most significant changedasitoning to the neuse (S1) subgroup over time.
Although this highest level of polysubstance use is the most stable subgroup, with an averaged
probability of 86.7% staying in the same use pattern over time, there is still a 7.5% chance that these
heavy usersvould transition to the nase subgroup over time. Prevention programs should target

their particular needs for making such a good switch.

The complexity of risk profiles, modifiable individulgvel risk factors, family/friends/school
environment and comunity-level status can lead to the transition of use patterns. Due to the
multifaceted determinants associated with youth polysubstance use, there is a need to initiate
prevention programs that are more comprehensive to tackle the wide range of oisk Tdet study
results will provide stakeholders with eviderm@sed best practices to guide the implementation of

the school environment, policies and procedures for improving youth health behaviours.

6.2.2 Contribution to Research Communities in Literature

This thesis is the first study that takes advantage ofdfatan approaches using advanced ML
techniques on the COMPASS data. It contributes to ML in public health by investigating a complex
public health challengég., youth polysubstance use as a cstsely using a range of machine

learning techniques. Both unsupervised ML methods and a multivariate LM modelling approach are

employed in thigshesis The applied methodologies are on populatewel health surveys to enhance
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data exploration capabiliseand further discover hidden patterns. ML methods can quickly identify
hidden patterns from such higlimensional populatiofevel data. When applied holistically, the
result is quick detectionf@henotypes acquired. The study results are consistentthigh research
that have taken statistical modelling approaches.

Firstly, we applied the methodologies on populaterel health surveys to enhance data
exploration capabilities and further discover hidden patterns and the transition of pattermaaver ti
From the population level, differences between risk profiling may have essential effects on subjective
youth behavioural and mental health. This can be further conceptualized by having different

preventive capabilities against addictive behaviourshial settings.

Secondly, the multidimensional impact factors are highly representative of how ML approaches
can be usetb process large amounts of survey data in health research. Instead-pidiamgl a few
variables from the dataset relevant to the research questions, the feature selection algerithms
previously discussedre a superior approathidentifying the corelates to the outcome variable.

The algorithms calculate the variable importance (the Boruta algorithm) or shrink theieasftf
unimportant variables into zeros (the LASSO regresslam)lementing these algorithnasas within

a few minutes based @he linked samples of the COMPASS data with high computational capacity
as highlighted irChapter Methods,Section 4.6. The resulting impact factors are highly interpretable
with visualized graphs demonstrating the importance scores (the Boruta atjyarithariable
coefficients (the LASSO regression).

Furthermore, although statistical modellisghe dominating approach in quantitative health
research, our study demonstrated that ML techniques are more than adequate for identifying inherent
structurs like hidden patterns of higtimensional data. Unsupervised ML approaches automatically
explore the data for pattern discoverighout referring to an outcome variable. The LMM modelling
takes advantage of a latent Markov chaimvestigate théransiton of youth polysubstance use
patterns, revealing the dynamics of use patterns across time. Lying at the intersection between
statistical modelling and ML approaches, the LMMs seesier to adopt than any other advanced
ML algorithms residing in a bladkox. This is particularly trutor researchers from the public health

realm.

In the ML paradigm, the tradeff is a standard agreement, such as interpretability and accuracy.

Although this thesis does not involve measuring accuracy as predictive modets aloplied a few
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strategies to improve the interpretability of the various ML models in this thesis. Our interpretable
techniques include feature selection over feature extraction method and feature importance plots to
inform us how important the featuiein predicting polysubstance use. Furthermore, we performed
data visualization via theSNE algorithm to project higimensional data to lowetimensional

space. In addition, silhouette plots demonstrate the internal index of clustering validation, an
different risk levels with associated characteristics represent risk profiling. In terms of the modelling
results of LMM and parameter estimation with odds ratios that are easier to interpret for public health
practitioners, various plots were generatldis such as initial probabilities by item, estimated

marginal distribution, transition probabilities, transition curves, and transition patterns present a
excellentvisualization methodconveying our findings to the audience outside thefigld. We are

highly confident that the results of our ML models in this thesis are explainable.

In addition, the ML pipeline developed in this thesis can be used #oghl decision support.
The terminology #fApi pel i nepresantig asequance efdools appied bi oi nf
to adatasetmaking it from raw data towards the final analysis results interpretable to the
stakehdtders(19). In this thesis, théIL pipeline includes data preprocessing (Section 4.2.2), feature
selections (Seaiin 4.4.1 using Boruta algorithm and SectionMusing LASSO regression), data
visualization (Section 4.4.2), cluster analysis and validation (Sections 4.4.4 and 4.4.5), and LMM
modelling (Sections 4.8.and4.53), using a variety of R packages summatizeSection 4.6.

6.3 Strengths and Limitations

This section outlines th&rengths and limitations of this thedige first detail thesignificant
strengthsidentify the limitationsand discussnethods for mitigating these limitations with future

researb.

The strengths of this thesis liettre COMPASSJataset anthe methodologeswe applied One of
the strengthsf the COMPASSIata derives fronthelarge sample sizeith reliabledata quality
using national surveillandastrumeng-basedneasurementd 42). TheCq usedhe active
information passiw&onsent protocols, whidhelp achieve high participation rates and reduce
sampling bias while preserving studentfidentiality(113) This protocol is of utmost importance in
research relted to youth health behaviours, such as polysubstarceneg®uragindgionest responses

In generalthe COMPASS study had a high percentage of participaach school yeawith a
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reasonabl@articipation ratef 78% 82%, andB4%for all studentparticipantsacross the three
waves.The COMPASS host study collects multifaceted informagionuallyin Canadas
longitudinal evidenceThe complexityof data structure providesalworld evidencepertainingto
youth health behaviours from miplie sources to examine the relationship between school

environmental characteristics and youth healtttome.

Another strength of this thedisthat we undertook @omprehensiveata preprocessing process,
and some of the work that we did may be usefdiliture COMPASS researchers. One of the most
challenging aspects of this thesis was cleaning up the rawirtEdtaling missing pattern analysis and
MI for handlingmissing dataWe applied a variety of imputation techniques to impute missing values
basd on different types of missingnebfl.assumes that the data are at least M&Rich means that
the MI procedurecan also bapplied on data that aMCAR andwork best when data are MCAR
Fordatawere MNAR, e.g., BMI category, we treatelifferently thanMAR or MCAR mechanisms.
That is, instead gferformingMI procedurs, we coded missinBMlas it s category fnot
Ultimately, by having this clean and imputed linked datadet,tope is that COMPASS researchers
can spend less tingrocessing raw data and more time analyzing it. We also plan to provide all
necessary code to COMPASS researchers to learn how the ML models were implemented, and
perhaps they can customize them for their individual research needs. The same goestfa all of
visualizationgresented in this thesiwhich were designed to make it flexible across different

research scenarios

Finally, we appliedcomprehensive modelling strategies for addressing different research questions.
For example, considering the alapping nature ofouth polysubstance use risk profiles, advanced
ML methods such as fuzzy clustering were implemented to ideigkyprofilesamongCanadian
adolescents. It helgfiscover hidden patterms intrinsic structures within thEeOMPASS dataset
Furthermoreapplying adynamicmodelling approach on the three annual waves of linked data
showecasing the ability of this type of model to evaluatividual differences itransitionbehaviours
across timeThese diverse modelling stegiies helgpublic health practitioners gain insights itbe
COMPASS data with a holistic approach.

This thesis has certain limitatiorighe ability of thisresearcho provide multilevel granularity for
modellingtransitiors in youth polysubstance upatternds hindered by thémited number of waves

available for analysis. It would be ideal to have all waves available from the beginning of the
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COMPASS data collection up to the latest sclyeairof 20132020 (Y8). However, there was a
fundamental change in 2016, and the SPP has been changed significantly throughout the COMPASS
study. Therefore, a decision was made to use stiieegit and supplementary communrgvel

(school SESurbanity,and BE) linked data from 201817 onward.

As an extension to the classical Markov model and the LMMnthiglevel LMM is a structured
stochastic process, generalizing LMM with a bottomhierarchical control structure. Thaultilevel
LMM structures have the following properties: i) a vectoresjponse variables (multivariate) is in
discrete statspace, ranging from 0 to 2, ii) covariates are stochastic, and iii) transition of use patterns
(sequences) are correlated in ti(@&). The model selection can be performed without covariates, and
once the best model is selected, covariates are added at both levels and estimate the mqawdtjointly
separatelyHowever, thecurrently available functiom the LMest package for MLMM modlang
does not allow covariateg/hencompleting this thesishe LMest package developers are still
working on addinghis function.As one limitation, the data analyses in this thesidd notbenefit

from the multilevel modelling approach.

As for the model validation, we were hoping to obtain Wave IV (the schooPpd®2020, Y8)
data to serve as a test set for validating the moHelwever, thisschoolyear's COMPASS data
collection cycle was challenging due to the COMI® pandemic. Given the impact of COVI® on
school closures in Marc202Q half of the schdosample completed a p@OVID paperbased
guestionnaire, and another half completed an online questionnaire #dulay The online
guestionnaire included many new questions specific to Cad@and removed many of the
guestions used in the pagmased vesion. The sample size for the pagesised questionnaire is
~30,000 students from 51 participating schools, while the sample size for the online questionnaire is
~9,500 students from 51 schools. The participation rate for the online questionnaire w@wvauch
than the papebased (~30% vs. ~80%) due to the school closures and lack of set class time for data
collections. Although linked longitudinal data are available for both questionnaire types, connecting
to the previous three wavease(, Wave |, Wavdl, and Wave Il in the current study) significantly
reduces the sample size from ~9,000 to ~1,000. It is preferable to have external validation data.

However,we stick to the current study design with the three waves data due to the constraints above

Lastly, many participating schools in the COMPASS study are purposefully sampletir{oe.

random convenience sample). As a result, the COMPASS data is not extensible for use in population
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level statistic59). Therefore, one must be cautious wheenpreting and generalizing results since

the sample of schoofeaynot begenuinely representative and external validity cannot be guaranteed.
As with any largescale health survey, response bias is inevitable; mainlyresponses introduce
missing vales. This researcipplied multiple inputationtechniqueso impute missing values
Regardless, the consensus among stakeholders remains that COMPASS methodologies are
sufficiently robust given the delicate balance of data accuracy and participant andnymity

longitudinal studies that concern youth heakgavious (143).

6.4 Future Works

Although the results of this thesis are meaningful, more work is guaranteed to analyze school
programs and policies, hierarchi@&i effects, and dynamic social characteristicyouth
polysubstance us&or example, immediate effort should be givethtomultilevel LMM framework
to examine geographical distribution and variation furtidiis approach uses SPP measures to
account for school policy perspectives and contextual features surrounding polysubstance use among
youth. In addition to the student®alth behaviours, adding data from matturces like SPP would
undoubtedly leverage the strengths of ML modelling strategies.

Another future works to conduct external validation. This can be achieved by obtaining a
validation dataset from externalsoes to ensure our final models fit the new data well.
Alternatively, using any data collected from the COMPASS study in the future years can also validate
our models generated from this thesis internally. Given the particularity of the school ye@02019
due to the COVIBL9 pandemic situation, it would be insightful to evaluate the impact of
overwhelming social events such as lockdown during the pandemic. Analyses like comparing the
commonality and dissimilarity of polysubstance use patterns in the samort and any change of

their characteristics would make future research appealing.

