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Abstract

Introduction

Adolescence is critical for behaviour formation and physical, social, and psychological
changes. The risk related to unhealthy behaviours occurring during this stage can emerge in early
adulthood and could lead to adverse outcorfies.COVID-19 pandemic has significantly
impacted the youftls characteristics and the schisdearning environment. Exploring tpeofile
of Canadian youthefore and after COVIEL9 helps understand tfectorsthatinfluence
student engagement in the mdbmain settingincluding school activities, mental health
healthy eating, etdAmong the various aspects of student profile, childhood obesity and weight
perceptions are twionportant topics for Canadian youth's health and-leihg Obesity in
children is a complex public health concern in Canada. Almost 1 in 7 children are considered
obese, and 75% of obese children are obese in their adulthood when they grow up.
Additionally,ay out hds per c e pis oftenrconoettetitheieBMi stameSudjes t
have shown tht adolescents who are overweight and obese tend to underestimate their true
weight, and the ones with normal weight could overestimate their weight &athsoverweight
and obese or misperception of body weight are risk factors for developirgprmonunicable
diseases in adulthood andn lead tavorse mental health issyesich as lower selsteem.
Therefore, observing these two aspectsratatedimpactful factors is necessary for informing
youth obesity preventive intervention. Compatettaditional statistics, machine learnihgs
proven effective in handlinghe complex relationships between multidomain variabledin
detecing nonlinear relationshgpbetween the predictor variables and the target outcdhis
thesisexplores behavioural patterns, specifically BMI and weight perceftioong the
Canadian youth participating in the COMPASI8dy.

Objective and Methods

The dissertation utilized Wave 7 (2018) and Wave 9 (202Q1), and linked data from
Wave 9 to 11 (202@3) of the COMPASS study. Thisngoingsurveybased cohort study
includes grade-42 students attendirggcondary schools in Alberta, British Columbia, Ontario,
and Quebec in CanadBhe sirvey questionsovermultiple aspects of student health
behaviours, includingating, sedentary behaviour, alcohol, tobacco, and marijuana use, bullying,
academigerformancephysical activityBMI, and school connectedness

Study 1 applied-means clustering analysiséstablish student behaviour profiles
followed by aRandomForest mode(RF) to identify the factors associated witre
characteristics before and after COVID.

Among the various studetdvel behavioufactors Study 2focused on selfeported BMI
by predicing youth BMI status anddentifiedassociatedactorsusing six supervised machine
learning classifierK-NearestNeighbour, Logistic Regression, Support Vector Machine,



Random Forestylultinomial Naive Bayes, and Extreme Gradient Boos(iX@Boost) between
Complete Case Analysis (CCA) amulltiple imputation(MI) approaches.

Sinceweight perception waslentified aghe mossignificant factorassociated with BMI
prediction in Study 2Study3 usel weight perception athe outcomevariable This study
explored the transition pattern of student weight perception and the asstaittesthrough
the Markov Chain, Multinomial LogisticRegressionand timeseries deep learning models
including Recurrent Neural NetworkBRNN) andLong ShortTerm Memory(LSTM). The
Shapley Additive Explanations (SHAP) analysis was applied for all three stadissess the
model interpretability.

Results

Study 1 found that in both p@OVID (201819) andpostCOVID (202621) cohorts,
clusters were distinguished as closelyolved with substance use and lowsychologicalvell-
being including personailelationshipswith their families or unwillingness to discuss their
mental health with an adult at school. However, the number of studehtse clustera/as
relatively low compared to the other clusters, comprisingy 0.5% of the preCOVID cohort
and 0.2%of the postCOVID cohort.

In subclusters fronthe pre-COVID cohortthatexclucedsubstance use factossudents
who skippedmore than 20 classedid notcomplete homework, anglereinvolved in bullying
were more likely to be groupddgetherin one sukcluster compared to students without these
behaviours. Additionallythoseintending to loseveight, perceiving themselves as
overweighfandbeingless active had higher odds of being in onedubtercompared tdhose
withoutweight change intenti@andwho perceive their weightas about the rightn thesub
clustersof thepostCOVID cohort,students withadverg mental halth welkbeing, higher
anxiety scores, seteporedoverweightor obese BMI, andhosefailing to meet the guidelines
of at least 60 minutesf physicalactivity per daywere mordikely to be groupediogetherin one
sub-cluster compared to ttetudents with the opposite behaviours. Moreover, students with
increased cannabis ydessphysicalactivity, lower flourishingscores and higher anxiety scere
were more likely tdein onegrouprelative to students wheported no change tannabisise.

Study 2 discoverethat,among both CCA and MI approach&$5Boostachieved the
best performance in predicting BMI compared to those uSugport Vector MachinESVM)
andRandom ForeqRF). In CCA, it achieved an overall accuracy and R®QC value of 0.64
and 0.78. The modgerformancevassimilarin Ml and yieldecan overall accuracgf 0.64and
ROGC-AUC value of 0.79. Based on the SHAP summary plot, the most important predictors were
weight perception, gendeandweight change intention in atree BMI classesand the result
wasconsistentn both CCA and MIAccording tothe SHAP summaryplot, the most significant
predictors in all three BMI classes wduoether explained by weight perception, gender and
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weight change intentiorstudents who perceived themselves as slightly or very overweight and
were trying to lose weight were classified into the overweight and obese classnotide
prediction on health weight BMI involvgeerceivingthe right weight and ndtying to change

their weight. Additionally, gender wasnergedasthe mostsignificantvariable in the unknown

BMI class with modelpredicing thatfemales and gender minorities were more likely to be
categorizedn the unknown weight classompaed tomale students.

Study 3usedthe MI approache®nthe linked dataset. It fourthatalthough there w&sa
moderate probability of transitioning from underweight or overweight to about the right weight
and a minoprobability of changingirom undeweight to overweight, most youths were more
likely to stay in the same weight perceptioriteesprevious year.

In addition, Study 3 identified predictors associated with weight perception transition
overtime. Students with underweight BMI, the intentiongdiningweight anddisageement
with discussing their problems with families in Year 1 laduigherlikelihood of perceiving
themselves as underweight in Year 2. While overweight and obese or unknown BMI students
who had the intention dbsingweight and decreased tiroa social media after COVI9in
Year 1 were morékely to haveanoverweight perception iear 2. Compared to peers who
stayedat perceivingabout the right weight in Year 2, underweight BMI students had higher odds
of remainingunderweight perceptionn contrastpverweight BMI students with losing weight
intention werdikely to continuewith an overweight perception and transition from about the
right weight to aroverweight perception. Students who wettb gain weight were more likely
to remain underweight or change from underweight to about the right wisigably, students
with moreparticipationin musclestrengtheimg exercises hadlower likelihood ofremaining
overweight perception.

Both deep learning models have shown the top significant variables in Year 1 and Year 2
were weight change intention, BMI, skipped breakfast for losing weight, and days in muscle
training exercisepredicting thirdyear weighiperceptionsTheintention of losing weight,
higher BMI status such as overweight and obese or unkreovdmore days in skipping
breakfast for losing weight predicted studentgardsan overweight perception. In contrast,
among theight weight perception group, students tendeddg the same weight or not try to do
any weight change, had healthy BMI, had a lower number of days skipping breakfast and ha
more days in muscle training. These results were consistent with the weight perception
transitionassociategredictorsfrom theMultinomial logistic regression.

Conclusion

As the first study that focused on Canadpanth behaviour profilegredictionof BMI
and weight perception incorporating multiple machine learning techniques, the result of the
dissertatiordisseminatekey messages to tistéakeholdersvho want to understarstudent
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behaviour profiles and focus on theeventiveinterventionon youthobesity This research
emphasized the importance of the scBmehvironment on youdks behaviour and thiei-
directionalrelationshipsamong BMI, weight change intention, and weight perception,
suggesting future analysis to emphashese variablewhendevelopinghealthybehaviour
relatedstrategiesOvenmll, it illustratedthe necessityof establishing educationpfogramgelated
to BMI andweightperception at school t@iseawarenssof selfesteenmandbody image
acceptance
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Chapter 1

Background

TheBackground sectioheganwith a literature review of why improving adolescent
health is important antthe effect of COVIDB19 on their behaviour formation. Among various
behavioursthe subsequent sections focused on childhood obesity, highlighting its impact on
public healthfollowed by the risk factors contributing to this concern and current interventions
targeting childhood obesity. After reviewing adolescent health and factors related to childhood
obesity, the chapter discussed the data source used for this thesiscadradiomparable study
from the US regarding collected data measures, and concluded with sections outlining the thesis
scope and structure

1.1 Adolescen health before and after COVID-19

Adolescence is critical for behaviour formation ameblvesphysical, social, and
psychological changd4]. Healthrelated behaviour changesich as substance use, unhealthy
eating and lack of physical exercisanoccur during this periodhe riskof unhealthy
behaviours during this stage gagrsistinto early adulthood and lead to adverse outcof2£3].
For instance, nutrition and substance, isguding drugs, smoking and alcohol yaeskey
determinants that affect the health of young adulth&ow- and middleincome countries have
been impacted by both malnutrition as well as nutritional disorders due to the prevalence of
beingoverweight and obesity [4, Shubstance use is als@ignificanthealth concern among
adolescents. Young adults whtartsmokingtendto continue this habthroughout their
lifetime. Alcoholconsumptions also reported as a major issue among 10 4ge24olds,
accounting for 7% of disabilitadjusted life years [1)Young adults are mongroneto drug
abuseleading toseverahegativeoutcomessuch as poor mental health and unemployment [6,
7]. More importantly, lifestyles and healtelated behaviours adopted between the ages of 12
and18 continue to remain through older ages [8].

During thissensitive stage of behaviour development, COXtBwas declared a global
pandemic by the World Health Organizati®HO) on March 11, 202(ffecting adolescents'
daily routines Limitationswereplacedon large social gatherings and sports events, and social
guarantine wasnplementedo prevent the spread of the virus [9, 10]. More than 1.576 billion
students from 18 countries were affected by
[8]. The changes in the school environment hastricted youth participation in physical
activity, increased sedentary time and affected their quality of lifd'[8.disruption of social
interactionwith their community networks and peers leaacerbatedifficulties in emotional
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regulation [10].Several studies have discovered a significant increase in depression symptoms,
anxiety or stress for future uncertainty [9, 10, 11, 12].

Besides mental health wddking,there was significant decline in physical activity and
increasededentary behaviour among yoU8, 13].A Korean nationaadolescent healtburvey
examinedhe changedue toCOVID-19 on adolescent healéimddiscovered an increase in the
perception of chubby body type and the intention to lose weghitell asa decrease in average
daily sleep duration [8]This finding was alsoeflectedin a systematic reviewf youth eating
behaviours impacted by COM-19. Studies haveeported the perception of body shape as obese
and an increase in BMluring the pandemic compared topandemic 14].

Additionally, a scoping revievidentifiedadecline in physical activity tima cross
sectional and longitudinal studies. All studiegestigatingthe changén the proportion of youth
meeting the physical guidelines indicated a decrfls&eAnother behavior impacted by
COVID-19 is eating habitsStudies reporte@ decline invell-balanced dietary intakendan
increasean the consumption afomfort food such as desserts and sweets [15, 16]. Consumption
of foodin high sugar and fat acted as@ing mechanism for stress related to the pandgi@]c

Given the multidimensional aspects behaviouremerging during adolescence, it is
essential to investigate various factors and compare potential changes before and after COVID
19. The first study focuses on multiple perspectives and profiles of students (Grati2s 9
based on their characteristitsvestigating these changes provides an understanding of
monitoring and informing strategies for school interventions to promote adolescent health and
well-being

1.2 Childhood Obesity

Severalbehavioual aspectsre critical determinantefa d o | e s ¢ e Mhisghésish e al t h .
focuseson childhood obesity and weight perceptiasthese two phenomena are associated with
various factorsincludingindividual behavioural, environmental, or socldentifying
modifiable factors that can be addressed in early childhood before leading to obesity in
adulthood is valuable

Childhood obesity is a worldwide health concekncording to StatistisCanadain
2018 the prevalence afverweight and obesity in children between thesag® and11 was
projected to be 27.1% Canadd19]. Childhood obesity is an important factor for ron
communicable diseases, including cardiovascular disease, hyperiéyysoa diabetesand
non-alcoholic fatty liver diseasaffecting both developed and developing countries [20, 21].
Being obese during childhood often leads to obesity in adultsB2%]des the health burden,



obesity also has an economic impaatcording to the statistics amo@yade 5 children in Nova
Scotia, the total health costs were 21% higher in obese children compared to healthy weight
childrenoverthree years [22]n another review article, the economic burden of childhood
obesitywasprojected to cos$13.62 billion directly an&49.02 billionindirectly per yeaty
2050worldwide[212].

The definition of overweight and obese is defined as excess body faB{#ll].mass
index (BMI) is an indirect measuref adiposity.It is calculated using weiglkilogramg divided
by height(metres squarg@dThecommonly acceptedut-off points for BMI are<18.5 for
underweight, 18.524.9 for normal weight, 2529.9 for overweight, ah 30 as obese?f].
The Public Health Agency of Canadsesthe World Health Organization (WHO) growth
reference chart®r children. Specificallypverweight children arthose witha BMI between
one or two standard deviations above the m@hese children are categorized as haaBiV|
two standard deviations above thean[24]. Otherdirect measurememiethodsnclude
ultrasound, air displacemeplethysmography, and duahergy Xray absorptiometr{25].
However, theeare limited to small cohort studies that require high precision due to their high
costg[25].

1.3 Childhood Obesity Risk Factors

Several aspects are related to childhood obesity, including biological, behavioural
environmental, and psychological. Below are the risk factors from each aspect that influence this
public health concern.

Biological: Genetic factors increase the risk for obesity in childhood. This factor
influences metabolism, and the heritage of obese parents also impacts obesity in children [26].
Studies reported thgenetic variants from different genes increase hunger and food intake,
resulting in excessive weight gain7J2During infancy, formula feeding instead of breastfeeding
has been associated with increased weight, persisting into later stages. BMI has been found to be
25-40% heritable [20].

Behavioural: Behavioural causes of obesiutguallyrefer to dietary intake and physical
activity. Parents or caregivestrongly influence the types of food children consume in early life
For example, they may encourage children to complete a processed and less nugdicisen
though theymay not want to [2]. In alater stagepeer interactions and food options at school
are critical factors influencing food choid@8]. Dietary factors include the consumption of
sugary beverages, snacks and fast fé@dt food tends to be high in calories and low in
nutritional value [20]. Increased consumptafifast food has been linked to obesity. Participants
who consumed more calories from fast food were associated with weight gain [20]. Sugary



drinks, including soda, juice, and other sweetened beverages, as well as snacks such as baked
goods, candy, or chips, are also high in calories and significantly contribute to becoming
overweight{29]. In addition to dietary factorshe level of physical activity is another important
factor in childhood obesityDverweight and obese children are less active and engage in
sedentary lifestyles such as television watclang playing video gamg20, 30]. Among the 26
studies reviewed in a scoping review be tmpact of video gaming on childhood obes#§%
reporteda positive association between gaming and obesity, while 53% found no association
[261]. Notably, certain physically active video gaseemed to contribute teducingweight

gain [261]. This shows that playing video games has inconsistent results in childhood obesity.
Similarly, social mediappearso have a bdirectional effect on childhood obesigome

evidence suggests that increased screen time viewing ethengg drinks and fabod cotent

or food advertisements contributes to obesity in chilf2éa]. On the other hand, interactive
social media mighpromotephysical activity to prevent obesity [262]. However, more stydies
such as randomized controlds, need tdbeimplemented to explore this effe@tudies

conducted globally have discovered that televiswaitchinghas an inverse relationship with
participation in physical activity, and this leisure activity is demonstrated as a main cause of
obesity among childref80]. On the contrary, increased physical activigsa protective effect
reducingthe extra energgeeded foweight gain For instanceiesistance training has been

shown to promote gaining lean body mass and partingpatimoderate activities for 150250
minutes per weekelps preent weight gain [25].

Environmental: The environmental aspects incluglecess to fast foad the
community walkability, andthe quality of lunches and snacks at schadbod desert refers to
areas with limited access to nutritious and affordable food. Evidence has tizdtive density
of fastfood restaurants in the neighbbaodis associated with obesity prevalence [J1je
safety of the living environment also influences the activity level. Among children who did not
walk or bike to schoolsnost parentsdicated thathe neighbourhood was not s&be walking
due toheavytraffic or feas of child abduction29]. Green spa®and recreational facilgsact
as a protective effecha hi | d r e n 6l.sMone actegsha gregnSspaaecourages more
physical activity and less screen tifgd]. Since adolescesispend most of their time at school,
they are affected by the quality of food offered at schogl33R Among the 20 studies in a
systenatic review, the avdability of healthy food optionsincluding fruit and vegetables offered
during breaks, school gardens, and school breakfast prograsssgnificanty decreased the
likelihood of obesity In contrastunhealthy food optionsuch aghevending machingand soft
drinksin cafeteriaswere associated with high BMI [32T.ultural differences have alsobeen
shown to contributeto childhood obesity among racial and ethgioups[260. Examples of
racial and ethnic minorgsinclude norHispanic White, nofHispanic Black and Mexican
American childrerf260]. Someethnic minority motherbave a different interpretation of
defining a healthy child since thinness is considered poor health in certain<ultuze
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neighbarrhoodin which theracialand ethnic minoritychildren reside could be less favable
for them toaccesgood marlketsand recreational facilitig60].

Psychological To align with the scope of the third study of the thesis, the psychological
aspect focusson body dissatisfactioand selHesteemBody dissatisfactioor misperception
refersto thediscrepancyp et ween an i nd iperceiceddadl bbdy sizeChereiaael an d
also gender differensen weight perception [34Females tend toverestimate their weight,
while males underestimaite[34]. Low selfesteenrelated to body dissatisfaction often leads to
depression and anxief§4]. Overweight and obese childremnvieaa higher proportion of body
dissatisfaction compared to nornvadight children particularlyfemaleswho exhibit greater
body dissatisfaction than males [3Bptably, the relationship between body dissatisfaction and
BMI seems to be kbilirectionalThe negative perception of oneods
related eating disordehave beenidentified asisk factos for obesiy, and asignificant
association between body dissatisfaction and obesity has been rep6yt&f. [Researcinas
also show that being obese at an early age increases the risk of poorer body image as well as
low selfesteem [38].

1.4 Childhood Obesity Interventions

The current interventiofor childhood obesity focuses on community, school,
behaviouraland familybased intervention€ommunity support is critical to introdimg events
to promote healthy eatjpeducateand i mprove peopl eds daBlareness
Exampledncludeestablishing groceries in areas with limited access and infrastructure changes
in the neighbourhood to add more walkable aegabsmore facilities for physicalctivity [26].
More accessible and safe community environments encourage children to engage in physical
activity [26]. To tackle the fear of safety for parents, urban planning is necessary to have more
walkable areas and shorter distances to schools. Collaboration efforts from the local and national
governments are also needed to create liveablenconities to promote healthier lifestyles
among children [45].

Nowadays, children spend more time playing video games and using smartphones than
watching TV. Reducing screen time on computers and video games appears to reduce weight
gain [262]. Due to this rapid shift from television watching to social media cofuéure
research could investigate the impact of social media exposure on weight gain in ¢aé@ten
Robinson et al. [2623lsomentioned that active video games could be an intervention for weight
control programs, but more observational studies angreghito examine the associations.

School is another focusr building theintervention programsince youth spenchost of
their time at schodk6, 41] The interventions include nutritional and physical aspects for



weight controlFroma nutritional perspective, schools can provide balanced meals and healthy
food byintroducing nutritious food choices. One of the programs in Canada is ttalechool
nutrition policy. This program is designed to improve the quality of food and beverage totake
reduce theisks of beingoverweight and obeslt consists of multiple componentuchas

providing health and nutrition education, specific selections of foods or beverages, dietary
counselling and health services [4¥arious studies indicate the effectiveness of the school
nutrition policy as it is positively associatedath improving dietary choices both inside and
outside of school [41JAnother type of intervention at school is physical actiayused, which
motivates students twalk more and participaia noncompetitiveactivities such as dancing

[26]. An example of this intervention strategy includes daily structured moderate to vigorous
physical activity, sending letters to parents to raise awareness of physical activity, educational
programs to promote physical activity, and school events aimed@iregmgactive lifestyles

[40].

Family plays an i mportant role in28level opi
Family-based intervention has been recommended by experts, suggestthg faatily system
provides greater changes among children since the shape of childhood behaviour happens daily
[42, 43]. The family intervention generally consists of behavioural controls or monitoring of
exercise and diet, education on nutrition and @aysctivity,and psychoeducational parenting
groups [%]. The 'Stoplight Diet ' is a welknown successful famitpased intervention that
continuously results in weight loss longitudinallyhis program has targeted nutritional and
physical activity education, parenting skills training, and tHeoate monitoring of physical and
nutritional behaviours [45Combiningparenting skills and education regarding nutrition and
physical activityhas provemmore effective resulthanthe interventiorfocusing on one
component [46].

1.5 The COMPASS System

In the earlier section of this chapter, BMI is denoted as an indirect measurement of
childhood obesity. Even though objective measurements tend to be accurate, this method may
not be feasible in large studies since such measurements would require attesppoopriate
equipment and trained professionals [47]. Often, the measurement of BMI is based on the self
reported weight and height of the youth population [47].

The COMPASSystemis an ongoingcohort studyfocusing orcollecting hierarchical
longitudinal data amongrade 9 to 12 students attending secondaipol Initially, 90 schools
were recruited79 in Ontario and 11 in Alberia Wave2, 201314) to follow annually
regarding the characteristics of the built environment within the comnmsumitgundingschools
andthes c hool 6s pol [48 . WsimgWave7q20XB810) GOMBASS sample as



example to demonstrate the school ds demograph
study[263]. Among these participiaig schoolsthere werés1 schools from Ontario, 52 scheol

from Quebec, 15 schools from British Columbia, 8 schools from Alberta, and 2 schools from
Nunavut[263]. From this sample, themgere32 schools defined &/avel schoolghat

completed their first data collection in 2013, 24(Wave?2) schools that completed the first data
collection in 201314, one(Wave4) school that cormpleted the first data collection in 2018,

23 (Waveb) schools that completed the first data collection in 207,639 (Wave6) schools that

completed the first data collection in 2018, and 19Wave7) schools that completed the first

data collection in 20189 [263].

The inclusion criteria for recruiting a school required it to be a secondary school with at
least 100 students from grades 9 to 12 and granted permission to use active information, passive
consent, and parental permission protocols [48]. The mentionedrtgrstocols were also
applied to the eligible students during studentl recruitment. Parents or guardians were
provided with the information letter and could contact the COMPASS recruitment coordinator if
they wished to withdraw their child [48]. $tents were also allowed to withdraw or decline
participation from the study during the consent process or data collection [48]. Details about the
data can be found on the webdgitevw.compass.uwaterloo.rp9].

Before the COMPASS system, there was inadequate information available to understand
school characteristics such as programs, policy, built environment, and their impacts on the
various behaviours and outcomes of the youth population [48]. It is crudilathes knowledge
gap by developing scheblsed interventions to improaelolescent healtiherefore, the
primary purpose of establishing the COMPASS system is to improve youth preventative research
by providing realworld evidence and engaging mulg@takeholders to generadolescent
healthinitiatives [48, 49]. The COMPASS system collected data to strengthen the capacity of
research focusing on advanciadolescent healttiom multiple perspectives, such as substance
use intervention, promotion of healthy diet and physical activity, and obesity previ@®jon

For collectingstudentlevel data, the :page COMPASS Studerpuestionnaire (§ was
distributed during class time among the particigaschoolson an annual basj48]. The G, was
designed anonymously by generating a uniquegsaierated code for each student within a
school that protects the privacy of the participants and aflomtbe linking of the responses of
students for longitudinal researft8]. The survey isnachinereadableanddesigned to be
completed between 30 to 40 minufé8]. The survey questions include multiple health
indicators and behavicalraspectsincludingdemographic informatiosuch asage, grade,
biological sexgenderyace,ethnicity, income, and home life such as how many people live in
the householdjealthy eatingneasureshealth and weight for measuring BMI, sedentary
lifestyles such as screen time, physical actiatyd substance use, including alcohol drinking,
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smoking, tobacco and marijuana pkellying, academic achievement, and slpatiernd48,
49].

In addition to the studemével questionnairehe COMPASSSchool Programs and
Policies Questionnaire (SP®passent to the school administratorassesshe school programs
and policy environmerjé8]. This surveyevaluateshe change and the existing school policy,
current resourcesind programs related to the studebealth, focusing on theehavioural
perspective from §]48]. Moreover,the COMPASSSchool Environment Application (ESEA)
andCOMPASS built environmer{C-BED) weredevelopedo monitor the built environment
within the school and thaeigrounding school communiyased environmeiat influence the
studentébehaviourg48].

1.5.1 Measures in COMPASS

This section introduces the various domaiddressed ithe202021 COMPASS survey
guestionnaireThedomains include demographjegeightrelated measuresedentary lifestyles,
physical activity, substance ysehootrelatedmeasuresmenal health healthy eatingand
COVID-19 variablesThe measures related to these domains are shown.lf&bome variables
were preprocessed for analysithe detailsarein each study's data preparateamd
preprocessingectionsThe COMPASSdata dictionary foall measureand a COMPASS
survey(202021) are inthe Appendix

1 DemographicAge, gradebiologicalsex gender, racand ¢hnicity
1 Weightrelated measures: weight perceptiaejghtchange intention

1 Sedentary lifestyles: screen time spent playing video games, watching TV, doing

homework surfing the internet, browsing asdrollingthrough social medialata
collection for these variables started only in the 222kurvey

1 Physical activityparticipationin schootlorganizedsports hard or moderate
physicalactivity

1 Substance usaicohol, smoking and tobacco use, vaping aciaarette use,
cannabis and opioid use

1 Schootrelated measureacademigerformancegbullying, schoolconnectedness

1 Mental healthGeneralized Anxiety Disorderifem Scale [54]flourishing scale
[55]

1 Healthy eating: reasatior skipping breakfast, consumption of snggikrotein,
vegetables, sugadrinks, food purchased afastfood restaurantwater
consumption

1 COVID-19 related measurdsnowledge ofCOVID-19 and life changedaused
by COVID-19 inboredom, loneliness, anxiety, time spent with my friend in
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person, time spent in video games, social media, cigarette use, vaping, alcohol
and cannabis use

From the aboveepresentativeneasures, certain variables are collected diffgrent
depending otthe survey questioni the demographidomain, sex refers to the one assigned at
birth.Selti denti fi ed gender refers to an individual
confined to the binary terms of female and mgB4]. Specific COMPASS questions related to
these two measures are addressed below.

Beforethe2021:22 COMPASS survelgs e x gquesti on was asked iAl
male2o. The binary responses Thesamequesiioh was askediR e mal e
the 202621 COMPASS surveybut the response includéddescribe my gender in a different
wayo, andfll prefer not to say Due to the selidentified categories, this variableaslater
referredto in the second study as gender. Startintp@2021-22 COMPASS survey, a more
detailed questioregardingg e nder was asked AWhich ®@gheder do
response categories i-michardy dp dtfsp o0 0 (WoifmemBq y /i Mz
describe my gender di f f eTheequoestioryabasexwasghrasedl pr ef e
more directly starting in the same year. Insteadlséding,i Ar e you f @nhedee or mal
guestion flatcused oer @Wy o?u Tahses icganteedg oarti ebsi ritnhcol L
AMal eo, and Al prefer not to sayo.

Similarly, starting inthe2021-22 COMPASS survey, questions were askadnore

detailsaboutr ace and et hnicity. Race wasyoswrPvaynadtdas
categories included fABIlI acko, AEast Asiano, AL
ASowttheAsi ano, AWhiteo, AAnother categoryo, Al

account for multiple responststhis question, the derivesihnicity included an additional
category cal lalendgsidéoMs rhentiored iteee.fi A Dot her catbthegor y o
Indigenous ethnicity.

Another measure tha surveyed differentlys healthy eatingln the201819 COMPASS
survey,the questionnaire collectedata onthe consumption of lunch, snacks, sugaveetened
beverages at schbandfood on the weekend and yesterday (detailed quesiiens the
Appendix). These questions were not surveyed after this year, addt#heollected then
focused on fast food, restrietfood intake, fruit and veggieBor instance, the fagbod question
asked, ADuring that wedle, fohnlwhi alg ?dayd edira sy
included Monday to Sunday.

Besides the changes in the survey questitresquestionnairdistributionin Quebec was
slightly different. The Quebec survey was divided into Modsifg, B, andC in 2023. Mbdule A
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contains all questions for all participants. In ModulesiB¢ce this was based on random
sampling,only 50% of the susample of participants were questionedr example, 50% of the
students in Qebedn the202223 COMPASS survey received quest@about weight
perceptionModule Ccontainsmore divers@ptional questionsand schools can choose one

more moduleln 2024, Module A remains the same as last year, but Module B is removed. One
of the five Module C optionss distributed randomly to the schodlsatare able to add a second
optionin Module C.

1.6 NHANES database

This section introduceanotherstudythat assessed obesity prevaleocomparedo the
COMPASS studyThe COMPASS study includes the various dimensions of youth behaviours
on seltreported studerdevel data, while the National Health and Nutrition Examination Survey
(NHANES) directly measurethe heights and weights of the participgntsaddition to medical
visits and lab data collected alongside survey data [68]. Medical and physically collected data are
not currently available in the COMPASS study.

NHANES s a national ongoing surve&pnductedsince 1999 among the non
institutionalized civilian household population in the United States. This heddtted program
is conducted by the Centers for Disease Control and Prevention (CDC) National Center for
Health Statistics (NCHSPp]. On an annual basis, the survey is conduatadng 5000 persons
living acrossl5 counties in theountry, and the datarereleased every two years. The survey
contains a homadministeredjuestionnaire and follow-up healh examination conducted at the
mobile examination centers (ME(S$)/]. The inclusion of the sample population has been
updated throughout the NHANES cycles. Twersamplingdf theMexican American
populationand a supplemental sample of pregnant women were added #2Q98%the sample
of pregnant women was discontinued in the 20070 sample), thElispanic populationvas
addedn the 20072020 sample, followed by the oversampling of the Asian population in the
20112014 design57]. The diversesampleincludes all ages from birth, includitigose who are
lower-income and aged 80 and oy&7]. The primary goal of NHANES$ to assess the
nutritional and health situations of children and adults in the United States (US) [58th€he
goals of this program include providiegtimateon the prevalence of health conditions and
characteristics in the US populatj@tudying the relationship between nutrition, diet and health,
and assessing the environmental, social, and behavioural fextloescingdisease occurrences
[66, 67].
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1.6.1 In-Home Interviews

All membersagedO to 16 and older than 60 are eligible to participate in the selected
household. If the household has more than one eligible particggped 20 to 5Dne will be
randomly selectedlwo participants will be randomly selectédhere ardour or more eligible
participantd60]. Participation is also voluntarypoth the irRhouse interview and the MEC staff
obtained consent from the participants through writteeh verbal conselfif conducted by
telephoneduring2021-2023).For children participation consent is provided by their parents or
guardiansThein-personinterviewat homebegins after informed consent has been obtained
through the computeaissisted personal interviesysten|60].

The NHANES interview includes demographics such aslagkgicalsex,gender,
income,race,ethnicity,housing and family characteristics, socioeconostatus dietary, and
healthrelated question$p, 59]. Thequestionnairés collected at both the individual and
family/household leveld=or example, in the NHANES 20220 questionnaire, some of the
sections from the individudével questionnaire include DiBehaviourand Nutrition, Weight
History, and Diabetes. For the Family Questionnaire, Smoking and Food Security sections are
included. The full list and detailed questionnaire instruments are jngéfected measures for
the domains mentioned above:are

1 Diet Behaviour andNutrition: breastfeeding, frequency of milk drinkingchool
lunch and breakfast, and intake of prepared food

91 Diabetes an®Veight history insulin (if any), weight, height, and intention to lose
weight

1 Family-related measures: smokiffgequency or uselithin thehouseholdfood
insecurityin thehouseholdif any)

1.6.2 Mobile Examination Center (MEC) Visit

Besides the #home interview as setieported data, NHANESIso collecs physical
measuremestAfter the inhome interview, the sample participants are schedualeisitthe
MEC. The MEC collect dental, medical, and physiologic measurermentl laboratory testlata
Examplesof medical datanclude anthropometry, blood pressure, body measurement, and
audiometry{62]. Forcollectingthd ab data, the tests are distrib
biological specimenfs3]. All the procedures are administered by trained medical personnel and
staff. The full list of the procedures can be foun{b@, 63].

Within the examined data, the body measurementitorsthe growth of infants and
childrenof all agesHeadcircumference is measured from birth through six monthsaoid,
recumbent length is measured from birth through 47 mofthsding height and waist
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circumference are measured from 2 years and older, upper leg length is measured from 8 years
and older, upper arm length and middle upper arm circumfeserogeasured from 2 months
and older, and hip circumference is measured from 12 years amd6aifid-or calculating the
BMI-related categoriethep ar t i ci pant 6s wei ght, heiThgeht |, age,
BMI is calculated as weight (kg) divided by height (meters squared) and rounded to one decimal
place. The BMI cagory, children and adolesats between @nd19 years old, is classified
based on the CDC growth ch&®]. The four categories are definedfalows [64]:

1 Underweight: BMI < 5th percentile

1 Normal weight: BMI 5th- < 85th percentile

1 Overweight: BMI between 85th95th percentiles

1

Obese: BMI O 95 percentile

1.7 Thesis Scopand Implication

This thesigs intended to beiewedas a guid for using the machine learnirglylL)
approach to drivelecisionmakingby stakeholdersimingto improve adolescent healtfhe
intendedstakeholders of this thesis include public health professionals from the Health Agency
of Canada, health policymakers such as provincial and territorial government officials, school
principals, and researchers interested in using ML for public healthrcbs&ae thesis aims to
disseminate messages to the stakeholders to enhance their understandicgldfetdtaviour
related factors that drive adolescent health outcomes, further assisting them in developing
targeted strategies, interventions, and schaskd programs to improve the wellness of
adolescents and prevent public health problems such da@bd obesity.

The COMPASS study focuses on multiple perspectives on high school student
behaviours and school characteristics, filling the gap in evideased youth data. However,
this study also has some limitations in the data collection among the surveyed prdvimnces
example, the selfeported data were collected using passive consent, which assumes that the
children are eligible to participate if the parents do not contact and withdraw their students [48].
This leads to the exclusion of the school boards fronte¥Me, Toronto, and Peel, resulting in a
loss of sample size. In contrast, Quebec uses céramesl consent, and the school boards can be
directly contacted without approval. Therefore, the data collected in the COMPASS study may
not represent all provies in Canada. Despite the limitations, COMPASS still serves as an
inclusion cohort study that guides the understanding of sebtaied characteristics associated
with adolescent health behaviours [48].

Similar to the initial objective of starting the COMPASS study, this thesis enhances
current youth studies by emphasizing youth populations that spend most of their time at school
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and further exploring the potentially modifiable behaviours using advanced analytics. Previous
adolescent health studies have provided limited evidence on ML predictive models in a school
based cohort study focusing on adolescents «essonally and logitudinally. The ML

approach used in this thesis is capable of handling ainliensional factors to explore

influences on youth behaviour simultaneouslyis provides additional data and granularity to
existing adolescent research, which often focusespenific variables, such as those related

solely to physical activity or healthy eatingrom a practical standpoint, the result of this thesis
allows the aforementioned audience to visualize the important factors simultaneously associated
with outcomes that affect youth behaviours through advanced modelling. It also enhances current
practies by incorporating multiple aspects of behaviour domains collected from the school
environment. Having interpretable results generated from the ML approach is atsoghda

for the stakeholders to understand the associated factorssexismally and in terms of

historical trajectories in the outcome change, such as weight perception longitudinally.
Understanding these perspectives informs the stakeholders anthieetpsvaluate the shert

term and longerm effectiveness of their current programs or initiatives. The model from this
thesis is also retrainable and flexible, allowingdddingmore parameters based on specific
requirements from the schools or publeahh professionals if new measures are introduced

from the COMPASS study or if they are interested in a different focus besides-vetagad
behaviours.

1.8 ThesisOrganization

The three studies are organized as separate manuscripts with the main theme of youth
behaviour health. Chapter 1 introduces the background of adolescent health, followed by an
overview of childhood obesity and the COMPASS system with related studenbqueast
domains. Chapter 2 discusses the machine learning methods and the statistical approach. Chapter
3 presents the rationales and the research questions for each study. In Chapter 4, Study 1 begins
with a general approach to clustering student behavilwam multiple COMPASS questionnaire
domains to observe youth profiles before and after CO1ADChapter 5 contains Study 2,
which focuses on setkeported BMI by building an XGBoost ML model and investigating the
factors associated with BMI predictiadBince weight perception is the most important predictor
of BMI prediction, Study 3 in Chapter 6 further examines its transitional probabilities and
utilizes deep learning models to capture the temporal factors predicting weight perception.
Chapter 7 highghts the results of the three studies by answering each research question
mentioned in Chapter 3, discussing strengths and limitations, exploring contributions to public
health and ML, and outlining future work.
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Chapter 2

Analytic Approach

The general approach for the statistical analysis of childhood obesity assesses the BMI as
the outcomerad indicator ofyouth obesityMondal et al. [70] suggest that current analyses on
youth obesity prediction can be categorized as regression analysis, riskosegdrprediction,
and machine learning prediction. The rlsksed model examines relative risk factors for obesity
prediction, including biological, family, community, and exwvimental factors [70].

This section highlights the current analgtiapproach to assess the prevalence and trend
of childhood obesity. It also summarizes literature review's traditional statistics and machine
learning approachrhe description of the machine learning appraawhother modsifocuses
onthemethodsused in the three studies.