After model development, more work can be dmmgansformthe modelling resultgito
tools/apps in a reaborld scenarioAfter all, there is aignificantdifference between buildinghaL
model and preparing it f@ndusersto use in theiorganizatios. For examplemorecareful model
evaluation before deploymeistrequired One of he mostchallengingaspets of adoptingML
systemss deploying and maitainingan accurate model, which requires constant access to new data

to update and validate the model and improve its acc(tdey). In addition,beyond building ML
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modelsturning the ML solutions into genuineproduct isan interdisciplinary effort involvingot
only technical but organizationsirategic planning145).

One of the objectives ofiis thesis was tmlentify the most significant featurassociatedvith risk
profiles or use patterns gbuth polysubstancesewith an ML modeling approachwhichis a
typical association analysi&s previously discussed,oat ML methods are being used for
descriptive and predictive purposssch as association studies, public health surveilla@ieease
diagnosis and indence, individualvs. populatiodevel predictiondatadrivenmapping of inputs to
outputs, and so olithough ML modelsare good at woveiing subtle patterns in large high
dimensional datasets, thagve struggletb make causal inferenc&3ausal inference approaches are
well-known methods in statistics, with many practical applicatiomsimerousndustries, such as
healthcarg145). Pearl (2019) highlighted that causal inference is restricted and goveradtireg
level causal hierarchy, i.e., association, intervention and counterfélA@lFrom association
towards causality, intervention modelling is in the causal pathragperiet al.(2020) argued that
health practitioners need apply causal aproachesvith causal structures when pursuing
intervention modelling147) Researchers carsethe same tools for causal purposes to reveal
mechanismsfocausality going beyond association tovestigatecausation and buiidg this into our
models Once a causal model is availalftagusing on particular exposureghether througla
learning process @ubject matter expettenowledge, causahferenceallows conclusions to be
drawn on the impact of interventions, counterfatduand potential outcomés48). A morecausal
approacttan beachieved byemoving confounderdn intervention studiesjoubleblinded
randomized controlled trials (RC&jeconsidered goldtandardo control confounding~or
observatioal studies we can tak@ mathematical approachdonduct causal analysiy stratifying

on confoundersr via propensity score matchir{@49)

In thisthesis both the ML models and statistics provide numeric information about phenotypes of
risk profiles and dynamitransitions ofpolysubstance use patterns among youth. In addition to these
guantitative methodologies, we may obtain qualitative evidence to supplement the statistical
evidence. Qualitative research can provide a roomeprehensivenderstad i ng of studentsoé r
behavious, their perceptions towargslysubstance use, and the pros and cons of school practices
and policiedo tackle this public health issueurthermorea more comprehensive profibé
parti ci pbehavisudmaly effad dedper understandingWWHY thesebehavious affect the

134



dynamictransition ofpolysubstance use patterns in this cohort. For example, future research can
integrate the SPP data with opand closeeended questions, drawing on all possibilities from
multiple forms of the COMPASS host study. It may lead toisedmethods study, an emerging
method in social health sciences, combining both the stakisgoas of what occurs and the

phenomenon of why it happens.

In summary, this chapter discussbd key findings of this thesis surrounding trsk profiles of

youth polysubstance usthe patterns and the dynamics among Canadian yiolldwed by

reviewing theadvantages and limitations of the ML methods appropriate to modelling risk profiles
and dynamic transition using the COMPASS dataally, the contributions, strengths and
limitations, and future workaerediscused The next chapter will reeiw theprincipalfindings of
thisthesis highlighting the contributions to the ML and Public Health research communities and

concluding with soménal remarks.
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Chapter 7
Summar yt héeeé yPoi nt s

7.1 What We Know from this Research
Phenotypingrisk profiles of youth polysubstanceuseamong Canadianyouth
9 The four risk profiles of polysubstance use among Canadian youth identifiedriestésch

werelow risk, mediumlow risk, mediumhigh risk, and high riskdemonstrating the

heterogeneity in the pvalence and phenotype across these four risk profiles.
Patterns of polysubstanceuseamong Canadiansecondary school students

1 The four distinctive polysubstance use patterns among Canadian adolescentsugere no

occasional singleise of alcohol, dualse of ecigarette and alcohol, and current mulsie.

1 Although the neuse subgroup was prominent at Wave I, its prevalence decreased over time.
The prevalence of the other three use patterns increased across time, except for the occasional

singleuse ofalcohol subgroup.

1 The current multusesubgroupvas the most stable use pattern, followed by the-dsmland
the nausesubgroupsAmong these four patterns, occasional siugle of alcohol was the
least stable pattern.

Exploring dynamic transitions of youth polysubstanceusepatterns

1 As they grow older, youth were most likely to remain in the same subgroup of use pattern

across time or transition to a higher use pattern instead of a lower one

9 Factors that impact the initial membershipofysubstancese patternand the dynamics

were multifaceteénd complexacross the four use patterns across the three waves
1 Not only dousepatternschangewith time, but so doeshe evidence in use pattesn

The appropriateness oML methods to modelling risk profiles and dynamic transitions using
the COMPASS data

1 The application of cluster analysis determined risk profiles of youth polysubstance use

LMMs identified polysubstance use patterns eradminel the dynamidransitiors ofthese
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use patterns over timk is recommended that these advanced ML methods be applied in
settings with highdimensionapopulationlevel longitudinal data.

1 However, ot all studies havall thosesamevariables neitherhavewe in the COMPASS

datasetThis dlemmamakesthe study resultdifficult to compareor consolidate.

7.2 What this Dissertation Contributes to the Research Communities

To the COMPAS

Host Study

wThe first application of ML models on the COMPASS dataset

wFirst research applying dynamic models (LMM) to examine the transition of polysubstance use patterns
over time

1 First research phenotyping risk profiles taking a holistic approach

To the Public
Health
Community

wldentification of risk profiles of polysubstance use among Canadian secondary school students,
providing a more comprehensive overview of the prominent characteristics for each of the different risk
levels

9 Examination of factors (and estimates) that impact the initial membership of use patterns at baseline
(Wave 1)

wExamination of factors (and estimates) that lead to the dynamic transitions of use patterns over time
9 Inclusion of ecigarette as an emerging substance for modelling the dynamics of use patterns

To the ML

Community

1 Showcasing the application of various ML models (both unsupervised and supervised learning) using
realworld longitudinal health survey data

1 Bridging the ML and Public Health communities
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7.3 What We Still Need to Know and How We Can Get there

1 How welldoour modelgperfornf

o Internal validatione.g., crosseplication, comparing statistical modssed methods
(e.g., LCA) vs. clustering algorithms, LTA vs. LMM

o External validation: usingxternal datae.g.,newer waves

1 What are the characteristic differenceshe dynamic transition of use patterns amgogth?
This will be achieved bgonducing astratified analysisvith the LMM frameworke.g., sex,

race, ageyrbanity,etc.

1 Howdotheschool programs and policiempact youttbehaviours on polysubstance use?
Thiswill be performed byaddng the SPP datato a multilevel LMM framework upon the
availability of the software package

1 What are theisk profiles athe schoollevel reflectingyouth polysubstance use?igill be
examinedusing aggregatestudentlevel dataandhierarchical BEand other environmental
dataavailable in the COMPASS study

1 Given the impact of COVIEL9 on school closuremnd lockdowrthroughout the school year
of 20262021 it would beworthwhileto examire anyrarepatternsor emergingrends of
polysubstance use among Canadian secondary school st@enfsaring the use patterns
and the dynamic transitiotetween this school yeandother years would beeaningful to
public health practitioners.

7.4 Final Thoughts

This thesis epitomizes the emergence of a new and exciting field at the intersection of two research
communities, ML and Public Health. As this is also the first study of its kind to ascertain risk profiles
and dynamics of use patterns in youth polysultgtarse, by employing ML approaches to the
COMPASS dataset, this research provides insights into the opportunities and possibilities ahead for
ML in Public Health. By using complex and highmensional longitudinal health survey data, this

thesis demonsttes the application of LMMs to evaluate the transition of youth substance use
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patterns over timezurthermore, this thesis describes the application of cluster analysit/peof
unsupervised ML approach in determining the risk profiles of polysubstseda this cohort

Findings from studies like this can be beneficial to practitioners in the field, such as school program
managers or policymakeiis their capacity to develop interventions to prevent or remedy
polysubstance use among youth.

This thesis exemplifies one specific application of ML in public health, namely, identifying
behavioural patterns affecting health. By tackling prevalent population health issues, such as youth
substance uses investigated herein, this relseantributes tadvancingpublic health research and
practices. One of humanityds collective responsi
are the future generation. Unfortunately, the current trend in polysubstance use among aslidescent
becoming a growing challenge facing many countries withreeonsequences both for the
individual and our society. Thusy aspiration behind this thesis is to provide a means to accelerate
the research that can provide insights to design and inepkepnograms and interventions for those

directly affected by the detrimental effects of yoptiysubstance use.
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Compass
&P
* This is NOT a test. All of your answers will be kept confidential. No one, not even

your parents or teachers, will ever know what you answered. $So, please be honest
when you answer the questions.

*
* Mark only one option per question unless the instructions tell you to do \*
something else. Q
* Choose the option that is the closest to what you think/feel is true fo@.n.

e%A

gQ) .
Please, use a pencil to complete this ques@ re ‘¢
2.

70
é>o
0

o

Please mark all your answers
with full, dark marks like thi

N

START HERE

Please read each sentence below car Qte the correct letter, number, or word on the
line and then fill in the corresponding cirgle.

Note: These five questions are only used to link data from one year to the next. They cannot be used to identify
participants. Only University of Waterloo hers have access to the responses, and they never have access to

student names or other information. All responses are strictly confidential.

'r|;1hi3c:ilrstnle'grt;s-rc;fyourh . 8 The first initial of your
more ﬁaﬁ Oﬁe(m’(g;ea ¢ theimonth in The last letter of your | The second letter of mgm:;:ggﬁ: tnhe;me
name use your first middl* h you were full last name: your full first mother you see
name; if you don't have Noborm: name: i ey
middle name use "Z" }: —_
® @ @ January ® @ @ ® @ & ® O ®
® ® O @ February ® ® @ ® ® © ® ® ©
® @ March © © © ® © O © © ©
@ April @ @ @ @ @ © @ ® ©
@ ® May ® ® @ & O @ ® ® ®
® ® June ® @ & ® @ ® ® 0 ®
@ ® O @ July ®@ ©& @ ®@ ® © ® ® ©
® ® August ® @ @ ® @ @ ® @
o ® (® September o ® O ® © ®
Qctober
@ November
@ December © COMPASS 2017

000000000 0OOOOOOOOOLCCO00
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About You

1. What grade are you in?

Quebec students only

O Grade 9

O Grade 10 O Secondary |
O Grade 11 O Secondary Il
O Grade 12 O Secondary I

O Secondary IV
O Secondary V
O Other

2. How old are you today?

12 years or younger
13 years

14 years

15 years

16 years

17 years

18 years

19 years or older

O0000000

3. Are you female or male?

O Female
O Male

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

O White

O Black

O Asian

O Aboriginal (First Nations, Métisy Inuit)
O Latin American/Hispanic

O Other

5. About howymuch money do you usually get each week to spend on yourself or to save?
(Remember to’include all money from allowances and jobs like baby-sitting, delivering papers, etc.)