2.1 Traditional Statistical Analysis in Childhood Obesity

In a systeratic review on predicting childhood overweigétatususing maternal and
early life risk factors, logistic regression was applied in seven out of nine dg@jely another
review of the statistical models to predict childhood and adolescent obesity, logistic regression
was the most applied among the 14 mentioned studissudies on youth obesity using logistic
regression or multivariable logistic regression approgthegprimaryoutcomesvereeither
binary (obese and nenbese childrendr classified he status as normal weight, overweight or
obese based on the CDC standardized growtresor the growth reference data from the
World HealthOrganization [7177. As part of the riskbased model, the logfic regression
analyss has been implemented in several studies to determine the risk and the magnitude of
factorsthatcontributed to the development of childhood obesigerman et al[72] applied
multiple logistic regression to estimate the odds of obesity after 36 months among predictors of
parenal characteristics, child baseline BMI, energy intake, physical activity and food selzurity.
a longtudind studyto predict the future risk of youth obesity in Japan, Sonoda &54]. [
categorized obesity as the participants having a lpg®entage of overweightatus equal to
20%. The binary outconeategorizedbese or noibese. The definition of obesity (binary) was
calculated based on the percentage of overweight, greater and equal to 20% in overweight
defined obesityr not Thepredictos, including family histores of hypertension and diabetes,
lack of sleep and exercise, time spent in sedentary activities, and medical meeswes
included in the multivariable logistic regression.
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Another approackvas regression analysisherethe primaryoutcomeis treated as
continuoussuch as percentile aneszore In asystenaticreviewof maternal BMI and youth
obesity 23 studies reported using child BMI eseore as the continuous outcofva]. Ardic et
al. [74] investigated the change BMI z-score in 3yearold children during the COVIEL9
pandemic and the associated factors using linear regression arRysal. [75] transformed
the anthropometrizeight and height measuremento BMI z-score based on tlsexspecific
and agespecificWHO standardd.inear regression was usedetcamine the effects of birth and
standardized BMI score and the association between the covasiatesaas maternal smoking
duringpregnancyand this outcomeAdditionally, continuous BMlwas seen as an outcoime
evaluatingthe intervention imandomizeecontrolsettings In a systematic review of the
randomizeekcontrol trials on the effectiveness of weight management intervention, the weight
change from baseline to 12 months [7@&]largues et al[77] analyzed the differezesin BMI
scoresin a randomized prospective study to assess the effectivenessohtatbased
intervention on physical activity and eating halitsa clinical intervention in a quasi
experimental field trial, thBMI z-scores wreassessdbefore and after the interventidomoth
retrospectively and longitudinally 8].

Stratification was also commonly implementéalowed by logistic regression. From the
abovementioned youth obesity research in Japla® authos performed stratification on
biologicalsex (females and males) on obese andatmse childref259]. They first identified
the key factas associated witthe development of obesityhenconstructed another stratified
modelwith and without the overweight afactorandincludedthe significant factors from the
sexadjust logistic regression mddes indepedent variabledn addition, obesity prevalence
was also performed by stratifying betweanial andethnic groupsForexample, Skinner et al.
[256] used the ordinary least squares regression to predict the obesity and severe obesity
prevalence based @acial and ethnic groupdifferentiatingamong White, African American,
Hispanic,Asian American, and Other (with and without Asian Americahe subgroup
analysisreveakdthe obesity prevalence in different represented groups and astmuthie
potential resultsegardingassociated risk factors related to childhood obesity.

2.1.1 Drawbacks of Statistical Modelling

Certain disadvantages exist whesing the traditional statisatmodel(SM), such as
logistic and linear regression.

In the prediction modetheapplication's succeskepends on choosirappropriatanput

variables. Large standard errors and inaccurate confidencesiisteffect the true association
[79]. Collinearity or multicollinearityis a potential concern, referring to theghly correlated
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predictors For instance, weight and BMI are highly related [80, 81]. One way of haridisg

issueis to dropone of the variables to avoid the impact of the imprecisidhe regression
model.Another concern for using logistic regression is that the basic assuswpdied to be

met, including 1)ndependence of observatio@3 Linearity for any continuous predictor,

meaning there needs to be a linear relationship between the variables and-thansigitmed
outcomes3) Absence of multicollinearityas it is essential to avoid predictors that are highly
correlated, which causes large standard errors for the stopk$), Absence of influential

outliers, meaning the predicted and actual values need to be similar to each other. Otherwise, the
accuracy of the model could be compromifzst].

Similar to logistic regression, the result of the linear regression may be misleading if the
assumptionsire not mef85]. Assumptions includé) the linear relationshimustexistbetween
the independent and the dependent variaB)ddomoscedasticity, meaning the variance of the
residualshouldnotvary for any value of predictor, 3) All observat®im the samples need to be
independent of each other, and\grmality of residuals, meaning the residuals should be
normally distributed86]. Multicollinearity also needs to lmdressetiefore implementing the
regression model#&\nother concern is overfitting in regression analy®igerfitting refers to the
increased complexity of the mod®sl including excessive predictors, interactionsonlinear
terms [87].Hawkins [88] illustrated that using irrelevant variables violates parsimony if fewer
variables are enough to explain the outcome. Adding unnecessary psschcidriead to
inaccurateredictiors based orundetecteerrors. Therefore, linear regression is considered
inflexible and prone to complex relationsbiwithin the dasset.

For the traditional SM, multivariable analysis is one of the most common approaches to
identifying the association between risk factors and outsd@®0]. One of the major limitations
of this analytic modeis that it is prone tahe effects of correlation if it exists among the inputted
variables, and these covariates are not independent of one 486tjefhe impact othe
correlation effect results ialoss ofstatisticalpower and increased standard error of regression
coefficient estimationThis leads tabiased estimationfahe regression coefficients with
inaccurate magnitude and direction since these variables are related to eaf@b6ih&s
stated aboveghe traditional SM is more restrictbg the assumption that assumed variables are
not correlatedvariable selection methods, including forward selection and backward
elimination, help reduce the effect of mobllinearity in SM [251] The former selects the
variables that maximize the decrease of the residual sum of squares. The latteytbleoose
variables that least increase the residual sum of squares [251].
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2.2 Why Machine Learning (ML) ?

There are some advantages of ML over SM. First, ML operates well even when
encountering massive datasets, including electronic health records (EHR), millions of patient
charts, imaging, and social media data [75, 89, 91]. Some ML algorithms perfornthazetter
traditional regression methods in scenarios with many independent variables and a limited
number of observations [89]. Second,-pedecting predictors is critical in SM to avoid collinear
variables. An example from the medical field is the relatignbbtween tumar stage and the
surgical completion rate of turapremoval [91]. ML algorithms are flexible enough to learn
complex relationships in situations where there is a lack of understanding of the phenomena [92].
An example is that little knowledge exists to explain the association between neurobiological
diseae and the progression of the brain. Using ML can help reveal the multiple aspects of
possible influences on disease mechanisms [92]. Third, the ML approach can be applied to
different healtlbare settings to predict patient diagnosis, guide deemigking in treatment, and
predict side effects to improve patients' overall quality of life [89].

Regarding the impact of the multicollinearity effect on ML, the model could have less
generalizability, resultingn overfitting[251]. The difference between ML and SM is tleattain
ML methods such as a neural netwgikresuperior in handling this issue compared to
traditional SM [251]. In addition to using variable selection as mitigaianethod called FA
ANN (factor analysisartificial neural networkhas beemsedto tackle multicollinearity [252].
This model performed with the highest accuracy compared to regression analysisg2p1, 2
This shows thastatistical assumptions do nainstrainthe ML approachand sophisticated
modek such agleep learningan handleorrelated and high dimensional data [2832]. There
are alsadditionalmitigation methodssuch as regularization and penalty mechasjishatcan
be used within the deep learning mottetomplementhe model selection.

Additionally, neural network including the ConvolutionalNeuralNetwork (CNN) can
detect the most representative varialmethe convolutional and pooling layers [25The
attention layer implemented in the Long Skberm (LSTM) modekan also capture variable
importance based on their assigned weights to overcome the problem of multicollinearity [251].
Therefore, MLprovidesa more robust analyt@pproachn handlingthe potential
multicollinearity effecthan SM, whicldoesnot necessarilyneed to adopt a feature selection
processandcanproduce a better estimation of the paransd5s1].

2.3 Types of Machine LearningAlgorithms

Several ML algorithms existased on the types tdsksto be accomplished hese can
be classifid assupervisedunsupervised, sersupervisedand reinforcement learning. The
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following sectionsexplainthe logistics of supervised and unsupervised learning since this thesis
did not use sensupervised or reinforcement learnitgghniquesFor a brief overview, semi
supervised learning combines labelled and unlabelled data from supervised and unsupervised
methods This technique is useful when them@manyunlabelled andess labelled datdt is

applied in the areas of fraud detection, text classification and machinieticam3).

Reinforcement learningses machines or agents to automatically evaluate the optimal
behavious by either rewarding or minimizing the risk as one of the insights. Some applications
include robotics and automation in driving [93].

2.4 Unsupervised Learning

Unsupervised learning refers to analyzing unlabelled data without human intervention. It
has been widely used for discovering meaningful tresitgctureand grouping observations.
The common tasks are clustering, feature learning, and dimensionality reduction [93]. Clustering
involves grouping participants who share common attributes into clusters and has been applied to
several areas, including biomedigaage analysis, diabetes studies, and cardiac disease.
Common clustering methods includerieans aistering, densifppased clustering, and
hierarchical clustering, among others [94, 95]. Among the 58 eligible studies in a systematic
review investigating clustering algorithms for identifying patterns, 19 used padtitioed
clustering, such askeans ok-medoids, and 13 used hierarchical clustering [95]. The
application of clustering extends to multiple research areas, including image segmentation,
customer segmentation, healthcare, climate science, and criminal profiling [95].

2.4.1K-Means Clustering
As one of the most popular methods for clustering analysis, this algorithm aims to

distribute the samples within the dataset into k clusters so thabjthets based on the closest
meanwithin the clustershave more similaritiethanthe characteristics of the other clust®a].
The kmeans clustering process can be followed in the below [&6&hs

Stepl: Group the dataset into k subskased on the préefinedk number of clusters

Step2: Randomly chooslke data pointsas thedistinctcentroid (the centes of the clustes)

Step3: Assigndatapoints to the nearestustercentroidby calculating the Euclidean distance
(d) between two point® quantifythe data poirts simiarities,represented by the formula [97]:
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Q B o (1)

The distance is calculated between two points in tdanensional spacev represents the first
coordinateof point Xin the"&h dimension where X = ( Fio I8 hi ).  represents the second
coordinateof pointY in the @h dimension where Y = ¢ho B ho).

Step 4:Updatethe centroicbased orthe mean of thdata pointsn all the new clustexformed
Denoted a$98]:

o —B o (2)

o is the updated centroif clusterQ(lowercase kefersto the individual clusterg is the
number ofdatapoints assigned to clust& where'Q= 1 , 2 , ¢€3aséthe total nurhber of
cluster$. @ represents the data point in t&h data poinin clusterk.

Step 5: Repeat-8 until all centroids stop changirgy the maxmum number ofterations ha
been achieved

2.4.1.1Determinethe Number of K

Even thougtk-means is atraightforward way to identify groupingrgsdefining the
number ofclusterss challengind96, 99. The methods below are commonly used for
determiningk.

Elbow Method This evaluation method determines dmtimalnumber ofclustersk, by
calculating the sum squared error (S8#)eachcluster until themaximumnumber of clusters
has been reachefSE refers to the sum of the average Euclidisstance of each datapoint
against the centroid [1 By comparing the difference between the SSE, the value that drops
dramatically and forms an elbow angteconsidered the optimal number of clusféfxl]. The
SSE is representdaelow[101]:

~

YYOB B, s® OS 3)

In equation (3), Qrepresentshe number of clustersy is the number of data pointstime
dataset® is the"cth cluster andy is the new centroid of tH€th cluster.
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Silhouettemethod This method utilize the Silhouette indeto evaluatehe clustering
result. The formulais defined as:

- ﬁ @

@ ... representshe average distance aflata point tall theother data pointi the cluster and
...is theelementin the clusterreferred to as thiatra-clusterdistance® ... is the minimum
average distance from the objective to all points in other clusééesred to as thimter-cluster
distance [102, 103]The Silhouette value callated from the above formula rangbetween the
value of-1 to 1.A positive value iglesiredas the intrecluster distance is smaller than the inter
clusterdistance Thegreater the value, the more likely the data paangscorrectly clusteredin
contrast, the negativealueof & ... @ ... is notideal because it indicates that the within
dissimilarity is largethanthe betweertlusterdissimilarity[102]. Thereforeahighervaluein
the Silhouette indexndicatesthe clustersare wellseparated, wheasavalue closer to 0
indicates overlappinglustersand negative values mean the data points are nmsgioaq 102,
104].

Calinski-Harabasz(CH) Index: This is commonly known akeVariance Ratio
Criterion The value can be calculated as the ratio of the dispersion between clusters and the
dispersionwithin clustersThe CH indexfor k clusterds definedby the formulabelow[108]:

~

#(Q — (5)

k represents theumber of clustex ¢ refers to the total number of data pointshadatasetB(k)
andW(k) indicate thanter-clusterdivergenceandintra-clusterdivergencg108. B(k) calculates
the distance between cluster centroids, showing if the clustetdéstinguishabldrom each
other.W(K) quantifies the dispersion of data pointishin eachcluster[100]. The higher the
valueof B(k), the more dispersion or variability between the clisstghile the smaller the value
of W(K) is, the closer the relationship is within the cluster. Theretolager ratio of the CH
index indicates better clustering and watparatiorbetween clusterd 08].

Davis-Bouldin (DB) Index TheDB index is anther method for determimg the
clusterslt is calculatedas the average similarity of each cluster compared to the chigheihe
most similarity.The concept was originally defineand the detailed formulas for the steps were
usedin theresearch on cluster separation measures by Davies & Bouldin H&¥g .are the
stepg106, 107]
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Step 1: Calculate the int@uster dispersiommeaning the average thacebetween eactata
pointwithin the cluster and its centroid.

Step 2: Calculate the distance between the centroids of each clustiee atatet cluster

Step 3: Calculate the ratio between the within clustetartis(average distance of the data
points in the cluster to the cluster center) and the between clusgerogisvhich is the distance
between the centroids of the clusters to their closest cluster.

Step 4:Repeat Step 1 to Step 3
Step 5: Calulae the average ratio for all the defined clusters.

The formula is represented [{07]:

$" -B — — 6)

"Qindicatesthe number of clusters is theaveragawithin-clusterdistancen the clusterEandi
is theaveragawithin-clusterdistancen cluster j, and\ is the between clusters distance of

clusteri and clster j. The higher ratio of the DB index shows poorer separation among the
defined clustersand the lowest DB index indicates better separation [106, 107].

Gap Statistic The Gap Statistic uses the Monte Cailoulationsof the sampling
procesdo generate the referendatasetinder the null hypothesis, assumingdastinct
clustering It compares thwithin-cluster dispersion, which is tiseim of square&uclidean
distancewithin individual clusters as defined irequation (1)for differentnumbes of clusters
(k) with the expected valuenderthe nullreference distributioft09]. The Gap Statististeps
areillustratedbelow, as shown if109]:

oo 61T 11T (7)
i do -B a¢m 0O (8)
i p — i G0 (9)
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oG 0GR p Y (10)

In equation (7),8° 1 T & representshe expected value of letransformedy * (within-cluster
dispersiorfor k cluster$ under the null reference distributianrefers to the total number of data
points inthe datasetThe Gap statistic’O® ] "Q, calculates theitferencebetweerthe observed
logw andits expected vakiunder the null hypothesis, indicating tteviationof the observed
cluster from the exgrted values.

Equation (8)shows the standard deviation of the Gap statiBtis the number of B reference
datasets through bootstrapping (B) @né X is the logwithin-cluster dispersion for the-th
reference dataset§he averagéog within-cluster dispersioni§ ) across all reference datasets is
shown asU . Equation (9)adjusted for standard deviation for variability aid is the adjusted
standard error fol)+ 1 clusters (Equation (10)The optimal number of cluste¢smallestQ) is
choserasadding more cluster&¥ 1) does not improve the quality of tiglusterg[109].

2.4.12 Related Research Using KMeans Clustering

Researclhas adoptedk-means clustering tgroup observed populations with similar
behaviourafactors to study the impact of these clusters omtlieome of interest3.his method
has beemwisedfor pattern identificatiorand the clusteringf phenotypesd5, 99.

Quick [111] applied kmeans clustering to identify the home environment of parents with
preschool children in a crosectional study. Among the selected variables in socioeconomic
and healtkrelated behaviours of obesitye mothes intake of fruit and vegetables, time in

sedentary screen time, intake of sugary drinks |lewels of physical activityvere used asputs

for clustering analysik-meansclustering partitioned two clusters that distinguish mothers who
were less healthy and inactive and mothers who were healthy and activeAihbhly the latter
cluster, mothers consumed more fruits and vegetablesalatier-level intake of sugary
beverageslaily, spent lesthan four hours per day sedentargcreen timdécategorical

(Yes/No), and were more active in physical exercises tharprior cluster.

Besides the obeskselated behaviour factors, Orsoni et al. [112] applied theekns
clustering to identify studestdognitive abilities among attention, visual perception, general
intelligence and the awareness of phonol ogy
cognitive abilities helps teachers create more personalized teaching strategies [112]. im additio
to k-means clustering, the researchers utilized the Artificial Neural Network to predict the
generated clusters. Nine clusters weneggated based on working memory and visuospatial
attentionvalues The characteriis of the nine groups range from very high, high, average, low
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and very low performance in working memory and visuospatial attention [112]. Similarly,
Kundu et al. [115] clustered studshtisk profiles usingnulti-domain factors using-k
meansThree clusters were generated, corresponding to youth grotipsi@s risk that
contains higher fruit and vegetable consumption, no substsaghe highest level of physical
activity, moderate risk group as the second lowest number of students engaging irribke low
group,and highrisk group who involved more in violendbgelowest level of physical actity
and highesengagemernin screen time.

Additionally, k-means clustering has also been applied in clinical practices. Lin et al
[113] and Violan et a[114] have utilized this technique to discover the clinical characteristics
of the pat i erioitstudydiscovehned thd multinforbielity patterns of metabolic
disorders, mental health behaviaetated disorders, and hypertension diseases in men and
women based on diagnosis in electronic health red@dd. The latterclassified patients with
metabolic obesity from Shanghai Tenth pdo ¢16spital basedn the clinical measure of
glucose AUC, insulin and uric acid. Four groups of patients were clustered, rangintpérom
healthy metabolic obesityroup, whichhad the lowest level of comorbiditige the
hypometabolic obesity grouprhich had the lowest glucolipid metabolism and extrniegh
glucosg114].

2.4.2 Hierarchical Clustering

Unlike k-means clustering, hiemghical clusteringestablisheshe hierarchy of clusteiia
a tree structure in eithan agglomerative or divisive approach based on the distances between
the subgroupof theclusters §3, 115].Agglomerative refers to th@ottomupo approach, as the
data points within the clusters and pairs of clusters were combined and moved up the hierarchy
until clusters have been incorporated into a single large c[@8e99. In contrastdivisive is a
fitop-downd approach, all data points start in one cluster atitrspursively into sukzlusters
using dssimilaity measuremen®3, 95. After either of the two approaches, the group
characteristics for the number of clusters can be decided by slicing the dendrograrhg93].
advantage of hierarchicelustering compared to-leans is that it provides more informative
cluster results for decisiemaking by providing the trestructure hierarchy [93[There are also
some drawback® this technique. This clustering technicqeannot handlextremelylarge
datasets [95]Like k-means, hierarchical clustering is sensitive to outliers and skewed
distributionin the datasets.

An example of using hierarchical clustering is in customer segmentation. Hung et al.
[116] applied a bottorup hierarchical clustering technique to group customers into different
categories based on their shared traits in location, age, and spendingTiebitsndrogram
visualized the customers into three graupsdium to high credit limits but limited purchases,
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the second group with lowest credit limits and least purchases, and the third group with highest
spending with low to high credit limits [116]. The result of the hierarchical clustering provides
insightsinto customes Gharacteristics for designing market strategies [116].