@™Zero

$1to $5

$6to $10

$11 to $20

$21 to $40

$41 to $100

More than $100

| do not know how much money | get each week

OCO0O0YO
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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
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

By public bus, subway, or streetcar

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

O I do not know how tall | am

"My height is feet, inches”
OR

"My height is centimetres”

QEEOELHOE

CEOREOELE

Hei%gt Q

OR

Height

Centimetres

®©®
010}
®e

CEOEEOE

O]
@
®

CEOREOE

Example:
My heightis 51t 7 in

Height
Feet | Inches

[ JO]

QEOOEROE
O)
@

CEOREOE®

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

O 1 do not know hew'much | weigh

Weight Weight
L Pounds Kilograms
[0Jole] [olole]
"M 3 . " 01010 01010}
yweightis __ pounds OO® OO
ox °Se|on| 88
"My weightis____ kilograms” %% %%
O® 9]0
®® ®6

0000000000000 O0COOOO0OL0O
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Example:
My weight is 127 lbs

Weight
Pounds
QOO
QO
ol 1)
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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 Stay 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 negd ta.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, @ 6 ©
© 0 O 0M © O
® 0 0 0 .o ©
© 0 6 6 Orfdge
® 60 6 60 0 @O
@ 0 0 0 0 @ O
@ @ @ @ @ @ @
@ @ @ 06 @ © 6

G}

e) Surfing the internet |

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

g) Sleeping ©

Hours

® £ N0

Hours'

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

O Yes
@™o

158

®@ 6 & & 6 6

®

© @ 6 66 @ @ e

Minutes

O ® @ &

@ @ @ 6@ ®@ @ ©
@ @ @ @ @ @
©@ ®© © ®©@ ©® ©

®

Minutes

®

@

® ®&® & ® ® ©



Physical Activity

school, and recreational swimming.

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

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 schaol,

evenings, and spare time.

Hours Minutes

For example: If you did 45,minutes of hard physical
yf;sdd? % 8 8 % 8 8 % % activity on Monday, you willmeed to fill in the 0 hour
Wedneé,da @ ® 0 @ dleo & ® circle and the 45 minute circlé as shown below:
Tty |© © @ © |0 @ ©® & .
B & O e 6o ale e & Hours Minutes
Saturday | © O ® ©® @ 00 ® @ Mondey @, 1@ ® O|©@ ® {J
Sunday @ © @ ® @60 & &

16. 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 inelude time spent doing hard physical activities.

Hours Minutes
For example: If you did 1 hour and 30 minutes of

yl?;sdd?y % 8 g % % %\ % % moderate physical activity on Monday, you will need

= to fill in the 1 hour circle and the 30 minute circle, as
Wednesday © = @) @ © @ @ Y@ @ shown below:
Thusday | @ @ @ O QNSO ® © ' Hours Minutes
Friday © 0 @ Gl w G @
Saurday | ©@ @O @ (B, EC | © B @ Monday ©® @ @& ® q © © @
Sunday ©@ 0,2 W&o o ® ®

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

usually do?

© Yes

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

0000000000000 O0COOOO0OL0O
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17. 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

OO000CO

18. 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

19. Do you participate in before-school, noon hour, or after-schoolphysical activities
organized by your school? (e.g., intramurals, non-competitive clibs)

O Yes
O No

O None offered at my school

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

O Yes
O No

O None offered at my school

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

O Yes
O No

O There are none available where | live

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

0. days
1day

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

OCO00YOW
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Healthy Eating

23. If you do not eat breakfast every day, why do you skip breakfast? (Mark all that apply)
O | eat breakfast every day

O 1 don't have time for breakfast O | feel sick when | eat breakfast
O The bus comes too early O I'm trying to lose weight
O Isleepin O There is nothing to eat at home
O I'm not hungry in the morning O Other
. 1 2 3 N 5
24. In a usual school week (Monday fo Friday), on None | day  days days .days days
how many days do you do the following? £
a) Eat breakfast Q O O O O O
b) Eat breakfast provided to you as part of a school program O O Q O O @)
¢) Eat lunch at school - lunch packed and brought from home O O a O O O
d) Eat lunch at school - lunch purchased in the cafeteria O <) O O O O
e) Eat lunch purchased at a fast food place or restaurant @; < O O O O
f) Eat snacks purchased from a vending machine in your O 0 0O 0 0 0O
school
g) Eat snacks purchased from a vending machine, corner
store, snack bar, or canteen off school property © © O O O O
h) Drink sugar-sweetened beverages (soda pop, Kool-Aid,
Gatorade, etc.) Do not include diet/sugar-free drinks © O O O O O
i) Drink high-energy drinks (Red Bull, Monster, Rock Star, etc.) O O O O O O
j) Drink coffee or tea with sugar (include cappuccino,
frappuccino, iced-tea, iced-coffees, etc.) O O O O O O
k) Drink coffee or tea without sugar O O O O @) O
25. On a usual weekend (Saturday and Sunday), on how many NemE d1ay dgys

days do you do the following?

a) Eat breakfast O @) @
b) Eat lunch O O C
c) Eat foods ptirchased at a fast food place or restaurant O O O
d) Eat snacks purchased from a vending machine, corner store, snack bar, 0O 0O O
or.canteen
e)Drink'sugar-sweetened beverages (soda pop, Kool-Aid, Gatorade, etc.) O O O
De not include diet/sugar-free drinks
f) Drink high energy drinks (Red Bull, Monster, Rock Star, etc.) O O O
g) Drink coffee or tea with sugar (include cappuccino, frappuccino, iced-tea, O 0O O
iced-coffees, etc.)
h) Drink coffee or tea without sugar O O O
0000000000000 00000000Q0 [serial]
| | |
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26. YESTERDAY, from the time you woke up until the time you went to bed, how many servings
of meats and alternatives did you have? One 'Food Guide' serving of meat and alternatives
includes cooked fish, chicken, beef, pork, or game meat, eggs, nuts or seeds, peanut butter or
nut butters, legumes (beans), and tofu.

000000

Kisnie Canada's Food Guide Serving Sizes of Meats and Alternatives

1 serving

2 servings

3 servings = \ :

. servings 2 Cooked fish, shellfish, Cooked legumes . Eggs Peanut or nut butters  Shelled nuts

5 or more Servings poultry, lean meat @ 175 mL (¥ cup) ﬁ 2'eggs 30 mL (2 Tbsp) and seeds @

759 (2%2 0z.) / 125 mL (Y2 cup) 60 mly(¥ cup)

27. YESTERDAY, from the time you woke up until the time you went to bed, how%ny servings
of vegetables and fruits did you have? One 'Food Guide' serving of vegeta fruit
includes pieces of fresh vegetable or fruit, salad or raw leafy greens, cooked leafy green
vegetables, dried or canned or frozen fruit, and 100% fruit or vegetable juice.

None Canada's Food Guide Serving Sizes of Vegébl’s and Fruits
1 serving -
2\

0000000000

/28. YESTERDAY, from the time you woke
of milk and alternatives did you have
includes milk, fortified soy beverage,

0000000

*»

2 servings
3 servings
4 servings

5 servings vd

6 servinas Fresh, frozen or canned vegetables Leafy vegetal s\ J Fresh, frozgn or 100% Juice

7 g 125 mL (%2 cup) =4 Cooked: 125 miiY2 €up) ¥  canned fruits @ 125 ml (¥ cup) =
servings Raw: 250 =Y 1 fruit or 125 mL (¥ cup)

8 servings
9 or more servings &

til the time you went to bed, how many servings\
. Food Guide' serving of milk or milk alternatives
onstituted powdered milk, canned (evaporated) milk,

None

1 serving

2 servings

3 servings

4 servings

5 servings

6 or more servings

< or powdered Fortified soy Yogurt Cheese
milk (reconstituted) beverage 175 mL 175 mL 50g (1% oz)
250 mL (1 cup) e 250 mL (1 cup) 6 (% cup) ? (¥ cup) ?

29. YESTERDAY, from the time you woke up until the time you went to bed, how many servings
of gr; roducts did you have? One 'Food Guide' serving of grain products includes bread,

000000000

tbread such as tortilla, pita, cooked rice or pasta, and cold cereal.

Canada's Food Guide Serving Sizes of Grain Products

ne
1 serving
2 servings
3 servings
4 servings
5 servings
6 servings Bread Bagel Cooked rice, Cooked pasta
Jeerings  skeosg  wbme w9 pWeratios g G0 i @ T @

servings

9 or more servings

© All Rignts Reserved. £ating Well with Canada’s Food Guide. Health Canada, 2011. Reproduced with permission from the Minister of Health, 2016,
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Your Experience with Smoking

30. Have you ever tried cigarette smoking, even just a few puffs?

O Yes
O No

31. Do you think in the future you might try smoking cigarettes?

O Definitely yes
O Probably yes
O Probably not
O Definitely not

32. If one of your best friends were to offer you a cigarette, would you smoke it?

O Definitely yes
O Probably yes
O Probably not
O Definitely not

33. At any time during the next year do you think you will'smoke a cigarette?

O Definitely yes
O Probably yes
O Probably not
(O Definitely not

34. Have you ever smoked 100 or more'whole cigarettes in your life?

O Yes
O No

35. On how many of the last 30 days did you smoke one or more cigarettes?

None

1 day

2 to 3 days

4 to 5 days

6 to 10 days

11 to 20:days

21 to 29 days
30/days (every day)

olololololelele;

36. Your closest friends are the friends you like to spend the most time with. How many of
your closest friends smoke cigarettes?

None

1 friend

2 friends

3 friends

4 friends

5 or more friends

000000
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37.

38.

39.

40.

41.

Have you ever tried to quit smoking cigarettes?

| have never smoked

| have only smoked a few times

| have never tried to quit

| have tried to quit once

| have tried to quit 2 or 3 times

| have tried to quit 4 or 5 times

| have tried to quit 6 or more times

0000000

Have you ever tried an electronic cigarette, also known as an e-cigarette?

O Yes
O No

Have you used e-cigarettes for any of the following reasons? (Mark alithat apply)

| have not used e-cigarettes

Curiosity / to try something new

| can use e-cigarettes in places where smoking is not allowed
To smoke fewer cigarettes

To help me quit smoking cigarettes

| have used e-cigarettes for some other reason

000000

In the last 30 days, did you use any of the following? (Mark all that apply)

Pipe tobacco

Cigarillos or little cigars (plain or flavoured)

Cigars (not including cigarillos or little cigars,, plain or flavoured)
Roll-your-own cigarettes (tobacco only)

Loose tobacco mixed with marijuana

E-cigarettes (electronic cigarettes thatlook like cigarettes/cigars, but produce vapour instead of smoke)
Smokeless tobacco (chewing tobacco, pinch, snuff, or snus)

Nicotine patches, nicotine gum, fiicotine lozenges, or nicotine inhalers
Hookah (water-pipe) to smoke*tobacco

Hookah (water-pipe) to smoketherbal sheesha/shisha

Blunt wraps (a sheet or tubeymade of tobacco used to roll cigarette tobacco)
| have not used any of these things in the last 30 days

(@]@)]

000000 CO0O0

On how many.of the last 30 days did you use an e-cigarette?

None

1 day

2 to 3days

4 16 Sdays

6.to 10 days

11 to 20 days

21 to 29 days

30 days (every day)

0PO®CO0O0

0000000000000 00000000000 [serial]
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Alcohol and Drug Use A N

A DRINK means: 1 regular sized bottle, can, or draft of beer; 1 glass of wine; 1 bottle of cooler; 1
shot of liquor (rum, whisky, etc); or 1 mixed drink (1 shot of liquor with pop, juice, energy drink).

42. In the last 12 months, how often did you have a drink of alcohol that was more than just a
sip?

| have never drunk alcohol

| did not drink alcohol in the last 12 months

| have only had a sip of alcohol

Less than once a month

Once a month

2 or 3 times a month

Once a week

2 or 3 times a week

4 to 6 times a week

Every day

0]0]0]610]0]0]0]6]6)

43. How old were you when you first had a drink of alcohol that'w.as more than just a sip?

| have never drunk alcohol
| have only had a sip of alcohol
| do not know

8 years or younger
9 years

10 years

11 years

12 years

13 years

14 years

15 years

16 years

17 years

18 years or older

00000000000 00O

44. In the last 12 months, how often did you have 5§ drinks of alcohol or more on one occasion?

| have nevergdone this

| did not have,5.or more drinks on one occasion in the last 12 months
Less thah onge a month

Once a month

2 t6 3times a month

Once.a week

2 to 5times a week

Daily or almost daily

QOQOOO00

45. In the last 12 months, have you had alcchol mixed or pre-mixed with an energy drink (such
as Red Bull, Rock Star, Monster, or another brand)?

O | have never done this

O 1 did not do this in the last 12 months
O Yes

O | do not know
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46.

47.

In the last 12 months, how often did you use marijuana or cannabis? (a joint, pot, weed, hash)

| have never used marijuana

| have used marijuana but not in the last 12 months
Less than once a month

Once a month

2 or 3 times a month

Once a week

2 or 3 times a week

4 to 6 times a week

Every day

000000000

If you have used marijuana or cannabis in the last 12 months, how did you usé&it?«(Mark all
that apply)

O | have used it by smoking it (e.g., in a joint, a pipe, a bong)

O | have used it by vaping it

O | have used it by eating or drinking it (e.g., in brownies, cookies, candies, tea)
O | have not used marijuana or cannabis in the last 12 months

48. How old were you when you first used marijuana or cannabis?
O I have never used marijuana
O | do not know
O 8years or younger
O 9years
O 10years
O 11 years
O 12 years
O 13years
O 14 years
O 15years
O 16 years
O 17 years
O 18 years or older
49. Do you think it would be difficult,or easy for you to get marijuana if you wanted some?
O Difficult
O Easy
O | do not know
. . Y | h Y | h
50. Have you used or tried any of the following No, | f&a\/e doneesfhis ?]Vtehe do(ne:'this?vbit
medications, FO/.GET HIGH? BEEE™™  last 12 months NOT in the last
12 months
a) Oxycadone (oxy, OC, APO, OxyContin®, percs, roxies, OxyNEO®) O O O
b) Fentanyl (china white, synthetic heroin, china girl) O O
c)Other prescription pain relievers (codeme morphine, Tylenol 3) O O @)
51. Do you think it would be difficult or easy to get pain relievers (Oxycodone, Fentanyl,

codeine, etc.) if you wanted some?

O Difficult
O Easy
O 1 do not know
0000000000000 00000000000 [serial]
[ | [ | H Bl
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Mental Health

52. How much do you agree or disagree
with the following statements?

a) | have a happy home life

b) My parents/guardians expect too much of me
c) | can talk about my problems with my family
d) | can talk about my problems with my friends

53. How much do you agree or disagree
with the following statements?

a) | lead a purposeful and meaningful life

b) My social relationships are supportive and
rewarding

Strongly
agree

CO00

Strongly
agree

O
O

c) | am engaged and interested in my daily activities O

d) | actively contribute to the happiness and
well-being of others

O

e) | am competent and capable in the activities that O

are important to me

f) 1am a good person and live a good life
g) | am optimistic about my future
h) People respect me

i) | generally recover from setbacks quickly

54. Choose the answer thaf-best-describes

how you feel.

a) In general, | like the way'ham

b) Overall, | have a lot'to be proud of
c) A lot of things aboutyme are good
d) When | do something, | do it well

e) | like the way | look

O

o OO

True

Q0000

Agree

010100

Agree

O 0 O O OyYo O O O

Mostly
true

QOQOO

Neither

agree nor | Disagree c?g;g%g
disagree
O O Q
O O @)
o) Q Q
o) O O
Neither N ¢
D Strong
oo | AT S
O O O
Q O o
o) O O
o) o O
O O O
o) O O
O O ©
O o O
O O O
sOr{}igtnes ey False
sometimes false
false
0) @) Q
O O Q
O O ®)
o) ©) Q
o) O O

55 4f you had concerns regarding your mental health, are there any reasons why you would
not talk to an adult at school (e.g., a school social worker, child and youth worker,
counsellor, psychologist, nurse, teacher, or other staff person)? (Mark all that apply)

O 1'would have no problem talking to an adult at school about my mental health

O Worried about what others would think of me (e.g., I'd be too embarrassed)
O Lack of trust in these people - word would get out

O Prefer to handle problems myself

O Do not think these people would be able to help

O Would not know who to approach

O There is no one | feel comfortable talking to
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56. Over the last 2 weeks, how often have you Qo] | Gver el Nearl
been bothered by the following problems? Not at all days the days _L_every d);y

a) Feeling nervous, anxious, or on edge

b) Not being able to stop or control worrying

¢) Worrying too much about different things

d) Trouble relaxing

€) Being so restless that it is hard to sit still

f) Becoming easily annoyed or irritable

g) Feeling afraid as if something awful might happen

0000000
0000000
[elo]elolole]e)
O000C0O

57. Please indicate how often the Almost . About half  Most of the Al;]ost
following statements apply to you: never L OOMelmes | e ime tipes, % always

O (Y
O O
O¢P: ©
(o C
Na vud O
O @]

a) | have difficulty making sense out of my feelings O

b) | pay attention to how | feel

c) When I'm upset, | have difficulty concentrating Q

d) When I'm upset, | believe there is nothing | can do O
to make myself feel better

e) When I'm upset, | lose control over my behaviour O

f) When I'm upset, | feel ashamed for feeling that wayO

CC 0000
0 0000

58. On how many of the last 7 days did you feel N |
the following ways? tﬁgﬁ ?rd‘;ff ' t-2days | 3-4days | 5-7days

a) | was bothered by things that usually don't bother me V)é
b) I had trouble keeping my mind on what | was doing

c) | felt depressed X4
d) | felt that everything | did was an effort

e) | felt hopeful about the future 2 (N
fy 1 felt fearful

g) My sleep was restless A ¢

h) | was happy

i) | felt lonely \ .

j) I could not get “going”

QO
00

QO000CO0000

000000000
00000000
0O000CO000O

59. In general, how would you rate your mental health?

O Excellent
O Very good
O Good
O Fair
O Poor

If.you are a young person in Canada who needs support, Kids Help Phone a

you’can reach out to Kids Help Phone’s professional

counsellors by calling 1-800-668-6868 or visiting

kidshelpphone.ca. Their service is free, anonymous, 1-800-668-6868

confidential, and available 24/7/365.

OC000C00000000000000C000 [serial]
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Your School and You

60. How strongly do you agree or disagree with Strongly ; Strongly

each of thg f%llomying sgt]atements? g agree Agree Disagree disagree
a) |feelclose to people at my school O O O @]
b) |feell am part of my school O O @] O
¢) |am happy to be at my school O O O O
d) |feel the teachers at my school treat me fairly O O O O
e) |feel safe in my school O O O O
f) Getting good grades is important to me O @ O @

61. In the last 30 days, in what ways were you bullied by other students? (Mark allthat apply)

O 1 have not been bullied in the last 30 days

O Physical attacks (e.g., getting beaten up, pushed, or kicked)

O Verbal attacks (e .g., getting teased, threatened, or having rumours spread about you)

O Cyber-attacks (e.g., being sent mean text messages or having rumours spread.about you on the internet)
O Had someone steal from you or damage your things

62. In the last 30 days, how often have you been bullied by other.students?

O 1 have not been bullied by other students in the last 30 days
O Less than once a week

O About once a week

O 2or3times a week

O Daily or almost daily

63. In the last 30 days, in what ways did youbully other students? (Mark all that apply)

O 1did not bully other students in the last'30 days

O Physical attacks (e.g., beat up, pushed, or kicked them)

O Verbal attacks (e.g., teased, threatened, or spread rumours about them)

O Cyber-attacks (e.g., sent mean‘text messages or spread rumours about them on the internet)
O Stole from them or damaged their things

64. In the last 30 days, how often have you taken part in bullying other students?

O 1did not bully other students in the last 30 days
O Less than onte"a Week

O About onge aweek

O 2 or 3timesa week

O Daily or almost daily

65. How supportive is your school of the following? VeY | gupportive Unsupportive| &Y
supportive unsupportive
a) Making sure there are opportunities for students to be O O O O

physically active

b) Making sure students have access to healthy foods and drinks O O O O
¢) Making sure no one is bullied at school O O @)
d) Giving students the support they need to resist or quit tobacco O @) O O
e) Giving students the support they need to resist or quit drugs O O O O
and/or alcohol
| | H .
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66. In your current or most recent Math course, what is your approximate overall mark?
(Think about last year if you have not taken math this year)

O 90% - 100% O 55% -59%

O 80% - 89% O 50% - 54%

O 70% - 79% O Less than 50%
O 60% - 69%

67. In your current or most recent English course, what is your approximate overall mark?
(Think about last year if you have not taken English this year)

O 920% - 100% O 55% -59%

O 80% - 89% O 50% - 54%

O 70% - 79% O Less than 50%
O 60% - 69%

68. What is the highest level of education you would like to qet? (Choose oniy.one)

Some high school or less

High school diploma or graduation equivalency

College/trade/vocational certificate

University Bachelor's degree

University Master's / PhD / law school / medical school / teachers' college degree
| don't know

hat is the highest level of education you think you will get? (Choose onfy one)

Some high school or less

High school diploma or graduation equivalency

College/trade/vocational certificate

University Bachelor's degree

University Master's / PhD / law school / medicalschool / teachers' college degree
| don't know

69.