2.5. Supervised Learning

Unlike unsupervised learning, supervised learnitilizes predictors as inputand
outputs asabels[93]. This is performed using training data to predict the labels based on the sets
of input data [75, 93]. This learning typedided intoclassification and regressiatjectives
[93]. Using childhood obesity as an example, the regresasiwvould use a continuous BMI as
the predicted label, while the classificatiaskfocuses on the categorical form of whether the
youth is obese or no€lassification problems can be furtltdvidedinto binary and multiclass
classificationBinary classificatiomrefers to the classification task using two categories of labels
such as fAyes and noo or O6disease dAtected and
multiclassclassificationtask includes labels with more than two categories [93]. For example,
study 2 used the yout hds B Ehdobeseaand unkhgwn weiglat| t hy
as the predicted labeé\notherexample of acenariahatappiesmulticlassification is text
classificationwhere the categories include different types of newts%&}.

To evaluate the performancetbe supervisednodel, performance metrics are dse
analyze how well the ML predi&the outcome of interesg]. In the case of a classification
task, commommetrics are accuracy, precision, recall, and F1 score. Accuracy refersatidhe
of predicted correct samples over the total samjpregision refers to the accuracy of the
positive predictions over the numbers of true positive and false posiiceated asrue
postive over the sum of true positive and false positRecallrefers to the correct identification
of the true positive casesalculated asrue positive over the sum of true positive and false
negative TheF1 scoreis the harmonic men of preision and recall75]. Additionally, thearea
under the curve of the ROC curve (AUCROC) is used to measure the separability power of the
classifierg75]. To evaluate the performance in regression, common measures are mean squared
error or mean absolute error [75].

Besides the evaluation metrics, loss functiarea critical partof ML that measure the
difference between the modaledictedandactual output. Théoss function types diffdpased
on regression or classification problef@53]. The common onéor regression is called the
Mean Square Error (MSEknown as L2 losdt is the average of the square difference between
theML model'spredicted and actuaesults [253]. Another regression loss function is Mean
Absolute Error (MAE)or L1 loss Instead of the square difference, this function calculates the
average absolute difference between the ML model predicted and the actual values [253].
Compared to MSBYIAE is less sensitive toutliers since it weighs the error terms equally
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regardless of their magnitude [253]. For classification tasks, Binary -Erdsspy is a

performance measure commonly used in ML models. It quantifies the prediction that represents
the probability of a data sample belonging to a binary class with alvalween 0 and 1. If the
classification problem involves multipldass labels, Categorical CrelSatropy is appropriate to

use [253].

This dissertation's theme is supervised learmitg a focus orclassification tasks. fie
overview of the supervised learning models focuses on ones that solve classificationgroblem
instead of regressions.

2.5.1 Overview of Classification Algorithms

The following ML algorithms were chosen basedaoreview of studies that identified
attributes associated with youth overweight and obe&ityong the eligible 28 studies frothe
Chatterjee et a[117] review, kNearestNeighbors(KNN), Logistic Regression (LR), Support
Vector Machine (SVM), Random Forest (RF), Naive Bayes (NB), and Extreme Gradient
Boosting (XGBos), are the most common classifiers that were used in the literature review on
youth obesity and related risk factors, achieving both highracy and specificity as well as
working in the multiclassification environment [117, 118, 119, 120, 121, 122,.123]

Naive Bayes (NB)Thi s al gorithm i s based on Bayesbéb
attributes of a given class are unrelated tovdiees of other attributes [93]. It is capable of
handling binary and multiplelass problems, and it has been utilized in spam filtering, text
classification, and childhood obesity research due to maintaining high accuracy in processing
large databases39124]. One of the advantages of this classifier is the small amount of training
data required for estimating the parameters [93]. The established posterior probability of the
outcome variable based on the predictor variables, according to Bayes thesrdra,
represented as

PGB U E
R

0U BZBD (11)

¢

P (y = j) is thenitial or prior probability of y taking on the value of j, aBd @8 @ LU E is
the posterior probabilitgfter observation.

K-NearestNeighbor (KNN): KNN is non-generalizing learninglgorithm thastoresall
instances related to the training data-dimensional space [93]. It is used for classification
problemsand generates a boundary to classify the data according to the olgabiord 124,

125. This algorithmdetermine the data point category based on similarity among its k closest
neighborsThe measure aflosenesss generally based dheEuclideandistancg125]. The
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hyperparameter is used tacalculate the nearestieighbordor predictiond69]. KNN is
suitable for both classification and regressionsd$R4]. The advantages of this algorithm
include simplicity, effectieness and easy implementation.

Logistic Regression (LR)LR is widely used in ML applications as supervised learning
and statistical mode[93]. It has been utilized to benchmark other machine learning classifiers
[75]. LR assumes that the predictor variables and the probability (log odds) of the outcome
variable €.g., obese or not) ha\wa linear relationshid Pg. LR uses the lagtic function to
estimate the probability anslrepresented by tregmoid function93]:

Q. — (12)

LR works well when the dataset is lineaslgparablebut this also shows that LR is affected by
the assumption of the linearity between the dependent and independent vdtibbkebeen
commonly used ilassification butan also be aptedfor regression problems [93].

Support Vector Machine (SVM)SVM is a supervised ML learning technique used in
regression and classification analysis. It generates a maximum margin sepataterrtone
boundaries with thiargestdistance §9, 79. SVM creates a hyperplane in a high dimensional
space to separate the data points from different categ68led he purpose of SM is to
identify the hyperplane that can help clagsife data point in a dimension that contains several
featuresSVM can handle both binary and muttass classification cases, where algorithm
learns from the data input of potential attributes contributirnbaalevelopment ajbesity status
[127]. In the case obinary classification, SVM separates the hyperplane calculated from the
support vectors and maximum margin separ@®}. The advantage of SVM is that it can
generalize the new samples better even though the inputs contaiDuB&s its nonparametric
features andbcal operaion, it does not need toe limitedto linear data and can handle large
datasets in trainindlR§.

Random Forest (RF)RFis an ensemble classification technique trsgs random data
subsets and creates several individual decision [B8e93] It builds trees byandomly
selectingfeatures in addition tohoosingcandom data subsg69]. Within RF, individual trees
predict the category, artden the model prediction is based on the highest votes for a particular
category[69]. RF operates based on the Gini index and fits several decision tregaradlal
position[69, 93].By collecting the results from each tr&# can reduce variance, handle noise,
and be more resilient to outliers, making it more robust in prediction than decisiof68,c%3;

129, 130. This algorithm can be applied to both classificat@md regression problems [93]. In
classification, the output is determined by the majority of the {de¥y.

26



Extreme Gradient Boosting (XGBoostXGBoost isa popular boosting algorithnin
boosting various modelare utilized in training sets worder, and the new model assesses the
residual errors and misclassification from the previous mdd€].[ XGBoost uses the parallel
tree gradient boosting algorithmb.alsoincludesadvancd regularizationsuch as L1 and L 2o
overcome overfitting and improve th@odel's generalizabilit}93]. XGBoostis considered a
powerful ML algorithmfor handling large datasetsut it lacks interpretability and can be
affected by overfitting93, 130].

2.5.2SupervisedML Researchin Childhood Obesity

Given thecomplexity of childhood obesity with mutiomain impactful factorsyiL has
been utilized to handle the higlimensional relationships between these variables and overcome
the limitations of the B, such as generalized linear models. Variables used in this typé of S
are either reduced or similar since the number of predictors is more than the number of instances,
creating limitations in predictive power [73]IL hasthe capability of discovering complex and
nortlinear relationships between the predictors and outsanm@matically [75]. Several studies
using ML approaches on youth obesity have been summarized below.

Abdullah et al. [132] applied the classification techniques of the Bayesian Network,
Neural Networks, SVM, and Decision Trgk8)to predict childhood obesityt the age of 12
amongl153 primary schools in Malaysia. The input data was based on the student questionnaires,
which addressed the students' sociodemographic, dietary assessmgitysical activity. The
authos compared the performance of the implemented classifier and found ddésform
others[132].

In a study to evaluate the value of a BMI screening program in $h&addeet al. [39]
used the kindergarten BMiscores as theainpredictor among public school students to
predict the risk of childhood obesity at graddis study employed BecisionTree(DT),
Artificial NeuralNetwork (ANN), RandomForest, and.ogisticRegression for the classification
[39]. The model further generated the feature importance from the classifiers and discovered the
important variables, including kindergarten BMs$zore (most important), family income, and
parent 6s edifrati onal l evel

In addition to the data acquired from the BMI screening progi4sy predicted early
childhood obesity using clinicatbased cohortSpecifically,this study utilized the attributes in a
hospital database, targeting youth between the ages of three and five. Attributes include the
childrends age, gender, height, weight, birth
food consumptiomeforeage five[45]. The authors applied SVind ANNto predictwhether
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children were either obese or not obbstretheage of five.The model performance showed
robustness in prediction, with ANN achieving the highest accuracy of 96.81%, 96.73% in
precision, 97.36% in recall, and specificity of 92.8H).

The predictiorof youth obesityalsoincorporatedhe electronic health record (EHR) as
the data sourc clinical researchPang et al[83] generated a cohort of yougincounter
recordf r om t he Chi | dr e n 6 sThidstudypsed thelBMIcstatuséfardtreed e | p h
age of 2 and predicted the BMI status between ages three and seven using Decision Tree,
Bernoulli Naive Bayes, Gaussian Naive Bayes, LR, SVM, and Neural Network and XGBoost
[83]. XGBoost outperformed the other prediction models, achieving the-RQOC score of
0.81. This study further acquired the topi@portart factorsfor interpreting the XGBoost
prediction and identified weight, weighdr-height, race, and body temperature as the important
factors inthe predctive mode[83].

Using a Youth Risk Behaviour Surveillance System in 2015, Zheng & Ruggiero [121]
focused on using KNN, a&ANN, an improvedT, and binary LR for predicting obesity among
high school student3his crosssectional studgollected datérom students ifennessee
attendng grade 9 td.2 public and private high schooEhree healttrelated categories,
including factors of sedentary behaviours, energy intake, and physical aet®ityused as
inputs to train the ML modeld.21]. The binary LR resulted in tHewest model performance,
while ANN achieved an overall accuracy of 84.22% and specificity of 93[42%. They also
discovered thtincreased levslof physicalactivity and eating breakfastdhaignificanty
decreased the risk of obesity, and consumption of sugary drinks and more sddeatary
increased the risk of obesity21].

All the above studielsavevalidated that ML is robust for predicting youth obesity in
school and clinical settings. More importantly, ML has shown promising performance using
EHR datacontainingmillions of data records and massive medical measuremecitsjing
procedure and drug prescriptions [71%$. application of big data can further support healthcare
management and clinical decistaraking in large populati®{83].

2.6 Deep Leaning Model in Time Series Analysis

The deep learning (DL) model is a subset of the machine learning approach within
artificial neural networks [93]. Unlike traditional ML models, which are unable to improve
performance even with the increase in data points in the training set, DL cootamstational
architecture with processing layers to overcome this saturation and process complex data
structures such as speech, image, and text [75, 93]. Common DL models includieydulti
Perceptron, Long Sheiterm Memory (LSTM), Recurrent Neural Neivk (RNN), and
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Convolutional Neural Network (CNN) [93]. Another advantage of DL models over traditional
ML methods is that many have sequential layers that can be stacked to learn the hierarchical
representation of the various aspects of interrelated data [75].

The applications of DL models have been incorporated well with time series analysis in
forecasting [133]. Time series forecasting refers to estimating the future of time series and
certain events evolve over time based on setpletime-ordered data for decisiemaking
[133]. This forecasting in healthcare has been frequently utilized in predicting diabetes mellitus,
blood glucose concentration and cancer growth. Besides the utilization in the medical field, the
adoptionof DL in healthcare has also started with childhood obesity [75]. Previous research on
youth obesity prediction focused on the obesity status at a single time point without encountering
the tempor al change in the ¢ZuaiektdlB% prddetadl t h pat
the childhood obesity status atgrad84& r ge & Everts [45] at age fi
inputs, andAbdullah et al. [132] assessed youth obesity at the age &iri& youth weight
status varies at different time points, it is necessary to predict the risk of youth obesity based on
the temporal relationships within the data [134].

Additionally, Gupta et al. [134] mentioned that singl@int predictions based on non
longitudinal pattern data are a major limitation due to the rapid change in child growth. In the
reviewed article, fifteen studies demonstrated the significant relaipbstween rapid youth
growth, such as weight gain during adolescence, and future risk of being overweight or obese
[135]. Instead of using longitudinal data, previous thesis studies extracted predictor measures as
snapshots of youth behaviour [38, 45, [l&Pparticular times for developing ML prediction
models. Moreover, another clinical study on tdiabetes mellitus used time series data
analysis with deep learning models. The rationale for using time series analysis is to capture
changes in patiemheasurements to predict diabetes conditions [136]. To overcome the
limitations of traditional ML models and investigate factors in a longitudinal format for
predicting youth obesity, it is necessary to develop DL models to capture the temporal sequence.

2.6.1 Overview of Deep Learning Models

The section below focusen the overviews of LSTM and RNN, the major models used
in Study 3's analysis

Recurrent Neural Networks (RNN)

RNN has beeimplementedn time series analys[35]. It aims to explore the
relationship between current time samples @at samples)RNN useghe neurons from the
previous time steps and maps the inputs to the output seqii&B8gg he basic structure of
RNN contains the inpyhidden,and output layex The flow of the unfolded RNN can be
represented g437]:
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In this equation,wis the input datat o, o refers to the time stef{Xepresents the hidden
state in the network, and represents the weights of the network connectiocfuding input to
hidden, hidden to hidden, and hidden to output [1Bf& inputs ofvareincorporated into the
hidden state'Q, andthe output processthe information from the input and hidden state [137].
The RNN computational graph for processing the irgpate hidden state, and outpsthtels
shown belowj138]:

Figure 2.6 RNN computation of training loss that shows the input state to outpufrstate
[138]
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This graphcomputes the training loss of RNN where L indicates loss and measures the
distance each output)is from the related training targef338]. Theinput wat the previous
time step and when fed into the hidden séxigressed in the term of a weight matrixtiug
weight matrixw representshe hidderto-hidden recurrent connectipand theweight matrixw
represents the hidddo-output connectionwhileé 0 p is the output of the netwofk38].
Simple RNN can capture the shtetm dependence, bsiince it is trained by gradient descent
and backpropagation throughime algorithm, it is lessapable oimemoizing longterm
information or depenehcesandsuffers fromvarnishing gradientgl33, 137. The generated
gradients from the backpropagation can be either small or large, causing unstable training in
RNN.
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Long Short-Term Memory (LSTM)

To overcome the vanishing gradient issue in RNN, LSW%d beeintroduced and has
become one of the most successful computing metioodisng sequential aspects with several
stepqg133]. The LSTM model contains three main components: the input gate, forget gate, and
output gate [137]The steps of the LSTM mechanism carrégresenteds the below formula
[139]:

Inputgate ) A 87 ( 7 A (14)
Forgetgate& K 87 ( 7 A (15)
Output gatef K 87 ( 7 A (16)
CellStatet & & # )y 6« OAT8H ( 7 A (17)
Hidden stateO / & OAT#E (18)

Within the formulawhile &0 represent the weight parameters andepresents thkeias
parametersTheforget gatedeterminesvhich information should be removed from the cell state
[137]. This layer is controlled by the sigmoid functiavith weightsranging between 0 and 1

[137, 140].Information is discarded if the value is closer to 0, while information is retained if the
value is closer to 1. A new candidate value is created by the tanh layer, which is multiplied by
the input gate to decide what information to retain in the ceh. ath # represents the

forget gate& multiplied with thepreviousd  as thefforgettingd information The output gate

0 with thesigmoidfuction multiples thecurrentcell stated throughthetanhfunction

resulting in values betweefh and 1whichrepresenthe hidden stat®©. The output gate will

decide whether tpass theralue in"O or discard if137,140].

An attention layer caalsobe embedded into the LSTM layer to pay more attention to the
important features and improve the model prediction performance |hiji et al. research
[141], the attention vectqi®) learredthe weight for each feature and pakieéo the output
layer of the network. The authors calculated the attenéoplly the weight§w ) and the k
features in time steps through a softmax activation funcsioown below141]:

® i € 7Q0 @ (19)

Thefinal input was weighted by the attention vedioron feature k overtime, represented as
[141]:
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2.6.2 DL Research in Childhood Obesity

The rise of DL models in ML has been shown in predicting childhood obesity studies,
specifically using EHR data [75]. Thstudies selected belowave focused on LSTM or RNN.
Other DL models for childhood obesity include the Artificial Neural Network and Convolutional
Neural Network [144].

In the EHR data setting, Gupta et al. [134] applied an RNN architecture with LSTM cells
to predict childhood obesity using both static and dynamic variables. They converteetithe 30
time-point visit data within awo-year observation period into 25 time steps per patient [134].
The models were designed to predict obesityB (lears in advance) for patients aged 3 to 20
using EHR data. For example, the observation window was from ages 1, 2, and 3, while the
predicton window targeted obesity risk at ages 3, 4, and 5. Each patient was required to have at
least five years of data. In addition to the model architecture, the authors implemented an
attention layer to better interpret the model predictions. They rankextamp features based on
the three most important visits and discovered thatqyear BMI and obesity status (obese or
not obese) were the most important predictors of future obesity. Ovetytse Biput window,
the LSTM model achieved AUC values 080, 0.93, and 0.92, outperforming the baseline
models of random forest and linear regression.

Beyond predicting childhood obesity, research using RNN and LSTM also explores
predicting the success of obesity interventions. Hasan et al. [142] analyzed communication
between patients and providers during motivational interviews. They predicted thessatthe
program by using RNN with LSTNbased models, as well as Markov Chain and Hidden Markov
Models. The conversation between providers, obese adolescents, and their caregivers was coded
to capture patient behavi@l responses. The goal of the pragraas to encourage behamnial
change and improve sedfficacy through counséhg [142]. Successful communication codes
included positive change talk or language of commitment, while unsuccessful codes included
talk of negative change or commitment. The final sample consisted of 5,143 sequences, of which
82.15% were positive and Bb% were negative communication codes [142]. Due to the
imbalanced data, the researchers developed deep learning models using undersampling and
oversampling approaches. The RAMISTM model without target replication resulted in higher
F1 scores compared to the Markov Chain and Hidden Markov Model, yielding F1 scores of
0.8677 with undersampling and 0.8381 with oversampling [142].

In another study on childhood obesity using EHR data, Cheng et al. [143] utilized LSTM
to analyze a longitudinal dataset. The study included 73,957 historical encounter records from a
sample of 6,614 children aged 0 to 4. Seatified models were develeg to predict outcomes
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for boys, girls, and a combined group. Time steps were created from 2, 3, 5, or 8 previous
encounters, followed by the prediction of BMI based on these historical data points. The
predictors included static fagctand, msubkbér as
birth, along with timevarying factors, such as sleep quality and visit type. The model was

trained on 80% of the data and validated on 20% [143]. This study used mean absolute error as
the evaluation metric, with results showing ttieg error was lowest for models with five or

eight historical encounters compared to those with two or three encounters [143]. Specifically,
the mean absolute errors for the fivistory encounter models were 1.02, 1.06, and 0.98 for

boys, girls, and combed cohorts, respectively. In contrast, the mean absolute errors for the two
history encounter models were 1.49 and 1.60 for boys and girls, respectively.