000000 g || OOOOOO

70. In the last 4 weeks, how many days of school did you miss because of your health?

0 days

1 or 2 days

3to 5days

6to 10 days

11 or more days

00000

71. In the last 4 weeks, how many classes did you skip when you were not supposed to?

0 classes

1 or 2 clagses

3to 5classes

6 to 10 classes
11t0"20 classes
More than 20 classes

(0]0)]

®C00

72. How often do you go to class without your homework complete?

O Never
O Seldom
O Often
O Usually

0000000000000 00000000000 [serial]
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AppenBi Xx
Aggl omerCat s veli in ik gMeet h dRlisssi mi | arity

Me a s 8)r e

SingleLinkage (NearestNeighbor)
Minimum distance or dissimilarity between nearest data points in clusters

00 | ED o 3)

Cluster 1 Cluster 2

CompleteLinkage (FurthestNeighbor)
Maximum distance or dissimilarity between furthest data points in clusters

o I Agwm (4)

Cluster 1 Cluster 2

AveragelLinkage (UPGMA)
The arerage distance of all pairs of data points between clusters

- P P N
J0sd0s ®)

Cluster 1 Cluster 2
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Centroid Method (UPGMC)

Squared Euclidean distance between centroids of clusters, combining clusters with minimum

distance between centroids of the two clusters

Cluster 1 Cluster 2

War dds Met ho8moEfl8quaréasimu m

It aims to minimize the total withieluster variance, combining clusters whangéncrease in

within-cluster variance to the minimal degree.

172



Appen@i x
PAM Clusterimg Al gorith

Step 1

Arbitrarily choos€Qobject as initial medoids (e.dQ )

° o ©
®
* o
®
e ©® ®
®
® e ®
®
© o
®
s ° ®
Q

Step 2

Assign each remaining object to the nearest medoids, commgidtial cost 6

Step 3

Randomly select a nemedoid object

Step4
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Swap medoidi and noAmedoid object , computethetotal cost of swappingd

evaluate if cost function decreasés ( 0 )

Step5

Repeat Steps-2 until the total cost of swapping is not improving anymore
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Appenddi x
Fuzzy Cl Adtgersgnd m

Fuzzy C-Means (FCM)

The FCM algorithm applies a weighted safrsquares criterion for continuous datae FCM
clustering algorithm calculates the optimal membership degree by minimizing the Euclidean distance
between thelata elemenand the clustecentre(22), expresseds

OHO Q gh (6)

wheret is the sample siz&s the number of clustergjs the fuzzifier, O BO is the membership,
andQ @h s theEuclidean distanceetween subjedfandthe cluster centax . The fuzzifierd
affects the distribution of the final membership; p leads to the hard clustering (i.e., crisp
solution), and a default setting @f ¢ for soft clustering (fuzzy clustering). The applications of the
FCM algoritim in the health domain have been published in the literature. For ind{atesring
(2009)implemented it in the immediate valuation of patient portfolio assets with cluster analysis
(150) A fuzzy version of densitpased spatial clustering wappied by Nasibov and Ulutagay
(2010) forcomparison with fuzzykneang151).

Like any fuzzy clustering, data elements can belong to any cluster with a certain degree of
membership. It provides a more detailed description of the objects in the clusigdition, the time
complexity is low. The FCM algorithm also has some disadvantages: 1) it is sensitive to outliers and
initial centroid; 2) different initialization may lead to different clustering results; 3) the FCM
algorithm can become trapped intodbmaxima resulting in the final clustering being in a local

optimum instead of global maxima.

FANNY (Fuzzy ANalYsis)

Another weltknown fuzzy algorithm, FANNYminimizes the objective function

— @)

wheret is the sample siz&Qis the number of clusters,is the membership exponent, aNAAQis
the dissimilarity between subjec@nd QIncreasingly crisper clustering can be achiewbéni is
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close to 1 and complete fuzziness whapproachesfinity (129). Further notehat even the default
valugi = 2, will lead to completduzzinessthat is, the degree of membershifif -. FANNY

is more robust to neapherical clusters thasther fuzzy clustering algorithenaccepting a proximity
matrix Q "@Qinstead of estimating central valyes., Euclidean distances as in the FCM algorithm
(22).

Given the mixed type of COMPASS data, with most of the data loategorical, different
dissimilarity matrices have experimented, and the clustering results were compared. Firstly, as part of
the clustering process, grademembership (GOM) analysis assigns two or more latent subgroups
for each object based on probélgk of their cluster membership. One specific distance metric, the
Gower distance, was implemented in this st@lywer distance is calculated as the average of partial
dissimilaritiesbetweerdata elemeist depending on thevaluatedrariabletypes(152). Each feature
has a specific standardization applied, and the distance between two individuals is the average of the
particular distances of all. Eaplartial dissimilarity (.e.,the Gower distance) ranges between 0 and 1.
Secondly, the ordinal dataene treated as continuous, so the most commonly used Euclidean distance
measure can be implementdthe Euclidean distance measure is appealing betaeislistance
between two objects can be interpreted as physical distance obtained from multivarifte used

clustering.
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AppenBi x
Boruta Al gorithm

The Boruta algorithnis an R~based feature selectiafgorithmutilizing an exsemble ofdecision

trees With treebased models, a sequence of decisions (or splits) is calculated at training time. A
stopping criterion can be specified by not splitting nodes once the decision cannot bring a specific
minimum benefit to contrahe overfitting of the decision treeReduction in Gini impurity is often
defined as a benefit within this context. Corresponding to the Gini coefficient, Gini impurity indicates
the effectiveness of the classifier for a given subset of dataphi@metric is one property of Gini
impurity, which works with any numerical data containing a large sample size for choosing input
features. The feature ranking mechanesttendghe decision tree mechanism as the impurity
decreased from each feature is averaged over all the trees. The term inepogisents either the

Gini impurity or entropy for classification and the variance for regression trees. These impurity
measures are used to select the feature that best splits the dataset.

The Boruta algorithnecan be described as follos3).

Step 1:Foreachfeatur®d, r andomly permute it to ¢eatmeer at e
&

Step 2:Fit a random forestlassifierto the originafeatures ¢ 8 fd and the shadow features

& B
Step 3:Calculate feature importance tive original features 'O 8 KO andtheshadow features

‘0 B HO
Step 4:The feature is important for a single run if its importance is higher than the maximum
importance of all shadow feature®.,'O 0O 0O.

Step 5:Eliminate all features whose importance across all runs is low enough. Keep all features

whose importance across all runs are high enough.

Step 6:RepeatStefs 1-5 with all tentative featurefor a pre-defined number of iterationmtil all

features have beedentified as important or rejected.
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Thepseudecode of the Boruta algorith153) can bewritten asfollows.
Input: € 1 "QQQ¢ nplddataset)Y "'Oi o(# df iterationsof RF)
Output: ' QQ MO 61 'QYQO
Wé & QO 4 QQYQO
1 ' QQQ0MO6 2QYQO
for 'Q ¢3dY "Oi 6db i
€1 QQ0E ©0adi QRIQDIDOE tha OXSADO & 1 i
("BQE VOQMOO 6N QI GEIMANRDRDOO £ 1 i
QMo QEQQQD I QAERELQAQQE O & OH'ADVOOO®ODO 61 Qi
Q®MO'N:ENQQ0MO VRO QE QQQ0 FEQUAXIOE DAEH Q¢
G YOET QVIQOE QE A TORLOND QQQO0NO ©
GOOaYEBNEOHD 0D 6 & Qi Yo é | (BYQD VL "0QMO 61 Qi
for Q@M £ 1 "QQQE G& 0dOQQ QWO £ 1 i
ifa"YOE T QYDBOODA YABHNOO "OQothed | Qi
(oI
for Q@M £ 1 "QQQE G& 0dOQQ QWO £ i i
[ Q0 VQQAOODd O YQRQQQYQQE DQUONE @ QYQI o
ifi Q0 "QQQD CBEW@EH "YABD N OO "OQ Gthed | Qi
WE £ QO G QUVEHD 67 BYQO
else ifi "Q"Q¢ "QQQG (¥Ecorid "YAH N OO "OQ dthed | Qi
1 Q0QMO0 QR VAN 06 WQYQo

return " QQ Mo 61 ‘QERE "QQI d Q WEIRDH'YQ O
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Appenldi x
t-SNERAIl gorit hm

A precursor method ofSNE, Stochastic Neighbor Embedding (SNE), aims to match distributions of
distances between data elements in-higitd lowdimensional space via conditional probabilities.

SNE assumes that thiéstances in both higland lowdimensional space are Gaussian distributed.

SNE is performed by defining the similarities and a cost function, obtaining the gradient for the cost
function and minimizing it to get the ledimensional map. SNE has two manawbacks. The first

one is that it is challenging to optimize the cc
problem cepresenting the phenomenon that SiEnpsdata elements nearby and moderately far

apart to make them crowded.

t-SNE with novel features represented to cost function overcome these two drawbacks. The first

improvement of4SNE is that its cost function is symmetrized version of that in SN s 1
andflg N g.The main feature in symmetric SNE isthat n andfy 1 mforallij. The

low-dimensional representation is

Aobgn ws
n — (8)
B Agbs ws
The highdimensional representation is
‘ Aob & o T, )
" B Ropwm osi,
The gradient of the cost function is
706 o,
Ty T n n o (20)

The second improvement ¥BINE is that4SNE uses Studerddistribution instead of the normal
distribution to compute the similarities between data elements in-ditoensional map. In$NE, a
Student 4distribution with one degree of freedom, Caucistribution, represents the lew
dimensional map.

g gL S 6s
B p & s
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It is observed that this representation has no exponent and looks similar to the kernel of a t
distribution. The main resmn for using-tistribution is that it is robust to outliers. Unlike the
Gaussian distribution, it has no exponent, making it faster to evaln@eaussian distribution, there
is an exponent in the kernel, making the calculation more computationafigssxe. Thus, choosing

a certaindistribution is much faster.
The gradient of the cost function via the KL divergence can be expressed as follows.

10 , . o
T n n o w p W R (12)

The general idea of theSNE algorithm is that for a higtimensionabataset with data elements
w,w, @,eachdataelement has high dimensions. The cost function parameter, perplexity, is
associ at ed wihecobstfunation. Ehe aptimizationi parameters include the nurhber
iterations”Y learning rate , and momenturm 0 . All these components are utilized to obtain the

low-dimensionatepresentatio.
Essentially, the-BNE algorithm starts with pavise affinitiesr) ¢ in the highdimensional map

with a given perplexity. Then sat % where n is the number of data elements. Then sample

the initial solution forat thert iteration forcw, w, @ from a normal distribution with the mean
0 and variance Tt 0 Tip Tt O, where | represents the identity matrix. Then start withiteration

for0 pto”Ywhich is the maximum number of iteration, first compute the ledueensional

affinitiesry , and then compute the gradient throughthe KL divergence. Then use the gradient
descent formula to get the solution a ¢h solution, set

, : 16, ,
w W - —. 0 W W 13
! (13)
Iterate through all these processes until the maximum iteration is reached or until it converges to the

asymptotic point of the solution.

Beyond the basic$NE algorithm, there are modifications to reduce complexity using Batutes

SNE approximation, aophisticated methodology with a treased algorithm.

t-SNE is a popular method, which has been implemented in various software packages and

languages. The research community has widely adof@&tEt but there are also some criticisms

180



against it. Wattelmerg, Viegas& Johnson (2016) list some of the drawbacks $NE with some
interactive visualization tools. The first drawback is that the different perplexity can leatiredy
different clusterg154) The perplexity measure is loosely interpreasdeveraheighbarrs of a

certain point. Wattenberg, Viegas Johnson (2016) suggested that a perplexity between 5 and 50 is
optimal and robust within that ran¢ib4). If a perplexity is too small, then the local variations are

dominant. On the othdrand, a too large perplexity leads to a dominating global chabdé¢

Another disadvantage of3NE is that cluster size does not have any meaning to it. In PCA; the X
axis has aeasonabléterpretation, and the-#xis is the direction with the Higst variance
explained. However; ENE does not have that intrinsic interpretation. It sdésmisto expand dense
clusters and contrast sparse clusters. Therefore, a dense cluster does not mean that cluster points have
minimal variance. A huge cluster dorot necessarily imply those data elements have enormous

within-cluster variance.

Another criticism is that the distance between clusters might not have a clear interpretation. For
example, if two clusters are close to each other, two clusters arafaride intercluster distance
does not mean those clusters are far apart are very different from each other, or close enough clusters

are very similar.

Finally, if random noise is provided in the dat§NE can lead to a false positive structure in the
projection, where in realifyno structure in this random noise. Researchers need to be careful about
using tSNE, tuning the hyperparameters, and interprdtiegesults. In summary3NE is a
valuable tool for clustering and data visualization. Itvdes a better structure for higlimensional
data.lts high flexibility leads to other drawbacks such as a lack of interpretabilitpeimaiintuitive

for parameter tuning, including perplexity, iterations, tolerance or convergence, etc
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Appen@i X

Clustering Procedures

In a nutshell, clustering procedures include the following major $8)s
1. ldentify Objects to Cluster

Ideally, objects should be randomly sampled and representative of the cluster structure. However,
since cluster aalysis is a nofinferential tool, if generalization to a larger population is not required,

it may be acceptable for oveampling small populations.
2. Select Variables (Features)

Feature selection or extraction is one of the key steps for cluster analysis, particularly with high
dimensional data. Feature selection refers to choosing a subset of original features fratiarstitén
contrast, feature extraction applies transfororathethods to the original features to generate new
ones that are useful for analysis. Ideally, a good choice of features should distuagigisbpatterns
belonging to different clusterbginsensitive to outliers, arfae easy to interprefeature extiction is
often used for dimensionality reduction and data visualization, where interpretability is not
mandatory Considerations will also be given to data standardization and addressing multicollinearity

issues amonggatureq155).
3. Measure Proximity

Proximity is a general term used to quantitatively measure how cliosiéa(ity) objects are to
each other or how far apadigsimilarity or distancé they are. There exists a large number of
similarity or dissimilarity coefficients. Thehoicebetweercoefficients is given by the nature of the

data,i.e.,continuous or categorical.
3.1 Distance or Dissimilarity Measures

The most commonly used dissimilarity measurguslidean distancewhich is written as

Q 6 o (14)
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wherew ando represent for objeebandd respectively, the value &f variable of thej-
dimensional observation® ¢fto represents physical distances betweenfpgamensional
observationsy @ B ho and® & Mo in Euclidean spacg?2). A variety of

dissimilarity measures has been developed to accommodate different weighting of multivariate. For
example, the welknown Manhattan distang¢&56)is the city block distance that measulesances

on a rectilinear configuration, similar to tréleg in street configuration. The correlation coefficients,

e.g.,Pearson correlatigwan be transformed into dissimilarities within the interval [0,1].
3.2 Similarity Measures

Similarity measureare often used for categorical data, in which the measne are scaled
within the interval [0,1]. A similarity coefficierit ¢fto describes how close the two objettandc
to each other. The value bfcftd equals one represents the two olgézandcdiffer minimally for
all variables. A dissimilarity coefficierf2 ¢fto takes a simple manner to convert its similarity
coefficienti ¢hd by takingp i ¢fto. The commonly used similarity measures for binary
variablesncludethematching coefficient, Jaccard coefficient, and Gower and Legéh8ve

4. Choose Clustering Algorithm

Appropriate clustering algorithms should be a good fit foddtasetdiscovering the underlying
structure of the clusters and insensitive to erf223 In addition, a modébased algorithm is
recommended to accommodate dggmerating processesn ML pipeline was built to implement

various clustering algorithms in this reseaihdiscussed in Sectidm.4
5. Evaluate and Interpret Clustering Results

As an exploratory analysis, one of the most challenging aspledtsster analysis isvaluating the
results Some classical validity indicgacluding external and internal measyngsre introduced in
Sectiond.4.5 As part oftheinterpretation of clustering results, descriptive statistics and cluster
visualization are often appropriate for clusteramglysis. The commonly used techniques include
PCA, correspondence analy§l$8), silhouette plot, nighbaurhood plot, and stripeand shadow plot
(159)
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Appenidi x
LASSO Regression

The LASSO regression is similar Ridge regression, which minimizes the sum of the squared

residuals plus lambda times the squared slope. Ridge regression is least squares plus the ridge
regressiompenalty. Ridge regression has more bias than least squares. In turn, for that small amount
of bias, the ridge regression has a significant drapdnariance. The main idea is that ridge

regression provides better lotgym predictions by starting withslightly worse fit. The ridge

regression penalty uses the slope squared, while the lasso regression takes the absolute value of the
regressors instead of squaringrite value of lambda is determined by crealdation.Similar to

ridge regressiorglambdacango fromzero to positive infinity. When lambda equals zero, then the
LASSO regression will be the same as the least squares. As lambda increases in value, the slope gets
smaller until the slope equals zero. Likewise, LASSO regression leadmtdl@asiount of bias but

less variance than least squares. Both ridge and LASSO regression can be applied to complicated
models that combine different types of data.

The significant difference between ridge and LASSO regression is that the former cahrimiy
the slope asymptotically close to zero. In contrast, the latter can shrink the slope to zero. The greater
the value of lambda, the greater the shrinkage rate is. Generally, a moderate lambda value will cause
the solution teshrinking towards zero,rad some coefficients may end up precisadyo. Since
LASSO regression can exclude unimportant variables from the equation, it is better than ridge
regression to reduce the variance in models containing many irrelevant femiakesythe final
equation enpler and easier to interpret. As an alternative to a model or subset of feature selection,

LASSO often gives sparse solutions due tohv@enalty(160).
Consider a simple least squares regression model
1T T E e - (15)
whereo 8 o are predictor variables)is the response variable, ané the residual error term.

The LASSO regression corresponds to the penalization, shown as the second component in the

following expression
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w T I o - ¢ (16)

Instead of penalizing the sum bietbeta squares as in Ridge regression, the penalization term of

LASSO regression is the sum of the absolute of the regression parameters.
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Appenldi x
Latent Mar kov Model (LMM)

Latent Variable Models in General

Latent variable models are a type of statistical model, including latent variables which are not directly
observable. The purposes of including latent variables in the statistical models are i) to account for the
unobserved heterogeneity among objectspigccount for measurement errors, and iii) to summarize
different measurements of the same unobservable charactddigiigsEssentially a latent variable

model formulates assumptions on:

 MeasurementModel: "Qudfro implies the conditional distiution of a set of response
variables denoted asgiven latent variables denoted B§and possible covariates denoted by
§ Structural Model: ' Qo formulates the assumption of latent variaMdistribution given
covariatesy.
By marginalizingout the latent variables, the manifest distribut@dgo will be obtained; by the

Bayes theorem, the posteritistributionof the latent variable given the observable variables
"Qogufo will be obtained.

A common assumption of latent variable modelsdsl independengeneaning the response
variables are conditionally independent given the latent variablesoaadateg161). In this

research, particularfocuswasgiven to LMM for panel data.

The Basic Version of LMM

Let & denotes a categorical latent variable witlbategories (latent stateSYdenotes equidistant time
occasios, subjectan be in a differeriatentstatesQ plgfEdD at different time occasionts
Tiphesi'Y

w O = latent state variable at tinte

0 @ 8 0 whofB o 0 ogohdB o (17)
LMM parameters: each latent stéted6  pr8hQ corresponds to a class of subjects in the
population and consists of tfi@lowing probability parameters
1 Initial State Probability (4 )
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0 Q (18)

Logit model may include covariatés(e.g.,sex ethnicity in thisstudy)

..o Q
aé-0—— | (19)
0w p
Transition Probabilities (4]
0 & i gD ko) (20)
., 00 W Q
e : -
o ¢~ R g ! r r r (21)

Logit model may includéixed and timevarying predictors
To combine the initial latent state and transition-sudzlels,

0 olwMBw 0w 0 QI (22)

The transition matris  of size’Q Qrepresents transition probabilities.

Measuement Probabilities
Measurement equivalence, distribution of the response variables with categorical responses
Vo & 1 (23)

One or more response variables Y can accommodate different scale typesiiérgipus,
categorical, count, nominfaFor a single categorical response variable,
g edgn @ 52

(I (24)

0 w8 o 0w 0w o (25)

The particular set of latent stat€@ RQRQ) defines a charigg pattern for subje¢DGiven
the unconditional distribution (no predictor) of a basic version of LMM, extension to multiple
indicators iSmmediate(162).
Manifest distribution: local independence indicates that the conditional distribution of
given® is

NOW N OoW o NY W (26)

Distribution of & is:
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ne e o "o "oy 27)
Manifest distribution ofd is:
nw o o nowWN e (28)
Maximum likelihood estimation of the basic LMM
Model loglikelihood can be expressed as
a— I TnQ@o e ol In@d (29)

where—is the vector of all model parametérs, “ fn s for categorical dat& « is the

frequency of the response variatiieThe ExpectatioiMaximization (EM) algorithntan be
applied to maximizé&r— (163,164)
The EM algorithms iterate the following two steps until convergence.

1 E-Step computes the posterior distribution of the latent states given the current value of
observed data and parameters.

1 M-Step maximizes the posterior expected value of thelilkogihood of complete data
concerning the model parameters.

Suitable recursionsiust compute thé— and grform the EStep(163). Beingat — multimodal,

different initializations (deterministic and random) of the algorithm are necessary to increase the
chance to get its global maximum. Extended models, such as multivariatepvatiates, and

mixed are still fitted by the EM algorithm in which the main adjustments are in{8eM If
necessarytheselection of k may be based on suitable statistical crite6ia):

T 606 ca— ¢ OQnumber of estimated parametershia model)
T 606 ca— 1 1&Q(: sample sizeQ number ofestimated parameters in the model)

Inclusion of Covariates in the Basic LMM

Two possible choices to include individual covariates collectéd in & 8 fo

1 The first is random intercepts in the measurement model; for binary variables, it is assumed
_ nod  psY o (30)
I '|'5% | Geel © Q pBREM pMBHYY pB HQ (31)
1 The second is in the structural madgverning the distribution of the latent variables via a
multinomial logit parametrization
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Initial Probabilities:

“ nyY ow (32)
||—e ae] O 6 c¢MBhQ (33)
Transition Probabilities:
“ s NTY  0SY 6fo (34)
L i-cS G O ofb pBADD O (35)
S

Multivariate Extension to the Basic LMM

A vector of0response variables W M hd ais considered fosubjectGit time occasiomhiQ

pfB FEMP pfB AY With categorical responsesis assumed thahe components @b are

conditionally independent given (local independence), so that
RO AO OH @ g (36)

P NG (37)
Anotherassumption is thahe latent variable® 8 i follow a firstorder Markov chain, possibly

northomogeneous.