In summary, DL models that emphasize temporal sequences are highly effective in
analyzing the dynamic patterns and changing factors that occur across multiple stages of
childhood to early adulthood. These models can incorporate the diverse types aofidares
extracted from EHR or other healthcare systems [134].

2.7 Markov Chain Model (MCM)

This section gives an overview of the MCM atshapplications in realvorld scenaris.
MCM was used in Study 3 to account for the transition probability in weight perception over
time among COMPASS students.

The MCM consists of discreteme and continuouime variants. This introduction
focuses on the discretane MCM to align with the approach in Study 3. The disctise
MCM models the possibility of progression at distinct time points, such asrdantlts, or yeas
[145]. TheMCM is a stochastic process represented by a sequence of events, where the
probabilities of the event dependly on the state achieved by the previous event [146]. It
calculates the probabilities of events that occur as the state trasgdiother states or remains
the same as the previous state [149]. diseretetime MCM can be expressed by the formula
below [147]:

(o) o o B o @ 0O o  ® (21)

In this formula, the probabilitiesf 0  depend on theurrent state od . This illustrates that
the movement of the discretiene MCM reflectsthe state of the condition at the end of each
cycle [145].The transition probabilities can also be represented in a matrix ¢afled the
transition probabilities matrix, as shown bel#8]:
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In this matrix P, the stateseeither 1, 2, or r. Furthermore:
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Theprobability of0  for all values of K in rows must equal When0 0

The MCM has been widely implemented in studying chronic diseases [145]. Since
chronic iliness is often described as an independent health state, the MCM is suitable for
mapping the progression of diseases across different states [145]. Several studissdibee
MCM to assess the transition status of overweight and obesity among youth and adults.

Chen et al. [149] fitted a threstate MCM model on a longitudinal weight status dataset
with complete assessments for 1494 elementary school children. The three lséatitisy
weight, overweight, and obesemonitored the changes in weight status from laseb
understand the transition probabilities over time, specifically during fall and summer [149]. The
results showed that most children were more likely to stay in their previous state. They were also
more likely to become overweight or obese duringsiimamer compared to fall [149]. In terms
of gender, socioeconomic status, aadial and ethnic groupboys had a higher likelihood of
becoming overweight or obese across all periods compared to girlsdiSjpanic Black and
Hispanic children, as well as those from lower socioeconbatkgrounds, had higher
probabilities of transitioning to obesity [149].

In another cohort study among Chinese school children, ahttmm®geneous threstate
Markov model was applied [150]. Hu et al. [150] examined pattern changes among 2344
children aged six, using five years of physical examination data. They observehsgotn
probabilities among normal weight, overweight, and obesity, with results stratified by sex.
Among children who initially had normal weight, there was a 6.3% probability of transitioning to
overweight and a 0.8% probability of transitioning to alyesithin one year of observation. In
contrast, 24.8% of overweight children returned to normal weight, while 17.5% transitioned to
obesity [150]. Overall, children were more likely to maintain their weight status during the first
year, while 20.1% of cldren who were obese at baseline remained overweight over the five
year period [150].

Beyond using MCM to monitor childrends wei
method to adults. Tang et al. [151] observed weight status patterns in children and predictive
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lipid markers among Chinese adults. The authors applied astatiti MCM to the healthy
weight, overweight, and obesity status of males and females, young and-agddldn addition
to calculating transition probabilities, the study further examinedéffieet of covariates on the
transition model, stratified by sex. Among the age groups, the weight status of young adults
fluctuated more than that of mideéged adults. Specifically, young male adults were more
likely to develop obesity compared to mid@iged male adults. Regarding the impact of
covariates, age, triglyceride levels, and hagnsity lipoprotein cholesterol were significant
variables influencing male and female weight transitions. With a unit increase ddmgity
lipoprotein cholestal, the probability of transitioning from overweight to healthy weight
increased by 62% in females and 37% in males.
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Chapter 3

Study Rational and Research Questions

This section provides an overview of the purpose of conducting the three studies and the
corresponding research questions, written in manuscript style. It also provides an overview of the
study rationale ancesearch questions.

3.1 Study 1: Clustering Analysis of COMPASSSt u d e Behadisurs inPre-
COVID and PostCOVID Cohort

3.1.1 Rationale

Adolescence is an essential period of youth behaviour development. Bekaviour
developed in terms of nutrition and substance use, including smoking, drugs, and alcohol use,
were more likely to be maintained into adulthood [1,2,3]. During this critical developmental
stage, COVID1 9 negatively affect e dding sch®ol glosuet chabges d a i |
in the learning curriculum, and social quarantine [9, 10]. Social distancing prevented students
from participating in physical activities and increased the likelihood of a sedentary lifestyle [8].

Clustering analysis has been commonly used to group samples with similar homogenous
traits. It is suitable for describing the students' profiles and any hidden behaviour patterns.
Previous studies have focused on clustering analysis in the medicaumieas multimorbidity
characteristics among patients towards disease progression or clustering on a particular trait such
as mental health, learning outcome, and cognitive abilities among students [112. 113, 114, 115].
For COVID-19 clustering researchtuslies were also focused on the single prospect of student
behaviour such as student academic performance duringahdemic [152, 153, 154].

However, limited research hhgsenconducted omlustering students' profilgge andpost
COVID-19. Research on the impact of the pandemic disruption is necessary to understand the
change in various student behaviours compared to those in prior CGO®/ID

This study aims to apply-kneans clustering analysis followed &y RFclassifier to
cluster students with similar characterisfice- andpostCOVID-19 and identify the important
factorsassociated witlthe established clusters. Compared to the previous stuslgiuldy
analyzed potential covariates in multiple domains, including mental health, healthy eating,
physical activity, screen time, and sedentary lifestyistead of focusing on specific aspects
providing a more comprehensive understandingtaedent behaviour profiles.
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Additionally, this studywill allow researchers and school princip@iseview the
important factors for clustering predictipne- andpostCOVID-19. Understanding the
differencebetweerthe two periods can lead to a more targeted sebastd intervention to
improve overall adolescent health.

3.1.2 Research Questions

1. What factors arassociated witthe clustering of student profiles in the 2018 (pre-COVID)
and 202021 (postCOVID) COMPASS cohorts?

2. What are the similarities or differences of the factors associated with the clustering of student
behaviour preCOVID-19 and posCOVID-19?

3.2 Study 2: Building an Interpretable Machine Learning Model for Selecting
Modifiable Attributes of Childhood Obesity

3.2.1 Rationak

Childhood obesity is a major public health concern. It is a critical risk factoofer
communicable diseases, including cardiovascular disease, hypertension, type 2 diabetes, and
nontalcoholic fatty liver disease in both developed and developing countries [20, 21]. Obesity
status during childhood increases the likelihood of transitiomitegobesity in adulthood [21].

Due to the multdimensional risk factors for developing childhood obesity, traditional statistical
models lack the robustness to handle the volume of input features and the complexity of non
linear relationships [82]. ML wdels have effectively handled large and complex datasets [90].
Therefore, analyzing the COMPASS dataset, which spans multiple domains of students' lives,
using ML techniques is necessary. Study 2 focused on youth BMI, a welgteéd measure

from Study 1 and explored the factors associated with BMI prediction.

Study 2 utilized various classification ML techniques such as RF, 3¥Ntinomial-
NB, LR, KNN and XGBoost as potential candidates for building a predictive model on
childhood obesityStudy 2 further applied thehapley Additive Explanations Technique (SHAP)
to address the interpretability challenges in ML models [208]. The findings illustrated the
application of ML to youth obesity research in both complete case analysis and multiple
imputation approaches. Additionally, Study 2 compared data preprocessitagiesretaining
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all variables, feature selection, and dimensionality reduction techniguesodel performance

to ensure the most appropriate predictive model for defining youth obesity. Lastly, the SHAP
plot explained the magnitude and direction of factors affecting health, weight, overweight,
obesity, and unknown BMI, aiding in understandihegir importance in model prediction. This
prediction model provides insights into critical factors associated with COMPASS students' BMI
status and informs strategies to prevenithiabesity.

3.2.2 Research Questions

1. What important factors are associated with youth BMI status in the 2DZIDMPASS
student cohort using ML classifiers fratme CCA and MI approach?

2. How do the results of Migenerated factors compare with the common factors leading to
childhood obesity in the previous literature? What are the similarities and differences?

3.3 Study 3: Exploring the Longitudinal Weight Perception Transition and
AssociatedFactors Using the Markov Chain Model and Deep Learning
Approach

3.3.1 Rationak

The relationship between weight perception and actual weight status among teenagers has
been welldocumented. The concern is that weight misperception among youth contributes
negatively to their selesteem and body dissatisfaction [37]. Teenagers wheigerthemselves
as overweight or obese tend to engage more in extreme weight loss programs, even when their
BMI falls within the healthy range. Accurate weight perception is positively correlated with
better adolescent health, as youth with accurate p@vosparticipate more in physical
activities compared to those who perceive themselves as overweight [230]. Previous studies
modellingdynamic changes during adolescence focused on weight changes over time rather than
weight perception [149, 150Therefore, it is essential to understand the fa@ss®ciated with
youth weight perceptiomarticularly how it changes over tim@ince weight perception was the
most important factoassociated witBMI prediction in Study 2, Study @sedweight perception
asthe outcomeo observe it$ransitional pattern and time series analysis.

Study 3 had two objectives. The first objective was to analyze the trajectory of youth
weight perception using a thrgear linked dataset. This study used @M to reveal
transition probabilities between underweight, about the right weight, and overweight categories.
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Additionally, multinomial logistic regression was applied to further understand the significant
factors associated with weight perception in Year 2 and the changes in weight perception from
Year 1 to Year 2. The second objective was to apply deep leaeaingiques, such as LSTM

and RNN, to predict weight perception in Year 3 based on predictors from the previous two
years. Current studies on youth obesity using LSTM and RNN have focused more on clinical
research, such as Electronic Health Record (EHR) [d&84, 143, 142]. This study focused on
sequential data from prior years to predict future weight perception, which is necessary to
explore how temporal changes in predictors (e.g., physical activities, healthy eating, mental
health) affect youth weightgoception. Similar to Study 2, Study 3 employed SHAP analysis to
interpret the importance of factaassociated witlpredictingweight perception in Year 3.

The findings of Study 3 address gaps in understanding dynamic changes in youth weight
perception over time. These results provide valuable insights to public health professionals,
helping them develop targeted interventions for youth obesity at diffém@apbints, focusing
on factorsassociated witself-weight perceptions.

3.3.2 Research Questions

1. Study 3 QiHow do the estimated probabilities of weight perception change from Year 1
(202021) to Year 2 (202R2) and from Year 2 (20222) to Year 3 (20223) using the Markov
Chain Model?

2. What factors are associated with the weight perception in Year 2 and the weight perception
transitional change from Year 1 to Year 2?

3. In thedeeplearning approach, what are the important factors associated with predicting
weight perception in Year 3 from the previous two years?
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Chapter 4

Clustering Analysis of COMPASS St
COVID and PostCOVID Cohort

4.1 Abstract

Background

Assess clustering to identify subgroups based on multidimensional factors in a school setting that
affectthe youth population before and after COVIB. Profiling youth cohorts in Canada is

crucial to understandingehaviour and risk factote guideprevention developmesefforts

Method

Thepre-COVID cohort (201819) andpostCOVID cohort (202621) werefrom the COMPASS
study.K-means clusterindRandomForest classifiers, anidultinomial Logistic Regression were
applied to group students wigimilar behavioursThe goal was talentify the factorassociated
with the clustering and assess the strength of the association beteéep tive important
factors and being in certain cluster groups.

Findings

High-risk clusters were distinguished by substance use and lower psychologicaéingllIn

the preCOVID cohort, students who skipped more than 20 classes, had incomplete homework,
and engaged in bullying were more likely to be grouped into onelsgier compared to those
without these behawvips. Students who tried to lose weight, had overweight perceptions, and
were less physically active had a higher likelihood of being in a specificlgster. In the post
COVID cohort, students with poor mentadith, higher BMI, increased cannabis use, and lower
physical activity were more likely to be grouped into onedubter compared to students with
opposite behavias.

Conclusions

The results indicate that school engagement, mental health, substance use, anelatEght
factors were significant indicators of student profiles in both gmd postCOVID cohorts. The
identified important factors provide critical insights for scharhcipals and policymakers to
develop targeted interventions focusing on specific stuakmviourgo prevent future adverse
outcomes.
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4.2 Introduction

Adolescence is a critical period for the formation of behagi@and for undergoing
physical, social, and psychological changes. The risk of unhealthy betsag@veloping during
this stage can persist into early adulthood, leading to adverse outcomes [1, 2, 3]. For instance,
nutritional issues such as malnutrition or substance use, including alcohol, smoking, and drugs,
are significant factors affecting thenigterm health of youth [4, 5]. Behavirs adopted between
the ages of 12 and 18 tend to perdisbughout life [1, 8].

During this key developmental period, the COVID pandemisignificantly affected
schools and Canadian youth. Among the 5.7 million impacted children, 64% of youth a2#d 15
reported that their mental health was negatively affected during the pandemic [202]. Schools
across Canada were closed, forcing a shifetoate learning. The school closures between 2020
and 2021 disrupted students' learning environments, mental health, physical activity levels, and
eating habits [8, 203]. Declines in mental health, including increases in symptoms of depression
and anxietywere commonly reported during the COVID pandemic. Several studies
highlighted the negative impact of the pandemic on adolescent mental health, including
decreases in quality of life due to difficulties with online learning and COlpelated worries
[9, 10, 11, 12]. Besides mental health, a significant decline in physical activity and increased
sedentary behawim among youth due to social isolation were also reported [8, 9, 10].
Additionally, unhealthy eating patterns were exacerbated during homeeameht, with
evidence showing that many yosthite out of boredom and increased their consumption of
unhealthy foods, such as snacks between meals [204].

Unsupervised machine learning algorithms can be employed withouel@lraining
data to understand student behaviorofiles [93]. Among the various clustering analyses, k
means clustering is known for its popularity, efficiency, and simplicity in classifying study
participants based on similarities [94]. It classifies groupskmiasters by calculating the
cluster mean and grouping the data points based on the closest distance [96, 98]. Several studies
have utilized kmeans clustering to analyze éetgeneity in student characteristics and identify
patient subgroups with a higher risk of developing certain disease complications [112, 113, 114,
115]. These studies successfully grouped patients or students based on similar traits and risk
profiles, albwing patterns to be identified for intervention development or clinical practice.

Although previous studies have focused on specific aspects of youth hehauih as
eating disorders or psychological wbking, few have considered multiple perspectives by
profiling students based on their similarities using clustering analysis [112, 115]. Given the
various behaviaral aspects that arise during adolescence and the potential hebbeimnges
due to COVID19 disruptions, it is essential to explore youth behavpoofiles before and after
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the pandemic. This study aims to applykeans clustering to group students attending grades 9
12 in the COMPASS study based on multiple domains, including substance use, mental health,
physical activity, healthy eating, life changes due to CO¥f)and shool connectedness. The
primary objective is to investigate student behavprofilespre- (201819) andpostCOVID-19
pandemic (20221) using kmeans clustering, followed by a random forest machine learning
model to identify the important factors preting the clusters.

4.3 Materials and Methods

4.3.1Study Dataset

This study acquired the dataset from the 209&nd 20221 cohorts of the COMPASS
study (Cannabis, Obesity, Mental Health, Physical Activity, Alcohol use, and Sedentary
Behaviour (COMPASS) study. This prospective ongoing study collects grhdstiderd
attending secondary schools in Alberta, British Columbia, Ontario, and Quebec in Canada [48].
The COMPASS study (2012027) collects studeit¢vel through the anonymous, self
administered COMPASS Student Questionnairg &bnually on assessing healthatieg,
sedentary behaviour, alcohol, tobacco, and marijuana use, bullying, academic achievement,
physical activity, obesity, and school connectedness [48]. The participating students were under
the permit of the use of actimeformation, passiveonsentand parental permission protocols
[48]. Details about the dataset can be found on the study wébsite.compass.uwaterloo.ya
[49].

4.3.2 Variables of Interest

To avoid discrepancies, the dataset includes only questions from all four provinces
(Alberta, British Columbia, Ontario, and Quebec). The detailed list of final variables for each
cohort can be found in Appendix B. The following behaxéd variables were taken from each
COMPASS questionnaire domain to represent the variables used for clustering analysis.

Mental Health

The mental health category included questgunshasiiHow much do you agree with the
following statement? | can talk about my problems with my frientlee assessed responses
were fAstrongly agree, 0 Aagree, 0 fineither agre
di sagreeo. Anxi ety and de phe GenegalizedAnxgety mpt oms w
Disorder7%i t em Scale (GAD7 [54]). Fl ouriditarthi ng was n
Flourishing Scale for how students perceived their psychologicalb&glf[55]. The question
a s k ¢ddw much do you agree with the following statem@ntand the response categories
were Al | ead a purposeful and meaningful [|1ife
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rewar di ngo, A | am engaged and interested in m
happinessandweti ei ng of otherso, Al am competent and
i mportant to meo, Al am a goad npesrtsocn adbrmodu tl imy
APeople respect meo. The responses were AStro
di sagr eeo, ADi sagreeodo, and f Srelated vagablg wadthes agr e e
Center for Epidemiologic Studies Depression iRes¢ $ale (CESD) [23].

School Performance and Connectedness

The schookelated category included bullying, academic achievement, and school
connectedness scor@&illying questions were about the ways students were bullied or how they
bullied othersAn examplequestionrwas,il n t he | ast 30 days, in what
ot her students? (Mark all that apply)Anl have
example gquestion for academic achievement Wasyour current or most recent Math course,
what is your approximate overall mark? (Think abast lyear if you have not taken math this
year), with the collapsed responbeingii 8 D0 0 %0-7 0B O and #Al ess than E&
school connectedness category involved questions about the suoyaied byschools in
initiatives to ensure no one is bulliadd to givethe students the support they need to resist or
quit tobacco. The overall school connectedness score was quantified using the National
Longitudinal Study of Adolescent Health School Connectednégsbscaleranging fronb to
20, with higler scores indicating higher school connectedness [53].

Substance Use

This category included survey questi@outsmoking and tobacco use, vaping and e
cigarette use, alcohol use, cannabis use, and opioid use. An example survey gheation
cannabisusewad | f you have used marijuana or cannabi
use it? (Mark all thatapply)l have not used marijuana or cann
(Yes/No). To determine smoking and tobacco use, the questigrilwdase last 30 days, did you
use any of the following (Mark all that apply)? | have not used any of these things in the last 30
dayso (Yes/ No) . For opioid use, the question
medications TO GET HIGH? A) Oxydone (oxy, OC, APOOxyContin, percs, roxies,
OXYyNEO) 0. The r esgfidNms e |c ahtaevgeo riti¥eese rwedrochav € hd s o
in the | asandiY@8s moht havwe done this, but NOT in

Screen Time and Physical Activity

The screen time category rafedto time spenbn sedentary activities such as watching
TV, playingvideo games, surfing the internet, atmnghomework. For all the sedentary
activities, the total t i me s fHewnuchgimeperdlayy was
do you usually spend doi ng t heThépghysicabastivityg act i
category included measuring individual tisygentdoing physical activities and scheelel
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participation. The school level included questions suchlxs you participate in beforschool,

noon hour, or after school physical activities organized by your school? (e.g., intramurals, non
competitive clubs)?06. The responses were fiYes
individuaktlevel physical activity questiorasked abouhe average combined hard and moderate
physical activity per day (in minutes).