Model Specification with Multivariate Extension

In this thesis, w started with fitting an unrestricted LMM, the basic version of an LE&hoted by

0 . For the'Q individual at timedon 0 observed substance Lsdicators { 1), a response

pattern can be expressedias  ® B o . In this thesis, each of the obsensdbstance use
indicators has threecategors , bei ng O, 1, and 2, indicating fAnt
Acurrent use, 0 respectively. I't is assumed that
pattern at each time occasidfwhered  pf8 FYandY o representing Wave Wave Il, and

Wauve ll1) is explained by a vector of covariates witfatent states of substance use patterns. It is

assumed thahe responses to thé (Y windicators are conditionally independent given the

substance use patterns.
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Given that the response variables have more than two categories with ordinal in nature, Colombi
and Forcina (2001) suggest that local logits, global logits, or continuationdagitse applied as the
specific function(166). In particular, the global logit function, related to cumulative |dgitordinal
response variables, is the counterpart of the logit link function for binary response vg@@pl&se

vector of globalogits can be expressed as

mh
=]

n
_ [ = g o pMHANG pMBRT® mB R p (38)
s

n E n

where®is the number of categorie® ( 0) of the response variabldsjs the latent state, andS is

thew global logit givend latent state for theé time occasiorf27).

To further extend the LMM with multivariate responses, local independence is the key assumption
for the response variablesdithe corresponding latent variable.the case ofestrictionson the

w

measurement model, the same principles apya" s be the vector with elements s

8 i p . As an extension to the univariate response formulatin, » ¢ h pBIM
pfB Rap  pfB AY, wheren s IS the vector of conditional respornebabilities with elements
no ho Tt o p . The conditional distribution of each resse variable can be
parameterized using generalized linear models (GLM). The correspondirigrigtion can be

simplified as— W sT qQn , where'Q z is a type of link function discussed previously.

] S

The ExpectatiorMaximization (EM) algorithm was implementedthis thesigo estimate the
maximum likelihood of LMM parameter§iven the existing values of the parametard the
observed data, thed&ep computes the frequency of subjéetionging to latent statesdndtional
response probabilitigsthe frequency of subjects in latent statat time poin® (initial
probabilities, and the number of transitions from one latent state to another at timé (icansition
probabilitieg. The expected values of thekeee components may be maximized separately via M
step. Applying the EM algorithm on multivariate response variables, the complete difallbgod

is expressed as
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@ 11nCy o 1171“C o 171G (39)

where® represents the frequency of subjects with outcdrimelatent stat® for thery response

variable at time occasian(27). In general, the EM algorithm has the same structure as outlined
above An alternative method to the EM algorithm, Bayesian estimation of LMMalsanestimate
maximum likelihood However, the existing software package only supports the EM algotittsm
thesis did not implement Bayesian inference

Decoding

As introduced in Section 2.3.4, decoding refers to a process of dynamic pattern recognition,
predicting the order of the latent states with observed data for a J@hjepdhe two types of
decodng, local and global decoding, each ltapurposes. Local decoding aims to identify the most
likely latent state for each time occasion. Global decoding finds the most likely order of latent states,
requiring specifi@lgorithms, such aan iterative ajorithm developed by Viterl§B3,167)

In local decoding, the estimated posterior probabilijigsgd 1Y 0 «© maybe

used to assign subjefio a latent state at a given time occasion ¢) 6 ¥ | A@6 2 ,

derived from the EM algorithm. Whereas in global decoding, the problem of path detection is more
complex,i.e.,identifying the most likely orded 6 B hd  afor subject®
O)Y O BAY o6 w | A@oxw .

Mixed LMM

Additional random effects/latent variables may be included in an LMM to accounth@arsources

of unobservedheterogeneity168). Among themixed LMMs, aparticularfocus is based on initial

and transition probabilities of the individual latent presssdefined conditional on a discrete latent
variablew "Q pFﬁ R The model assumes that individuals are divided into latent clusters, with
individuals in the same cluster following the same LMM, while the measurement model is common
to all individuals Mixed LMMs mayalso beused for multilevel longitudinal data collected in
observable groupd.00).
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Appendi x
Mi ssDatgdanal ysi s

Figures39-41 illustrate missing data distribution, missing patterns, aisding patterns on response
variablesfor Wave | (201€17).
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Figure 39. Missing data distribution (Wave I, 201617)
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Figures42-44 illustrate missing data distribution, missing patterns, aisging patterns on response
variablesfor Wave Il (201718).
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Figure 42. Missing data distribution (Wave Il, 201#18)
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Figure 43. Missing patterns (Wave Il, 2017-18)
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Figure 44. Missing patterns on response variables (Wavel| 2017-18)
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Figures45-47 illustrate missing data distribution, missing patterns, aisging patterns on response
variablesfor Wavell | (2018-19).
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Figure 45. Missing data distribution (Wave lll, 2018-19)
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Appenkdi x
ClusteringFeBMsGl ustering

Figures48-50illustratethe twadimensional (2D) representatiand thesilhouette plot ofFCM
clustering on théinked COMPASS data by wase

50
-2 Silhouette Plot of Fuzzy C-Means Clustering (COMPASS linked_16)
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Figure 48. FCM Clustering, left-panel: 2D representation right -panel: silhouette plot (Wave |
201617)

Silhouette Plot of Fuzzy C-Means Clustering (COMPASS linked_17)
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Figure 49. FCM Clustering, left-panel: 2Drepresentatior right -panel: silhouette plot (Wave I,
201718)
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Figure 50. FCM Clustering, left-panel: 2Drepresentatior right -panel: silhouette plot (Wave
[1l, 2018-19)
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Appenldi x

ClusteringPREH wisttser i ng

Figures51-53illustrate the twedimensional (2D) representation and stieouette plot of PAM
clustering on the linked COMPASS data by wave
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Figure 51. PAM Clustering, left-panel: 2D representation right -panel: silhouette plot (Wave |,

201617)
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Figure 52. PAM Clustering, left-panel: 2D representatior right -panel: silhouette plot (Wave I,

201718)
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Figure 53. PAM Clustering, left-panel: 2Drepresentatiort right -panel: silhouette plot (Wave
[1l, 2018-19)
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AppenMi Xx

ClusteringHResat thbical Clusterin

Figures54, 56, & 58 demonstrate the dendrograrihhierarchical clustering on the linked COMPASS
data by wave Figures55, 57, & 59 illustrate the twedimensional (2D) representation and the
silhouette plot otierarchicaklustering on the linked COMPASS data by wave

Hierarchical Clustering, Average-linkage (COMPASS linked_16)
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Figure 54. Hierarchical Clustering, Dendrogram (Wave |, 201617)
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Clusters silhouette plot
Average silhouette width: 0.556
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Figure 55. Hierarchical Clustering, left-panel: 2D representatior right -panel: silhouette plot
(Wave [, 201617)

Hierarchical Clustering, Average-linkage (COMPASS linked_17)
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Figure 56. Hierarchical Clustering, Dendrogram (Wave I, 201718)
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Clusters silhouette plot
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Figure 57. Hierarchical Clustering, left-panel: 2D representation right -panel: silhouette plot

(Wave Il, 2017-18)

Hierarchical Clustering, Average-linkage (COMPASS linked_18)
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Figure 58. Hierarchical Clustering, Dendrogram (Wave Il , 201819)
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. Average siihouette width: 0.53
'
-
-

-50 25 0 25 50

Figure 59. Hierarchical Clustering, left-panel: 2D representatior right -panel: silhouette plot
(Wave lIl, 2018-19)
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AppenNi x

Sel ection of t he Covari ates

Tables26-28 summarizdASSO regression coefficientsr all features by wawe Coefficientshat
were not shunkto zero are highlighted in bold forwhich wasselected fofurther modelling
Figures60-62 illustratethe LASSO coefficients for afeaturesy waves.

Table 26. LASSO coefficiens (Wave |, 201617)

Number Feature* Coefficient
1 (Intercept) 0.0000
2 Householdincome 16 0.0000
3 Urbanity_162 -0.01%
4 TotalPointsInterest 16 0.0000
5 DrinkingPlaces_16 0.0000
6 DrugStores 16 0.0000
7 LiquorStores_16 0.0000
8 TobaccoStores 16 0.0000
9 Province 162 0.0000
10 Grade_162 0.1000
11 Sex 16 0.0000
12 Race 16?2 0.0000
13 GetMoney_16* 0.0780
14 TransportationToSchool_16 0.0000
15 PAfriends_16 0.0000
16 EatingBreakfast_16* -0.0660
17 SmokingFriends_16 0.495
18 SupportQuitDrugAlcohol_162 0.108
19 EnglishMarks_162 0.019%
20 WillingEdu_162 -0.02®
21 SkipClass_16 0.3878
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Number Featuré Coefficient

22 BMI_CATEGORY _16° 0.0161
23 SchoolConnectedness 6 -0.0180
24 SedentaryTime_16 0.0003
25 TotalPAtime_16 0.0000
26 PA_LEVEL_ 16 0.0000
27 FLOURISH_16 0.0000
28 GAD7_16° 0.0000
29 CESD_1¢6 0.0000
31 DERS_186 0.0000
31 GambleOnline_16 0.0000

*The last three chai _ ligdizates the school year of 2018; @ see Sectiorb.4.1 for descriptions

DrinkingPlacesi BE datacounts of drinking places withibO00 metersf schools. Establishments
primarily engaged in the retail sale of alcoholic drinks, such as beer, ale, wine, and liquor, for
consumption on the premises. The sale of food frequently accounts for a substantial portion of the
receipts of these establishnen

FLOURISH 71 This is a derived variable, scoring from 8 to 40. The higher the score is, the more
psychological resources and strengilesbased orthe Flourishing Scale.

Householdincomei SES datathe median total income of households in 2015 ($)egatized into
i25@6G00a0 5048000 67500000 and A >,1duandy@dedrom 1 to 4,
respectively.

LiguorStores i BE datacounts of liquor stores withih000 metersf schools. Establishments
primarily engaged imetailing packaged alcohia beverages, such as ale, beer, wine, and liquor, for
consumption off the premises. Stores selling prepared drinks for consumption on the premises are
classified in Industry 5813.

TobaccoStored BE datagcounts of tobacco stores & stands withD0 metes of schools.
Establishments primarily engaged in the retail S
supplies.