Healthy Eating
The health eating category included questamsutweekly consumption of fruit, water,
shacks, vegetables, fast food purchased, and days of diet restriction. In tHE2@itrt,

snackswererepresentebtyqu e st i ons, AFrom a usual school we
many days do you do the following? Eat snacks purchased from a vending machine, corner store,

snack bar, or canteen oopfionssanged obmprAdpeedbydo W
dayso. For vegetabl e cedYesiénpyt fiom the timé yoewokeu e s t i

up until the time you went to bed, how many servings of vegetables and fruits did you have? One
'Food Guide' serving of vegetables and fruit includes pieces of fresh vegetable or fruit, salad or

raw leafy greens, cookeddfy green vegetables, dried or canned or frozen fruit, and 100% fruit
orvegetablejuioe. The response categories ranged from

In the 202621 cohort, healthy eating responses were aggrefasst orthe total
number of days in a weeatudens participated in drinking water, eating food purchased at a fast
food place or restaurant, restricting food intake to change weight, and fruit and vegetable
consumption. An example question was, ADuring
following7Eat snacks purchased from a vending machi
a student answer ed 0Y eywt@Sundaythe tbtal sumbeuoédaysinan f r o
week of eating snacks would be seven. Skipping breakfast questions were also included. One

representative question was, #Alf you do not e
am trying to |l ose weighto (Yes/ No) .
Weight

The weightrelated category included the perspectwaveight change intention, BMI,
and weight perception. Weight change intentio
foll owing are you trying to dbeinghhose weupghwei
6Gain weightoé, 6Stay the same weightdhe and 61

derived BMI category (BMI_ACAT) is based on the WHO guidelines for ageld5years of

schootaged children and adolescents arascalculated from the valid response of sex, BMI

(numeric version), and age [b2’he BMI category was setkported by the student and

coll apsed as fAiwweemgweioghtioyveimhwealghh and obese
study. The weight perception was assessed by agikilogy do you describe your weigitThe

response categoryesecollapsed intdiunderweighd, fiabout the right weight and
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AOverweighd. Weight perception waalsoa s s e s s e d b yHow Hoeyouqleserisetyouo n , A
weight?0. The coll apsed categories were AVery
right weighto, and ASlIightly overweight/ Very

COVID-19
This domain only appeared in and after the 202Gurveylt included questions about
overall concern regarding COV4HD9, feelings about the COVHD9 pandemicits impact of
COVID-19 on personal life, and knowledge about COMI® An example of the life impacted
by COVID-19 was asked, AHow has your9? iMye sdhamsge ch
with response categorie$fil ncr eas ed o, ifStayed the same/ not
Similar questions were askedboutboredom, loneliness, anxiety, time spent with my friend in
person, anxiety, time speni video games, social media, cigarette use, vaping, alcohol and
cannabis use. To assess the knowledge about CQ9)bnequestionwash Pl ease i ndi cat
which of the following statements about COVID you think are true. (Mark all the apply) The
use of hand sanitizer (e.g., Purell) helps prevent the transmission of COVED ( Yes/ No) .

4.3.3 Data Preprocessing

The two crosssectional cohorts, 20189 and 2021, followeda complete case
approach to handle missingness. This indicates that missingness within the variables was
removed from the analysiexceptfor BMI. The missing BMI fields were classified as the
ounknowné category to avoid |l osing a | arge pr
percentage of missing cohorts 201819 and 20221 can be found iAppendixB. All data
preprocessingnd clusteringinalysesvereconducted in Python version 3.10.13.

A feature reduction step was necessary to prevent the curse of dimenstonadfyove
the | earning algorithmbs performance [22]. Du
component analysis (PCA) was not ideal for handling both quantitative and qualitative variables
[205]. Instead Factor Analysis for Mixed Data (FAMD) from the PRINCE library in Python was
applied instead. Factor analyssadimensionality reductiotechniquethat transforms the data
into low-dimensional space [206]. It combined featuresof both PCA and multiple
correspondence analysis (MCA), partially performed on continuous and categorical variables.
One study has shown that using FAMD emkans clustering achieved the highest performance
for large data sample sizes, especially when there were more catieganiadales than
continuous ones [206fFor the 201819 datasett started with the original 170 variables through
FAMD and plotted the principal component index against the explained varianc®réé@cent
thresholds have been used in studies, but retaining 70% of the variability is common when
analyzing reduced dimension quality [20The decision wat keep 112 components with an
explained variance ratio of 0.8 (80%) from the original 172 variables. The same procedure was
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applied to the 202Q1 dataset, and 100 components were retained from the original 150
variables.

K-means clustering analysis

To choose the optimal numberlgfthe elbow method through With@lusterSum of
Squared Errors (WSS) calculation combined with the Kneedle algattidirdetecs the elbow
point, the Silhouette Coefficient, and Davigsuldin (DB) Index were the main evaluation
methods to determine the number of clusfg@s]. The numbes of clustes werechosen based
on the elbow point, clusters with higher Silhouette Coefficient, and lower DB Index. The higher
Silhouette Coefficient indicates a better formation ofdlusters, and a lower DB Index was
expected to achieve a waskeparate number of clusters [102, 165means clustering was first
applied to preand postCOVID cohorts using all predictor variables. Then, it was applied a
second time, excluding the substance use variables, to define the factors associated with forming
the subcohort. The COVID-19 question regarding the increased or decreased use of substance
use variablesvere kepto observe the pandemic's impactnt€ans clustering was conducted
using ikit-learn (version 1.2.2) in the Python library.

Random Forest Model with Cluster as Outcome

The datasets with the clustering labedtermined by kmeans were split into 80%
training and 20% testing data with the cluster column as the outcome. A supervised learning
algorithm was used to explain the clustering result. The Shapely Additive exPlanations (SHAP)
values quantified howeaclaw i abl e i n the sample contributes
summary plot explained thadtorcontribution to the model prediction [208]. Additionally,
standardization was performed on the continuous vasabl ensure thesadtorswere scaled
uniformly. Since the number of samples in each cluster was imbalanced, the SMOTETomek
based resampling method was used on the training dataset to improve the accuracy of the
classifiers [209]. This method combined the SMOTE function's ovetgagrtpchnique and the
Tomek Link functionbés under s ampduesi2g9). Thetedt ni qu e
datasets remained imbalanced to avoid bias and reflect the nature of the original dataset.

For aRandomForest(RF) classifier, hyperparameter tuning through a grid search with
crossvalidation of five folds was used to capture the optimal parameter. The fold with the
maximized mean F1 score was chosen. After the hyperparameter tuning process, the random
forest classigr with the optimized parameter was used on the training dataset and tested on the
held-outtesting dataset. To evaluate the classifier performafteeghyperparameter tuning
accuracy, ROGAUC score, F1 score, precision, and teaere reportedThe SHAP plots with
the TreeExplainer functiowere generatefbr the highlevel and the sulevel clustersThe
factors were ranked in descending order based on the SHAP mean absolute values according to
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their importance in the model prediction of clustésither details on the SHAP plots are
presented in Append&. SHAP was imported into the Python environment, version 0.42.1.

Statistical Analysis of Association

The top five importantdctorsfrom each cluster based on the SHAP plots were selected
for bothmultinomialandlogistic regression analgsto assesshe strength of association
between the variable and being in each cluster group. The odds ratio and 95% CI were reported
with the pvalue significance level at$0.05. The ANOVA test was applied for the continuous
variables, and the Clsiquare test was applied for the categorical variablesation tothe
clusters. This analysmmedto understand which factor was associated with grouping students
into certain clusters relative to others. This analysis was conducted in the SASEhteiprise
Edition).

4.4 Results

4.4.1 DescriptiveStatistics

Tables4.1 and4.2 display the descriptive statistics of the 2ai8and 20221 cohorts.
The chosen variables were the representative questions mentioned in the predictor of interest
section, including academic achievement, substance use, bullying, healthy eating, physical
activity, school connectedness, screen time and weight. Demographic variables, including age,
ethnicity, and gender, were also included. In the 2D 8ohort, among the 74501 original
samples, we had 32899 complete case records. ROR®@21 cohortthere were total of 2863
complete case records from the original 534&8ples

Table4.1 DescriptiveStatistics of COMPASStudy Cohort 201819

Variable Category Total (N=74501)
N (%) or Mean (SD)
Age
Mean (SD) 15.2 (1.5)
Missing 541 (0.7)
Biological Sex
Female 36546 (49.1)
Male 37126 (49.8)
Missing 829 (1.1)
Province
AB 3301 (4.4)
BC 10402 (14.0)
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Ethnicity

School Connectedness Score

Math Grade

Experienced Bullying in the Last 30 Days

Marijuana or Cannabis Use

Smoking and Tobacco Use

BMI Status

Weight Perception

Weight Change Intention

ON
QC

White
Nonwhite

Missing

SchootRelated

Mean (SD)

Missing

807 100%
507 70%
Less than 50%
Missing

Yes
No

SubstanceUse

Yes
No
Missing

Yes
No
Missing

Weight-Related

Underweight
Healthy Weight

Overweight and Obese

Missing

Underweight

About the Right Weight

Overweight
Missing

Lose weight
Gain weight

Stayed thesame weight

48

30675 (41.2)
30123 (40.4)

56021 (75.2)
17818 (23.9)

662 (0.9)

18.5 (3.4)
3088 (4.1)

35099 (47.1)
33073 (44.4)
2757 (3.7)
3572 (4.8)

13449 (18.1)
61052 (81.9)

19334 (26.0)
53965 (72.4)
1202 (1.6)

15815 (21.7
58110 (78.0)
576 (0.8)

1397 (1.9)
39388 (52.9)
12709 (17.1)
21007 (28.2)

12140 (16.3)

43893 (58.9)
17038 (22.9)

1430 (1.9)

22587 (30.3)
11492 (15.4)
16593 (22.3)



Not trying to do anything
Missing

Screen Time
Watching TV: Minutes per day
Mean (SD)
Missing
Surfing Internet (Minutes per day)
Mean (SD)

Missing

Doing Homework (Minutes per day)
Mean (SD)
Missing

Physical Activity
Participation in School Competitive Sport
Yes
No

None offered at my school
Missing
Combined and Moderate Physical Activity (Minute per day)

Mean (SD)
Missing

Healthy Eating
Skipped Breakfast for Losing Weight
Yes
No

Snack Consumption (0- 5 days)
Mean (SD)
Missing

Sugary Beverages Consumption (D 5 days)
Mean (SD)
Missing
Meat and Alternatives (07 5 or more servings)
Mean (SD)

Missing

Vegetables and Fruits (' 9 or more servings)
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22462 (30.1)
1367 (1.8)

113.3 (94.2)
602 (0.8)

116.6 (117.4)
602 (0.8)

90.0 (82.1)
602 (0.8)

26267 (35.3)
45996 (61.7)

1075 (1.4)
1163 (1.6)

108.2 (82.6)
1777 (2.4)

3687 (4.9)
70814 (95.1)

0.4 (1.0)
2240 (3.0)

1.4 (1.6)
2337 (3.1)

2.1(1.2)
2833 (3.8)



Mean (SD) 3.0 (2.0)
Missing 2822 (3.8)
Mental Health
Mental Well-being (Flourishing) Mean (SD) 32.2 (5.7)
Missing 4486(6.0)
Anxiety (GAD7) Mean (SD) 6.1 (5.6)
Missing 6216(8.3)

Table4.2 DescriptiveStatistics of COMPASStudy Cohort 202621

Variable Category Total (N=53469)
N (%) or Mean (SD)
Age
Mean (SD) 15.0 (1.5)
Missing 733(1.4)
Gender
Female 26981 (50.5)
Male 23658 (44.2)
GendefMinority 2046 (3.8)
Missing 784 (1.5)
Province
AB 2282 (4.3)
BC 5460 (10.2)
ON 14040 (26.3)
QC 31687 (59.3)
Ethnicity
White 42076 (78.7)
Non-White 10511 (19.7)
Unknown/Missing 882 (1.6)
SchootRelated
School Connectedness Score
Mean (SD) 18.5 (34)
Missing 6142 (11.5)
School Marks
8071 100% 26431 (49.4)
5071 70% 20495 (38.3)
Less than 50% 486 (0.9)
Missing 6057 (11.3)
Experienced Bullying in the Last 30 Days
Yes 4554 (8.5)
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No

Missing

COVID-19
Life Changed Due to COVID-19: Boredom
Increased
Stayed the same
Decreased
Missing

Life Changed Due to COVID-19: Stress
Increased
Stayed the same
Decreased
Missing

Life Changed Due to COVID-19: Sleep
Increased
Stayed the same
Decreased

Missing

Life Changed Due to COVID-19: Cannabis Use
Increased
Stayed the same
Decreased

Physical Activity
Participation in School Competitive Sport
Yes
No
None offered at my school
Missing

Average combined physical activity per day
Mean (SD)
Missing

Screen Time
Watching TV (Minutes per day)
Mean (SD)

Missing

Surfing Internet (Minutes per day)
Mean (SD)
Missing

Doing Homework (Minutes per day)
Mean (SD)
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41365 (77.4)
7550 (14.1)

32635 (61.0)
12112 (22.7)

2055 (3.8)
6667 (12.5)

22761 (42.6)
21667 (40.5)
2462 (4.6)
6579 (12.3)

12564 (23.5)
19386 (36.3)
14774 (27.6)
6745 (12.6)

2847 (5.3)
45393 (84.9)
5229 (9.8)

12911 (24.1)
33178 (62.1)
3164 (5.9)
4216 (7.9)

93.2 (80.1)
6130 (11.5)

119.3 (113.7)
3080(5.8)

120.9 (138.0)
3080(5.8)

90.7 (91.3)



Missing

Healthy Eating

Fast Food Purchased in the Past Week (Numbers of days)

Mean (SD)
Missing

Snacks Consumption in the Past Week (Numbers of days)

Mean (SD)
Missing

Vegetable Consumption in the Past WeefNumbers of days)

Mean (SD)
Missing

Fruit Consumption in the Past Week (Numbers of days)

Smoking and Tobacco Use

Marijuana or CannabisUse

BMI Status

Weight Perception

Weight Change Intention

Mean (SD)

Missing

Substance Use

Yes
No
Missing

Yes
No
Missing

Weight-Related

Underweight
Healthy Weight
Overweight and Obese
Missing

Underweight
About the Right Weight
Overweight
Missing

Lose weight

52

3080(5.8)

1.1 (1.3)
5257(9.8)

0.6 (1.3)
5257 (9.8)

5.1 (2.5)
5257 (9.8)

4.8 (2.6)
5257 (9.8)

8029 (15.0)
41353 (77.3)
4087 (7.6)

8752 (16.4)
40154 (75.1)
4563 (8.5)

701 (1.3)
21335 (39.9)
5725 (10.7)
25708 (48.1)

8197 (15.3)

31782 (59.4)

11587 (21.7)
1903 (3.6)

16748 (31.3)



Gain weight 6645 (12.4)
11274 (21.1)

17116 (32.0)

Stayed the sameeight
Not trying to do anything

Missing 1686 (3.2)
Mental Health
Mental Well-being (Flourishing)
Mean (SD) 31.6(6.1)
Missing 6181(11.6)
Anxiety (GAD7) Mean (SD) 7.1(5.9)
Missing 7032 (13.2)

4.4.2K-means Clustering and Model Performance

Table4.3 preserd the Silhouettecoefficientand DB index for determining the numbers
of k in both highlevel and subevel clusters. The sutluster kmeans were not performed on
the highlevel Cluster 1 in 20189 and higHevel Cluster 2 in 202@1 cohorts since these two
cohorts were consideredgh-risk in substance use. The purpose ofsluster kmeans was to
investigate other important variables that affect the rest of the cluctdie. 4.4 showthe
model performance using clusters as labels irRthenodel.

Table4.3 Cohors 201819 and 202621 K-meansClusteringResult

Cohort (Pre- | High- Number of | Silhouette Davied Sub-Cluster Number of Silhouette Davieg
COVID) Level Students in | Coefficient Bouldin Students in Coefficient Bouldin
Cluster High-Level | High-Level Index Sub-cluster N | High-Level Index (Sub-
Cluster N (High-Level) | (High- (%) (Sub-Cluster) | Cluster)
(%) Level)
201819 Cluster 0 | 24328 0.16 2.81 0 5464 (22.46) | 0.0073 4.30
(N=32899) (73.95) 1 3630 (14.92)
2 683 (2.81)
3 8,163(33.55)
4 6,383 (26.24)
Cluster 1 | 155 (0.47) N/A N/A N/A N/A
Cluster 2 | 8416 0 891 (10.59) 0.0247 4.42
(25.58) 1 1375 (16.34)
2 2432 (28.90)
3 3718 (44.18)
202021 Cluster 0 | 343% 0.16 2.81 0 1136 (33.07) | 0.0040 4.66
(N=28613) (12.01) 1 834 (24.28)
2 474 (13.80)
3 860 (25.04)
4 132 (3.84)
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Cluster 1 | 14692 0 5197 (35.37) | 0.0676 4.18
(51.35) 1 1228 (8.36)
2 8267 (56.27)
Cluster 2 | 56 (0.20) N/A N/A N/A N/A
Cluster 3 | 10429 0 898 (8.61) 0.0436 4.44
(36.45) 1 3479 (33.36)
2 5100 (48.90)
3 952 (9.13)
1 N/A represents the higlevel clusters without the suduster analysis
Table4.4 Model Performance foRandomForestM odel
Cohort Cluster Accuracy Precision | Recall F1 score | ROC-AUC
201819 High-Level 0.97 0.98 0.85 0.90 0.92
(N=32899) (All)
High-Level 0.90 0.93 0.89 0.90 0.93
Cluster 0:
SubClusters
High-Level N/A N/A N/A N/A N/A
Cluster 1:
SubClusters
High-Level 0.89 0.91 0.88 0.89 0.91
Cluster 2:
SubClusters
202021 High-Level 0.96 0.97 0.88 0.91 0.92
(N=28613) (Al
High-Level 0.84 0.88 0.78 0.81 0.87
Cluster 0:
SubClusters
High-Level 0.94 0.96 0.95 0.95 0.95
Cluster 1:
SubClusters
High-Level N/A N/A N/A N/A N/A
Cluster 2:
SubClusters
High-Level 0.92 0.95 0.93 0.94 0.95
Cluster 3:
SubClusters

L N/A represents the higlevel clusters without the stluster analysis
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4.4.3 High-Level Clustering Analysis Interpretation in 201819 and 202621

The response categories were chosen from the top five impftatémtsbased on the
SHAP plot for all the higHevel clusters in the 20189 and 20221 cohorts.

In the preCOVID cohort(201819), we discovered that the categories that most
discriminativewere substance use and mental health categories. Substance use categories
included cannabis use, smoking and tobacco use, and opioid use. Based o#.3 dblester 1
students were highisk with substance ug87.7 % of usingnarijuana or cannaljisompared to
Cluster 0, who were primarily nesubstance users (82.1% of not using marijuana or cannabis)
and Cluster 2, who weleetween moderate and highbstance users in a few related categories
(77.2% of using marijuana or cannabis). In the mental health categories, Cluster 1 students had
the highest responses in feeling depressed in the last seven days (34.2%) and did not feel
comfortable talking to an adult at school (28.4%) compared to 5.9%%56% in Cluster O.

Notably, only 05% of students were in Cluster 1, and most (73.9%) were in Cluster 0.

To understand how each factor influenced the likelihood of being in one cluster relative
to the cluster with the most studeritsgisticRegressiowas appliedo compare Cluster 1 and
Cluster 0. Tabld.5.1 shows thatrelative to Cluster 0, using marijuana or cannabis in the last 12
monthswas associated witP0.08 times increased odds of being in Cluster 1. Additionally,
students who felt depressed for Slays in the last 7 days had 26.81 times higher odds of being
in Cluster 1 relative to those whotfelepressed for none or less than 1 day. Students who
refused to discuss their mental health due to uncomfortableness also had an increased likelihood
of 2.16 times being in Cluster 1 than the ones who did not choose these responses.

Table4.6represents the characteristics of highel clusters in theostCOVID (2026
21) cohort. Similar to the pr€OVID cohort, substance use was also the most distinguished
factor, separating Cluster 2 from the other clusters. For instance, Cluster 2 was the only one that
80.4% of students who tried Fentanyl to get higthenlast 12 months. In the mental health
category, students in Cluster 2 had the highest response in disagreement; 57.1% of them
indicatedthey could not talk about their problemgwheir family relatives, while Cluster 1
only had 18.0% in this response. Due to the extremely small number of students in Cluster 2
(0.2%),there wasiotenough sample size to perform a logistic regression nfodile post
COVID clusters since the maximum likelihood estimate would not be applicable.
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Table4.5High Level Cluster Year 20189

Top FiveFactors

N (%) Cluster 0 Cluster 1 Cluster 2 Total P-value
N=24328 (73.9) N=155 (05) N=8416 (25.6) N=32899 (100)
Cannabis Use
Not used marijuana @annabis in the last 12 months <.000%
No 4361 (17.9) 136 (87.7) 6500 (77.2) 10997 (33.4)
Yes 19967 (82.1) 19 (12.3) 1916 (22.8) 21902 (66.6)
Used marijuana or cannabis by eating or drinking it <.000%
No 24083 (99.0) 40 (25.8) 6165 (73.3) 30288 (92.1)
Yes 245 (1.0) 115 (74.2) 2251 (26.7) 2611 (7.9)
Used marijuana or cannabis by smoking <.000%
No 23212 (95.4) 30 (19.4) 2735(32.5) 25977 (79.0)
Yes 1116 (4.6) 125 (80.6) 5681 (67.5) 6922 (21.0)
Difficult or easy for you to get marijuana <.000%
Difficult 2620 (10.8) 7 (4.5) 247 (2.9) 2874 (8.7)
Easy 9733 (40.0) 142 (91.6) 7198 (85.5) 17073 (51.9)
| do notknow 11975 (49.2) 6 (3.9) 971 (11.5) 12952 (39.4)
Smoking and Tobacco Use
Not used any smoking and tobacco use in the last 30 days <.000%
No 2420 (9.9) 126 (81.3) 6161 (73.2) 8707 (26.5)
Yes 21908 (90.1) 29 (18.7) 2255(26.8) 24192 (73.5)
Used blunt wraps in the last 30 days <.000%
No 24319 (100.0) 42 (27.1) 7995 (95.0) 32356 (98.3)
Yes 9 (0.0) 113 (72.9) 421 (5.0) 543 (1.7)
Used cigars in the last 30 days <.000%
No 24290(99.8) 33 (21.3) 7802 (92.7) 32125 (97.6)
Yes 38 (0.2) 122 (78.7) 614 (7.3) 774 (2.4)
Mental Health
| felt that everything | did was an effort in the last 7 days <.000%
None orlessthan 1 11299 (46.4) 72 (46.5) 2576 (30.6) 13947 (42.4)
day
17 4 days 10788 (44.3) 33 (21.3) 4672 (55.5) 15493 (47.1)
51 7 days 2241 (9.2) 50 (32.3) 1168 (13.9) 3459 (10.5)
| felt depressed in the last 7 days <.000%
None or lessthan1 15238 (62.6) 64 (41.3) 3053(36.3) 18355 (55.8)
day
17 4 days 7653 (31.5) 38 (24.5) 3691 (43.9) 11382 (34.6)
51 7 days 1437 (5.9) 53 (34.2) 1672 (19.9) 3162 (9.6)
Refused talk about mental health with an adult at school: <.0002%
Word would get out
No 20690 (85.0) 118 (76.1) 5741 (68.2) 26549 (80.7)
Yes 3638 (15.0) 37 (23.9) 2675 (31.8) 6350 (19.3)
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Refused talk about mental health with an adult at school: <.000%
No one | feel comfortable talking to

No 20522 (84.4) 111 (71.6) 6241 (74.2) 26874 (81.7)

Yes 3806 (15.6) 44 (28.4) 2175 (25.8) 6025 (18.3)

IChi-Squarep-value;

Table4.5.1 Logistic Regression Analysis

High Level Cluster 20189
OR (95% CI)

Top Five Factors Category Cluster 0 Cluster 1

Not used marijuana or cannabis in the last 12 months

No Ref 20.08 (11.87 35.21) ***
Yes Ref Ref
Difficult or easyfor you to get marijuana
Difficult Ref 7.50 (2.017 27.58) ***
Easy Ref 19.33 (7.37 50.71) ***
| do not know Ref Ref

Not used any smoking and tobacco use in the last 30 days

No Ref 22.80 (13.78 37.72) ***
Yes Ref Ref
| felt that everything | did was an effort in the last 7 days
None or less than 1 Ref 0.79 (0.42 1.49)
day
17 4 days Ref 0.27 (0.14i 0.53) ***
51 7 days Ref Ref
| felt depressed in the last 7 days
None or less than 1 Ref Ref
day
17 4 days Ref 2.20 (1.28 3.76) ***
51 7 days Ref 26.81 (13.17 54.59) ***

Refused talk about mental health with an adult at school:
No one | feel comfortable talking to
No Ref Ref
Yes Ref 2.16 (1.27 3.66) ***

P<0.0001 ***, P<0.01 **, P<0.05 *
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Table4.6. High Level Cluster Year 20201
Top FiveFactors

N (%) Cluster 0 Cluster 1 Cluster 2 Cluster 3 Total P-value
N=3436 N=14692 N=56 N=10429 N=28613
(12.0) (51.3) (0.2) (36.4) (100)
Academic Achievement
Highest Education you Would Like to Get <.0002%
Not University 1403 (40.8) 2916 (19.8) 32 (57.1) 2479 (23.8) 6830 (23.9)
University and 1535 (44.7) 8098 (55.1) 15 (26.8) 6410 (61.5) 16058 (56.1)
higher
I donot 498 (14.5) 3678 (25.0) 9(16.1) 1540 (14.8) 5725 (20.0)
Alcohol Use
5 Drinks or More in the Last 12 months <.000%
Non drinker 619 (18.0) 14605 (99.4) 2(3.6) 5680 (54.5) 20906 (73.1)
More than once 2817 (82.0) 87 (0.6) 54 (96.4) 4749 (45.5) 7707 (26.9)
Age of First Alcohol Drink <.000%
No drinker 251 (7.3) 13918 (94.7) 2(3.6) 871 (8.4) 15042(52.6)
Less than 18 3185 (92.7) 766 (5.2) 54 (96.4) 9535 (91.4) 13540 (47.3)
18 and older 0 (0.0) 8(0.1) 0 (0.0) 23 (0.2) 31(0.1)
Cannabis Use
Difficult or Easy to get marijuana <.000%
Difficult 147 (4.3) 2397 (16.3) 2(3.6) 1188(11.4) 3734 (13.1)
Easy 2848 (82.9) 2352 (16.0) 49 (87.5) 5107 (49.0) 10356 (36.2)
| do not know 441 (12.8) 9943 (67.7) 5(8.9) 4134 (39.6) 14523 (50.8)
Risk of cannabis use <.000%
No or low risk 2765 (80.5) 4884 (33.2) 40 (71.4) 6141 (58.9) 13830 (48.3)
Medium or high 595 (17.3) 8518 (58.0) 13 (23.2) 4031 (38.7) 13157 (46.0)
risk
I donot 76 (2.2) 1290 (8.8) 3(5.4) 257 (2.5) 1626 (5.7)
Smoking and Tobacco Use
| have not Use Smoking or Tobacco in the last 30 days <.0002%
No 923 (26.9) 16 (0.1) 35 (62.5) 66 (0.6) 1040 (3.6)
Yes 2513 (73.1) 14676 (99.9) 21 (37.5) 10363 (99.4) 27573 (96.4)
Opioid Use
Tried Fentanyl to Get High in the last Mbnths <.000%
No 3355 (97.6) 14670 (99.9) 11 (19.6) 10414 (99.9) 28450 (99.4)
Yes 81 (2.4) 22 (0.1) 45 (80.4) 15 (0.1) 163 (0.6)
Tried Pain Relievers to Get High in the last 12 Months <.000%
No 2881 (83.8) 14261 (97.1) 13 (23.2) 10045(96.3) 27200 (95.1)
Yes 555 (16.2) 431 (2.9) 43 (76.8) 384 (3.7) 1413 (4.9)
Tried Oxycodone to Get High in the Last 12 Months <.000%
No 3274 (95.3) 14670 (99.9) 12 (21.4) 10412 (99.8) 28368 (99.1)
Yes 162 (4.7) 22 (0.1) 44 (78.6) 17(0.2) 245 (0.9)
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Mental Health

My Parent Expect Too Much of Me <.000%
Agree 1332 (38.8) 3519 (24.0) 31 (55.4) 2958 (28.4) 7840 (27.4)
Neither agree 1169 (34.0) 5399 (36.7) 9 (16.1) 3744 (35.9) 10321 (36.1)
nor disagree
Disagree 935(27.2) 5774 (39.3) 16 (28.6) 3727 (35.7) 10452 (36.5)
| Can Talk About My Problemith My Family <.000%
Agree 1496 (43.5) 9257 (63.0) 19 (33.9) 5686 (54.5) 16458 (57.5)
Neither agree 809 (23.5) 2793 (19.0) 5 (8.9) 2266(21.7) 5873 (20.5)
nor disagree
Disagree 1131 (32.9) 2642 (18.0) 32 (57.1) 2477 (23.8) 6282 (22.0)
| Can Talk About My Problemwith My Friends <.000t
Agree 2525 (73.5) 10494 (71.4) 25 (44.6) 7907 (75.8) 20951 (73.2)
Neither agree 546(15.9) 2720 (18.5) 10 (17.9) 1505 (14.4) 4781 (16.7)
nor disagree
Disagree 365 (10.6) 1478 (10.1) 21 (37.5) 1017 (9.8) 2881 (10.1)
| Have a Happy Home Life <.000%
Agree 2099 (61.1) 12399 (84.4) 23 (41.1) 8093 (77.6) 22614 (79.0)
Neither agree 819 (23.8) 1739 (11.8) 9 (16.1) 1622 (15.6) 4189 (14.6)
nordisagree
Disagree 518 (15.1) 554 (3.8) 24 (42.9) 714 (6.8) 1810 (6.3)
COVID
Life Changed due to COVH19: My Boredom <.000%
Increased 2824 (82.2) 9300 (63.3) 37 (66.1) 8133(78.0) 20294 (70.9)
Stayed the same 531 (15.5) 4617 (31.4) 9 (16.1) 2046 (19.6) 7203 (25.2)
Decreased 81 (2.4) 775 (5.3) 10 (17.9) 250 (2.4) 1116 (3.9)
Health Eating
I dondét Have for Breakfast <.000%
No 2558 (74.4) 13030 (88.7) 42(75.0) 8667 (83.1) 24297 (84.9)
Yes 878 (25.6) 1662 (11.3) 14 (25.0) 1762 (16.9) 4316 (15.1)

IChi-Squarep-value

4.4.4 SubLevel Clustering Analysis Interpretation in 201819 and 202621
To understand what other factors besides substance esp r e sent t he studer
before and after COVIEL9, k-means clustering was applied to higlel Cluster 0 and 2
separately, excluding the substamekated variables in pr€OVID (201819). The evaluation
methods defined five sufdusters undehigh-level Cluster O (Tablé.5.2) and four sukclusters
under highlevel Cluster 2 (Tabld.5.3.

In thepostCOVID (2020321), five subclusters were generated under highel Cluster
0 (Table4.6.1), three sufzlusters under higlevel Cluster {Table4.6.2), and four sufzlusters
under highlevel Cluster 3 (Tabld.6.3. The factors chosen for all sihusters were also the top
five important variables based on the SHAP plots.
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Multinomial logistic regressiowas appliedo identify the factors influencing the
probability of being in a specific cluster. The stlbsters with the highest numbers of students
were chosen as the reference group. Relative to the reference group, the compeaiuestessb
were either represeniat or hadcharacteristiceppositeto thoseof the other suelusters.For
example, irhigh-level cluster 0 (201-8.9), most students (33.6%) were in slibster 3, so this
sub-cluster was the reference group.edf the predictors was bullying others in cyb#acks.
SubCluster 0 had none in bullying others, while Stibister 2 was the only one that had 9.4%
participating in bullying others. Additionally, SuBluster 2 had the highest proportion (14.0%)
with nophysically active friends. In comparison, SGhluster O had the highest number of
students with more than 5 physically active friends (59.2%) and the mean score of school
connectedness (22.5). The rest of thedubters were similar to Se®luster 0. Tlerefore, Sub
Cluster 0 and 2 were selected to observedlaionshipbetween the predictors and stibisters
referencing SuiCluster 3.

This selection process was applied to all-sluster analyses in the 2018 and 20221
cohorts. For the predictors that involved derived variables, sunm@aspensurfing the internet
in minutes or hours or stduestions used for calculating the school connectedness score, the
derived variables were included in the regression analysis. The interpretation ofcilsebs
focused on the significana¢torsfrom the multinomial logistic regression.

4.4.4.1Pre-COVID (2018-19)

Sub-clusters from high-level Cluster Q

The reference cluster was SGhuster 3 (N=8168), and the comsamgroups were Sub
Cluster 0 (N=5464) and StDluster 2 (N=683). Tablé.52.1 shows that the top five variables
came from categories of academic achievement, screen time, bullying, healthy eating, physical
activity, school connectedness, and weight. Students who-tZxclasses skipped in the last 4
weeks (OR=1.27, 95% CI £04- 1.56), often or usually with incomplete homework (OR=1.83,
95% CI = 1.42 2.38), and bullied by other students (OR = 10.08, 95% CI =-6188B2) were
more likely to be in SulCluster 2 than students who never skipped class, cordpietie
homeworkall the time, andlid not experience bullying. In contrast, students with greater
involvement in taking physica&ducatiorclasses at school (OR = 1.52, 95% CI = 1.24)
and increased school connectedness score (OR = 2.44, 95% CIl-2Z&3phad a higher
likelihood of being in SuLIuster 0 On the other handfwglents who tried to lose weight (OR
0.53, 95% CI = 0.450.63)andperceived theischool were unsupportive in resisting tobacco
(OR =0.35, 95% CI = 0.300.40), access to healthy food/drinks (OR = 0.63, 95% CI =-0.51
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0.78), and making sure no one was bullied (OR = 0.59, 95% CI = 0.44) were less likely to
be in SubCluster 0.

Sub-clusters from high-level Cluster 2:

As shown in Tabld.5.3.] the reference cluster was SGhuster 3 (N=3718), and the
comparsongroups were Sulluster 1 (N=1375) and SuBluster 2 (N=2432). Compared with
the subclusters in higHevel Cluster 0, webserved similar effect in academic achievement
and bullying categories. Students who skipped more than 20 classes with incomplete homework
and were bullied by others had higher odds of being in@Buster 1 than studentsw did not
participatein these activities.

Additional categories in this sutuster involved schoetonnected scores, weight
perception and weight intention changeone-unit increase in school connectedness score
resulted in a 21% decrease in being in-8lister 1 (OR = 0.69, 95 % Cl = 0.60.71) and a
50% increase in being in Sutluster 2 (OR = 1.50, 95 % CI = 1.48.55). This indicated that
SubCluster 2 students had higher scores in school connectedness than the onesSlustSuli.
Among the weightelated variables, students who maved themselves as underweight (OR =
1.86, 95% CI = 1.442.40) or overweight (OR =1.61, 95% CI = 1-3693) had a higher
likelihood of being in SWLIuster 1 than those with about the right weight perception. Students
who intended to lose weight weatso more likely to be classified in S@uster 1 relative to
not doing anything about their weights (OR = 1.26, 95% CI =11038).