TotalPAtime - This is a derived variablegpresentingdtal combined HARD and MODERATE

physical activityin minutes, ranging from @ 3990
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TotalPointsInteresti BE datacounts ofEPOIltotal points of interest withit000 metersf schools
TransportationToSchooli St udent s wHow do yau siskadlydtravelfio and from school? (If

you use two or more modes or trawdipose the one that you spend most time doing) To sthodl h e
response optionsa@:By car ( a,sb By pcasrs e(hn@@&yadsdhidodér publ i c
bus, subway, or streetcad By wa b By n b i,cayncd ifn@tnmmy codedrom1to?,

respectively.

lasso

LIrbanity_16 -
TransportationToSchool _16 -
TotalPointsinterest_16 -
TotalPAtime_16 -
TobaccoStores_16-
SuppotauitDrugAlcohol _16 -
SmokingFriends_16 -
SkipClass_16-

SEX_16 -
SedentanTime_16 -
SchoolZonnectedness_16 -
RACE_16-
PROVIMNCE_16-
FPAfriends_16 -
PA_LEVEL_16 -
Ligquorstores_16 -
Householdincome_16 -
GRADE_16 -

Gethoney_16 -
GambleOnline_16 -
GADT_16-

FLOURISH_16 -
Englishiarks_16 -
DrugStores_16 -
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Figure 60. LASSO coefficiens (Wave |, 201617)
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Table 27. LASSO coefficiens (Wave II, 201718)

Number

© 00 N o o b~ w N PP

N NN RN DNNNDNDRR R R R R P R R R
~ o 00 W NP O © 0N O 01 W N P O

Feature*

(Intercept)
Householdincome 71
Urbanity_172
TotalPointsInterest 71
DrinkingPlaces_1
DrugStores_1
LiquorStores_I
TobaccoStores 71
Province 172

Grade_172

Sex 17

Race 172

GetMoney_172
TransportationToSchool 71
PAfriends_172
EatingBreakfast 172
SmokingFriends_172
SupportQuitDrugAlcohol_172
EnglishMarks_172
WillingEdu_172
SkipClass_T®
BMI_CATEGORY _172
SchoolConnectedness 7F
SedentaryTime_T@
TotalPAtime_T
PA_LEVEL_ 172
FLOURISH_T

212

Coefficient
0.0000
0.0000
-0.13%
0.0000
0.0000
0.0000
0.0000
0.0000
0.0000
0.07®
0.0000
-0.0090
0.2031
0.0000
0.0750
-0.2294
0.5538
0.1280
0.0974
-0.0538
0.46@
0.0671
-0.012
0.0003
0.0000
0.0000
0.0000



Number Feature Coefficient

28 GAD7_172 0.0000
29 CESD_172 0.0071
31 DERS_1Ir® 0.0047
31 GambleOnline_1r2 -0.2051

*The | ast Mhiedi chaesit 1rd8; *seelsectioh 8.1yfae descriptohs 2 0 1

lasso

WillingEdu_17 -
LIrbanity_17 -
TransportationToSchool _17 -
TotalPointsinterest_17 -
TotalPAtime_17 -
TobaccoStores_17 -
SupportduitDrugAlcohol _17 -
SmokingFriends_17 -
SkipClass_17 -

SEX_17 -
SedentanTime_17 -
SchoolZonnectedness_17 -
RACE_1T -

PROVIMCE_17 -
PAfriends_17 -
PA_LEVEL_1T -
Liguorstores_17 -
Householdincome_17 -
GRADE_17 -

Gethoney 17 -
Gamblednline_17 -
GADT 17 -

FLOURISH_17 -
EnglizshiMarks_17 -
DrugStores_17 -
DrinkinoPlaces_17 -

feature

DERS_17 -
CESD_17 -
Breakfast_17 -
BMI_ACAT 17 -
fntercept) - . . .
-0z 0.0 0.z 0.4
coefficient

Figure 61. LASSO coefficiens (Wave II, 201718)
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Table 28. LASSO coefficiens (Wave IIl, 201819)

Number

© 00 N o o b~ w N PP

N NN RN DNNNDNDRR R R R R P R R R
~ o 00 W NP O © 0N O 01 W N P O

Feature*

(Intercept)
Householdincome 8
Urbanity_182
TotalPointsInterest 8L
DrinkingPlaces_&
DrugStores_18
LiquorStores_&
TobaccoStores 8L
Province 182

Grade 182

Sex 18

Race 182

GetMoney_182
TransportationToSchool 81
PAfriends_182
EatingBreakfast 182
SmokingFriends_B?
SupportQuitDrugAlcohol_182
EnglishMarks_182
WillingEdu_182
SkipClass_B?®
BMI_CATEGORY _182
SchoolConnectedness 8P
SedentaryTime_B?2
TotalPAtime_B
PA_LEVEL 182
FLOURISH_B
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Coefficient
0.0000
0.0000
-0.169
0.0000
0.0000
-0.0026
0.0000
0.0000
0.0000
0.0238
0.0000
-0.03%
0.262
0.0000
0.1221
-0.428&
0.511
0.0569
0.108
-0.044l
0.48%
0.0696
-0.0007
0.00¢1
0.0000
-0.0240
0.0000



Number Feature Coefficient

28 GAD7_182 0.0036
29 CESD_182 0.008L
31 DERS_18? 0.0073
31 GambleOnline_182 -0.1580

*The |l ast three char @_18%°2séerbSection &l fa desctiptioms s ¢c h o o |

lasso

WillingEdu_18 -
LIrbanity_18 -
TransportationToSchool _18 -
TotalPointsinterest_18 -
TotalPAtime_18 -
TobaccoStores_18-
SupportuitDrugAlcohol _18 -
SmokingFriends_18 -
SkipClass_18-
SEX_18-
SedentanTime_18 -
SchoolZonnectedness_18 -
RACE_18-
PROVIMCE_18-
PAfriends_18 -
PA_LEVEL_18-
Liguorstores_148 -
Householdincome_18 -
GRADE_18 -
Gethoney_18 -
Gamblednline_148 -
GADT 18-
FLOURISH_18-
EnglizshiMarks_18-
DrugStores_148 -
DrinkinoPlaces_18 -
DERS_18-

CESD_18-
Breakfast_18-
BMI_ACAT 18-
fntercept g

-0.80 -0.25 0.00 0.25 0.50
coefficient

feature

'||||'|‘ L

Figure 62. LASSO coefficiens (Wave IIl, 201819)
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Large Urban
Medium
Urban

Small Urban

Rural

Appendi x O

Definition odl|l asdiaffti/ aatriadn

Populations from O100, 000 and a ¢
kilometre

Populations between 30,000 to 99,999 and a population density of at leas
per square kilometre

Populations between 1,000 to 29,999 and a population density of at least
per square kilometre

Population less than 1,000 or population density less than 400 per square

kilometre

11 Source: Dictionary, Census of Population, 2016, Population Centre (POPCTR)
https://www12.statcan.gc.ca/cengesensement/2016/ref/dict/geo04&ag.cfm
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https://www12.statcan.gc.ca/census-recensement/2016/ref/dict/geo049a-eng.cfm

Vari abl

Appenldi x

es Lead to the

Dymaa miec nr ans

The covariates' effects on the transition probabilities were estimated, as shown in J&@2les 2

Table 29. Estimated effects on the transition probabilities (Ref: S1)

Subgroup

S2 S3 S4
intercept
b (beta coefficient) -2.2200 -2.4323 -2.6834
OddsRatios 0. 17 x* 0.09*** 0.07**
Urbanity
b (beta coefficient) -0.1372 -0.1388 -0.2968
OddsRatios 0.87** 0.87* 0.74**
Grade
b (beta coefficient) -0.0762 -0.1052 -0.2646
OddsRatios 0.93* 0.90* 0.77*
Race/Ethnicity
b (beta coefficient) -0.1001 -0.0063 -0.6236
OddsRatios 0.90*** 0.99** 0.54*
GetMoney
b (beta coefficient) 0.1817 0.3237 0.4645
OddsRatios 1.20** 1.38*** 1.59*
PA_Friends
b (beta coefficient) 0.2255 0.2246 0.2913
OddsRatios 1.25%** 1.25%** 1.34*
EatingBreakfast
b (beta coefficient) -0.2147 -0.5852 -0.8587
OddsRatios 0.81* 0.56*** 0.42*
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Subgroup

S2 S3 S4
SmokingFriends
b (beta coefficient) 0.1268 0.4672 1.0920
OddsRatios 1.14* 1.60%** 2.98%**
SupportQuitDrugAlcohol
b (beta coefficient) 0.2249 0.2011 0.6768
OddsRatios 1.25%** 1.22%* 1.97**
Sex
b (beta coefficient) 0.2451 0.5443 0.9265
OddsRatios 1.28*** 1.72%% 2.53%**
SkipClass
b (beta coefficient) 0.1563 0.1515 -0.0565
OddsRatios 1.27%** 1.16** 0.%5""
BMI_CATEGORY
b (beta coefficient) 0.0235 -0.0622 -0.0672
OddsRatios 1.02* 0.94** 0.4
SchoolConnectedness
b (beta coefficient) -0.4251 0.2683 0.8271
OddsRatios 0.65*** 1.31* 2.20*
SedentaryTime
b (beta coefficient) 0.0002 0.0009 0.0014
OddsRatios 1.00* 1.00*** 1.00*
GambleOnline
b (beta coefficient) 0.3140 -0.0981 -1.7807
OddsRatios 1.37 0.917* 0.217%**

Note: *** p< .00001** p<
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.001;* p<.05;"*The result iotsignificant atp < .05.




Table 30. Estimated effects on the transition probabilities (Ref: 8)

Subgroup

S1 S3 S4
intercept
b (beta coefficient) -2.1540 -2.0710 -2.1830
OddsRatios 0.12%** 0.13*** 0.17%**
Urbanity
b (beta coefficient) 1.6465 -0.0724 0.1817
OddsRatios 5.19%** 0.93** 1.20**
Grade
b (beta coefficient) -0.3805 -0.0682 -0.4207
OddsRatios 0.68* 0.93** 0.66*
Race/Ethnicity
b (beta coefficient) 0.5650 -0.0325 -0.0636
OddsRatios 1.76* 0.9 0.94
GetMoney
b (beta coefficient) -0.5312 0.1749 0.2594
OddsRatios 0.59** 1.19%* 130"
PA_ Friends
b (beta coefficient) -1.1226 0.2104 -0.0643
OddsRatios 0.33*** 1.23%** 0.94+
EatingBreakfast
b (beta coefficient) 0.4412 -0.3779 -0.0386
OddsRatios 1.55%** 0.69** 0.96"
SmokingFriends
b (beta coefficient) -0.6685 0.3290 1.0821
OddsRatios 0.51%** 1.39** 2.95%**
SupportQuitDrugAlcohol
b (beta coefficient) 1.7343 0.1345 0.4364
OddsRatios 5.67%** 1.14* 1.56*
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Subgroup

S1 S3 S4
Sex
b (beta coefficient) -0.4571 0.3200 0.8886
OddsRatios 0.63*** 1.38%** 2.43%*
SkipClass
b (beta coefficient) -1.2956 -0.0010 0.1493
OddsRatios 0.27** 1.00™* 1.16™
BMI_CATEGORY
b (beta coefficient) -0.3804 0.0027 -0.1336
OddsRatios 0.68* 1.00** 0.88*
SchoolConnectedness
b (beta coefficient) 0.8150 0.0996 -1.7318
OddsRatios 2.26%* 1.10* 0.18***
SedentaryTime
b (beta coefficient) -0.0070 0.0008 0.0014
OddsRatios 0.99* 1.00** 1.00*
GambleOnline
b (beta coefficient) 0.3639 0.2774 1.2055
OddsRatios 1.44%+* 1.327 3.3x**

Note: *** p<.00001** p<.001;* p<.05;**The result imotsignificant atp < .05.
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