Table4.5.2Cluster O Sub Cluster Year 2018
Top FiveFactors

N (%) Sub Cluster Sub Cluster Sub Cluster Sub Cluster Sub Cluster Total P-value
0 1 2 3 4 N=24328
N=5464 N=3630 N=683 N=8168 N=6383 (100)
(22.5) (14.9) (2.8) (33.6) (26.2)
Screen: Homework
Doing Homework: Minutes per day <.000%
Mean 954 111.2 87.5 116.8 73.2 98.9
(SD) (718) (921) (77.4) (81.7) (551) (77.02)

Academic Achievement
N of class skipped in the last 4 weeks <.000%

zero class 4500 (82.4) 2636 (72.6) 506 (74.1) 6623 (81.1) 4217 (66.1) 18482(76.0)
1-20 classes 946 (17.3) 980 (27.0) 174 (25.5) 1537 (18.8) 2136 (33.5) 5773 (23.7)
More than 18 (0.3) 14 (0.4) 3(0.4) 8 (0.1) 30 (0.5) 73 (0.3)
20 classes
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Homework Incomplete

Never 2311 (42.3)

Seldom 2585 (47.3)

Often of 568 (10.4)
usually

Overall mark in Math
80-100% 3535 (64.7)
50-70% 1864 (34.1)
Lessthan 65 (1.2)
50%

767 (21.1)
1791 (49.3)
1072 (29.5)

1992 (54.9)
1535 (42.3)
103 (2.8)

Bullied others in Cyber Attacks

No 5463
(100.0)
Yes 1(0.0)

3629
(100.0)
1 (0.0)

Bullied others in Verbal Attacks

No 5463
(100.0)
Yes 1(0.0)

3627
(99.9)
3(0.1)

Bullied By others in Cyber Attacks

No
Yes

5438 (99.5)
26 (0.5)

3429 (94.5)
201 (5.5)

Eat lunch at school in cafeteria

None 3366 (61.6)
1-5 2098 (38.4)
days

2229 (61.4)
1401 (38.6)

N of physically active closest friend

No
friends
Less than 2051 (37.5)
5 friends
More
than 5
friends

179 (3.3)

3234 (59.2)

510(14.0)
2341 (64.5)

779 (21.5)

Taking Physical Class at School

124 (18.2)
360 (52.7)
199 (29.1)

428 (62.7)
245 (35.9)
10 (1.5)

2197 (26.9)
4521 (55.4)
1450 (17.8)

5207 (63.7)
2842 (34.8)
119 (1.5)

Bullying

619
(90.6)
64 (9.4)

124
(18.2)
559 (81.8)

628 (91.9)
55 (8.1)

8168
(100.0)
0 (0.0)

8168
(100.0)
0 (0.0)

8079 (98.9)
89 (1.1)

Healthy Eating

421(61.6)
262 (38.4)

4941 (60.5)
3227 (39.5)

Physical Activity

47 (6.9)
353 (51.7)

283 (41.4)

517 (6.3)
4831 (59.1)

2820 (34.5)
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1449 (22.7)
3766 (59.0)
1168 (18.3)

3727 (58.4)
2589 (40.6)
67(1.0)

6383
(100.0)
0 (0.0)

6383
(100.0)
0 (0.0)

6360 (99.6)
23 (0.4)

4177 (65.4)
2206 (34.6)

316 (5.0)
3429 (53.7)

2638 (41.3)

6848 (28.1)
13023 (53.5)
4457 (18.3)

14889 (61.2)
9075 (37.3)
364 (1.5)

24262
(99.7)
66 (0.3)

23765
(97.7)
563 (2.3)

23934 (98.4)
394 (1.6)

15134 (62.2)
9194 (37.8)

1569 (6.4)
13005 (53.5)

9754 (40.1)

<.000E

<.000F

<.000F

<.000F

<.000F

<.000E

<.000F

<.000F



Yes,
taking
this term
Yes,
taking
this year
No

3781 (69.2) 1655 (45.6) 377 (55.2) 2882 (35.3)

765 (14.0) 522 (14.4) 107 (15.7) 1523 (18.6)

918 (16.8) 1453 (40.0) 199 (29.1) 3763 (46.1)

School Connectedness

School Connectedness Score

Mean 22.5(17) 16.2(2.9) 18.63.0 18.7 (1.9)
(SD)
School Support: Resist/Quit Tobacco
Very 4540 (83.1) 1333 (36.7) 325 (47.6) 4466 (54.7)
supportive
924 (16.9) 2297 (63.3) 358 (52.4) 3702 (45.3)
Unsupporti
ve
School Support: Access to Healthy Food/Drinks
Very 5084 (93.0) 2455 (67.6) 503 (73.6) 6533 (80.0)
supportive
Unsupporti 380 (7.0) 1175(32.4) 180 (26.4) 1635 (20.0)
ve
School Support: No one is bullied
Very 5195 (95.1) 1921 (52.9) 411 (60.2) 6254 (76.6)
supportive
Unsupporti 269 (4.9) 1709 (47.1) 272 (39.8) 1914 (23.4)
ve
School Support: Physically Active Opportunities
Very 5358 (98.1) 3105 (85.5) 631 (92.4) 7793 (95.4)
supportive
Unsupporti 106 (1.9) 525 (14.5) 52 (7.6) 375 (4.6)
ve
Screen Time

Online Gambling in the last 30 days

Yes 66 (1.2) 40 (1.1) 16 (2.3) 89 (1.1)

No 5398 (98.8) 3590 (98.9) 667 (97.7) 8079 (98.9)

Weight

Weight Change Intention
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5774 (90.5)

329 (5.2)

280 (4.4)

18.9 (1.9)

3988 (62.5)

2395 (37.5)

5311 (83.2)

1072 (16.8)

5458 (85.5)

925 (14.5)

5884 (92.2)

499 (7.8)

49 (0.8)
6334 (99.2)

14469 (59.5)

3246 (13.3)

6613 (27.2)

19.2 (2.9)

14652 (60.2)

9676 (39.8)

19886 (81.7)

4442 (18.3)

19239 (79.1)

5089 (20.9)

22771 (93.6)

1557 (6.4)

260 (1.1)
24068 (98.9)

<.0001

<.000E

<.000F

<.000E

<.000F

0.0019

<.000F



Lose 975 (17.8) 1702 (46.9) 210(30.7) 2989 (36.6) 917 (14.4) 6793 (27.9)
weight
Gain 816 (14.9) 339(9.3) 144 (21.1) 1321 (16.2) 510 (8.0) 3130 (12.9)
weight
Stay the 1589 (29.1) 595 (16.4) 143(20.9) 1685 (20.6) 2199 (34.5) 6211 (25.5)
same

Not 2084 (38.1) 994 (27.4) 186 (27.2) 2173 (26.6) 2757 (43.2) 8194 (33.7)
doing

anything

about

weight

IANOVA F-test pvalue;?Chi-Square pvalue

Table4.5.2.1 Multinomial LogisticRegression Analysis
Sub Cluster from Cluster (@01819)

OR (95% Cl)

Top 5 Factors Category Sub Cluster 0 Sub Cluster 2 Sub Cluster 3

N of class skipped in the last 4 weeks

Zero class Ref Ref
1-20 classes 0.71 (0.59 0.86) * 1.27 (1.04i 1.56) *
More than 1.82 (0.20' 16.97) 3.20 (0.73 14.08)
20 classes
Homework Incomplete
Never Ref Ref
Seldom 0.48 (0.42 0.56) **=* 1.25 (1.0G' 1.56)

Often of usually 0.45 (0.36' 0.55) *** 1.83 (1.420 2.38) ***

Overall mark in Math

80-100% Ref Ref
50-70% 1.28 (1.12 1.48) ** 0.86 (0.72 1.04)
Less than 50%  2.12 (1.200 3.75) * 0.78 (0.38 1.59)
Bullied By others in Cyber Attacks
No Ref Ref
Yes 0.52 (0.27 1.01) 10.08 (6.85 14.82) ***

N of Physically Active Closest Friend
No friends 0.75 (0.55 1.03) 1.34 (0.94i 1.91)
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Less than 5
friends
More than 5
friends

Taking Physical Class at School
Yes, taking this
term
Yes, taking this
year
No

School Connected Score
School Support: Resist/Quit Tobacco

Very supportive
Unsupportive

0.63 (0.55 0.72) ***

Ref

1.78 (1.50° 2.10)
1.52 (1.261 1.84) ***
Ref
2.44 (2.36 2.53) ***

Ref
0.35 (0.30° 0.40) ***

School Support: Access to Healthy Food/Drinks

Very supportive
Unsupportive

School Support: No one is Bullied
Very supportive
Unsupportive

Weight Change Intention
Lose weight
Gain weight
Stay the same
Not doing
anything about
weight
P<0.0001 ***, P<0.01 **, P<0.05 *

Ref
0.63 (0.517 0.78) **=*

Ref
0.59 (0.47 0.74) **=*

0.53 (0.45 0.63) ***
0.85 (0.69 1.03)
0.90 (0.75 1.07)

Ref
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0.98 (0.8% 1.17)

Ref

1.26 (1.02 1.57)
0.96 (0.73 1.25)
Ref
1.03 (0.99 1.97)

Ref
1.04 (0.861 1.26)

Ref
1.13 (0.92 1.39)

Ref
2.02 (1.72Z 2.57) **=

1.19 (0.95 1.49)

1.06 (0.82 1.36)

1.10 (0.86 1.41)
Ref

Ref

Ref

Ref

Ref

Ref

Ref

Ref
Ref

Ref
Ref

Ref
Ref

Ref
Ref
Ref
Ref



Table4.5.3 Cluster 2 Sub Cluster Year 2018
Top FiveFactors

N (%)
Cluster 0 Cluster 1 Cluster 2 Cluster 3 Total P-value
N=891 N=1375 N=2432 N=3718 N=8416
(10.6) (16.3) (28.9) (44.2) (100)
Screen: Homework
Doing Homework: Minutes per day <.000t
Mean (SD) 69.5(72.7) 83.6(85.5) 66.4(66.8) 82.6 (707) 76.7 (729)
Academic Achievement
N of class skipped in the last 4 weeks <.000F
zero 365 (41.0) 586 (42.6) 1209 (49.7) 1487 (40.0) 3647 (43.3)
class
1-20 507 (56.9) 743 (54.0) 1205 (49.5) 2195 (59.0) 4650 (55.3)
classes
More 19 (2.1) 46 (3.3) 18 (0.7) 36(1.0) 119 (1.4)
than 20
classes
Homework Incomplete <.0002
Never 70 (7.9) 122 (8.9) 331 (13.6) 332 (8.9) 855 (10.2)
Seldom 346 (38.8) 507 (36.9) 1123 (46.2) 1760 (47.3) 3736 (44.4)
Often of 475 (53.3) 746 (54.3) 978 (40.2)  1626(43.7) 3825 (45.4)
usually
Overall mark in Math <.000F
80-100% 366 (41.1) 466 (33.9) 983 (40.4) 1381 (37.1) 3196 (38.0)
50-70% 476 (53.4) 779 (56.7) 1367 (56.2) 2184 (58.7) 4806 (57.1)
Less 49 (5.5) 130 (9.5) 82 (3.4) 153(4.1) 414 (4.9)
than 50%
Bullying
Bullied By others in Cyber Attacks <.000%
No 711 (79.8) 1084 (78.8) 2392 (98.4) 3542 (95.3) 7729 (91.8)
Yes 180 (20.2) 291 (21.2) 40 (1.6) 176 (4.7) 687 (8.2)
Physical Activity
Were the last 7 Days a Typical Physical Activity Week <.000%
Yes 563 (63.2) 807 (58.7) 1782 (73.3) 2395 (64.4) 5547 (65.9)
No, more 118 (13.2) 197 (14.3) 192 (7.9) 403 (10.8) 910 (10.8)
active
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No, less 210 (23.6) 371(27.0) 458 (18.8) 920 (24.7)
active

Participate in Competitive School Sports

Yes 349 (39.2) 306 (22.3) 1154 (47.5) 1133(30.5)
No 533(59.8) 1045 (76.0) 1255 (51.6) 2554 (68.7)
None 9 (1.0) 24 (1.7) 23 (0.9) 31(0.8)
offered at
my school

School Connectedness
School Connectedness Score
Mean (SD) 16.5 (3.14) 13.7 (3.44) 19.4 (2.99) 16.9 (2.16)

| Feel Close to People at My School
Agree 615 (69.0) 473 (34.4) 2142 (88.1) 2534 (68.2)
Disagree 276 (31.0) 902 (65.6) 290 (11.9) 1184 (31.8)

Screen Time

Online Gambling in the last 30 days

Yes 68 (7.6) 45 (3.3) 118 (4.9) 58 (1.6)

No 823 (92.4) 1330(96.7) 2314 (95.1) 3660 (98.4)

Weight

Weight Change Intention

Lose 343 (38.5) 824(59.9) 530 (21.8) 1755 (47.2)

weight

Gain 188 (21.1) 155 (11.3) 594 (24.4) 493 (13.3)

weight

Stay the 144 (16.2) 134 (9.7) 576 (23.7) 722 (19.4)
same

Not doing 216 (24.2) 262 (19.1) 732 (30.1) 748 (20.1)
anything
about
weight

Weight Perception
Underweig 184 (20.7) 221 (16.1) 367 (15.1) 514 (13.8)
ht
About the 438 (49.2) 521(37.9) 1688 (69.4) 2019 (54.3)
right
weight
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1959 (23.3)

2942 (35.0)
5387 (64.0)
87 (1.0)

17.0 (3.32)

5764 (68.5)
2652 (31.5)

289 (3.4)
8127 (96.6)

3452 (41.0)
1430 (17.0)
1576 (18.7)

1958 (23.3)

1286 (15.3)

4666 (55.4)

<.000F

<.0001

<.000F

<.000F

<.000F

<.000F



Overweigh 269 (30.2) 633 (46.0) 377 (15.5) 1185(31.9) 2464 (29.3)
t

ANOVA F-test pvalue;’Chi-Square pvalue;
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Table4.5.3.1 Multinomial Logistic Regression Analysis
Sub Cluster from Cluster(201819)

OR (95% CI)

Top 5 Factors Category
N of class skipped in the last 4 weeks
Zero class
1-20 classes
More than
20 classes

Homework Incomplete
Never
Seldom
Often of usually

Overall mark in Math
80-100%
50-70%
Less than 50%

Bullied By others in Cyber Attacks
No
Yes

Sub Cluster 1

Ref
0.84 (0.72Z 0.98) *
2.14 (1.211 3.79) **

Ref
0.88 (0.67 1.67)
1.29 (0.98 1.71)

Ref
0.81 (0.69 0.95) **
1.84 (1.33 2.55) **

Ref
4.67 (3.671 5.94) **=*

Were the last 7 Days a Typical Physical Activity Week

Yes

No, more active

No, less active

Participate in Competitive School Sports
Yes
No
Noneoffered at
my school

School Connected
Score

| Feel Close to People at My School
Agree
Disagree

Weight Perception
Underweight
About the right
weight
Overweight

Weight Change Intention
Lose weight

Ref
1.18 (0.93 1.49)
1.15 (0.97 1.38)

0.55 (0.28 1.08)
0.72 (0.37 1.41)
Ref

0.69 (0.67 0.71) ***

Ref
1.38 (1.161 1.64) **

1.86 (1.44i 2.40) ***
Ref

1.61 (1.35 1.93) ***

1.26 (1.0%i 1.58) *
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Sub Cluster 2

Ref
0.77 (0.68 0.88) **
0.76 (0.38 1.51)

Ref
0.59 (0.480.73) ***
0.47 (0.38 0.59) ***

Ref
1.07 (0.93 1.23)
0.78 (0.55 1.11)

Ref
0.53 (0.35 0.80) **

Ref
0.82 (0.65 1.03)
0.69 (0.59 0.81)

*kk

1.37 (0.66' 2.84)
0.83 (0.40' 1.72)
Ref

1.5 (1450 1.55) ***

Ref
0.98 (0.82 1.18)

0.55 (0.45 0.67) ***
Ref

0.58 (0.48 0.70) ***

0.47 (0.38 0.56) ***

Sub Cluster 3

Ref
Ref
Ref

Ref
Ref
Ref
Ref

Ref
Ref
Ref

Ref
Ref
Ref

Ref
Ref
Ref
Ref
Ref

Ref
Ref

Ref

Ref
Ref

Ref
Ref

Ref



Gain weight 0.81 (0.601 1.10) 0.99 (0.81i 1.23) Ref

Stay the same  0.66 (0.50' 0.86) ** 0.80 (0.66 0.96) * Ref
Not doing Ref Ref Ref
anything about
weight

P<0.0001 ***, P<0.01 **, P<0.05 *

4.4.4.2PostCOVID (2020-21)

Sub-clusters from high-level Cluster O:

In Table4.6.11, among the five sublusters, the reference cluster was -8libster O
(N=1136), and the compaongroups were Sulluster 1 (N=834) and StBluster 2 (N=474).
Income, healthy eating and sleep appeared among the top five variables. Students with zero or
unknown money spent on themselves each week (OR = 2.26, 95% CI-=31163 andvho
skipped breakfast (OR = 1.35, 95% CI = 1-a180) were more likely to be in St@®luster 2
than those with more than $100 per week. The association between sleep and being in Sub
Cluster 2 was much stronger than in Stibster 1. Students who did not haueaverage 8
hours of sleep had increased odds of being in eitheiChugier 2 (OR = 2.63, 95% CI = 2.02
3.42) compared to those with 8 hours of sleep Additionally, students with increased cannabis use
due to COVID19 (OR = 0.41, 95% CI = 0.320.53) andhose whaskipped breakfast (OR =
0.56, 95% CI = 0.48 0.73) were less likely to be in S\tluster 1 compared those with
cannabis level stayinifpe samend not skipping breakfast.

Sub-cluster from high-level Cluster 1:

In Table4.6.2.1 the reference cluster was SQhuster 2 (N=8267), and the comsam
groups were Sulluster 0 (N=5197) and St®luster 1 (N=1228). The top five categories
included weight, physical activity, healthy eating, mental health and screen time. The association
was focused on the life changes due to CO¥der tharthe opinions on COVIEL9, such as
6Mask can reduce t he d1 9MHgketlikdihoa ofbemg m Sibon o f
Cluster 0 and SuRluster 1 was observed with each aiddial day of fast food purchased in the
past weekThis likelihood was 3% higher of being in SGhuster 1 (OR =1.17, 95% Cl =1.11
1.24) than in Sul€luster 0 (OR =1.14, 95% CI = 1.09.19). In the BMI category, the
likelihood of being in SHLIuster 0 for overweight and obese BMI students was higher (OR =
1.87, 95% CI = 1.572.21), while students with unknown BMI students were more likely to be
in SubCluster 1 (OR =1.90, 95% = 1.62.19). In addition, one unit increased in the
flourishing scoe had decreased odds of being in-8lbster 0 (OR = 0.86, 95% CI = 0.86
0.87) or SukCluster 1 (OR = 0.93, 95% CI = 0.92.95). Similarly, with one unit increase in
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anxiety score, students were more likely to be in-Sluster 0 (OR = 1.15, 95% ClI =1.14
1.16) or SukCluster 1 (OR = 1.09, 95% CI = 1.07.10). The participation in physical activity
was significantly associated with Sauster O only. Students witdd not meet the 6@inute
physical activity guidelines were more likely to be in Stibster 0. This result indicated that
SubCluster 0 or 1 students relative to SOluster 2 had higher BMI status and lower mental
health wellbeing.

Sub-cluster from high-level Cluster 3:

In Table4.6.3.] the reference cluster was SGhuster 2 (N=5100), and the comysamn
groups were Sulluster 1 (N=3479) and St®luster 3 (N=952). The top five categories were
the same athose inthe highlevel 1 sukclusters. For students who did not meet theriute
physical activity per day (OR = 1.27, 95% CI = 1:(850) and increased cannabis use due to
COVID-19 (OR = 2.79, 95% CIl = 1.644.75), the odds of being in S\@uster 1 were higher.
Mixed effects have been found in boredom due to COY®DStudents with either increased
boredom (OR = 2.38, 95% CI = 2.02.80) or deaased boredom (OR = 2.88, 95% CI = 1.89
4.41) had a higher likelihoaaof being inSub-Cluster 1, but the likelihood of being in Sub
Cluster 1 was stronger for those with decreased boredom compared to increased boredom.
Among the mental health categories, dachunit increase in flouring score, students were less
likely to be in SukCluster 1 (OR = 0.83, 95% CI = 0.82.84) or SukCluster 3 (OR = 0.89,
95% CI = 0.86 0.92). For one unit increased in anxiety score, the odds of being i€I8si@r
1 (OR =1.16, 95% CI = 1.141.17) were 9% higher thahose ofbeing in SukCluster 3 (OR =
1.07, 95% CI = 1.041.11). These results indicated that both clusters contained students with
higher anxiety scores. At the same timsyer levels of physical activitgnd increased cannabis
use due t€€OVID-19were more significantly associated with membership in-Cluister 1.
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Table4.6.1 Cluster O Sub Cluster Year 2020
Top FiveFactors

N (%)
Variables Sub Cluster Sub Cluster Sub Cluster Sub Cluster Sub Cluster  Total P-value
0 1 2 3 4 N=3436
N=1136 N=834 N=474 N=860 N=132 (100)
(33.1) (24.3) (13.8) (25.0) (3.8)
Screen Time
Surfing Internet: Minutes per day <.000%
Mean (SD) 144.4 117.5 191.1 191.5 160.2 156.7
(114.7) (1258) (177.4) (1729) (145.9) (1473)
Watching TV: Minutes per day <.000%
Mean (SD) 126.0 110.6 149.3 157.8 126.4 1335
(1023) (91.1) (1316) (1274) (130.7) (1135)
Doing Homework: Minutes per day <.000¢
Mean (SD) 67.5 54.3 70.0 77.1 84.9 67.7
(70.1) (66.7) (756) (86.8) (1104) (76.9)
Video Games: Minutes per day <.000%
Mean (SD) 59.2 119.7 83.7 107.8 152.0 93.0
(1015) (141.5) (125.8) (152.8) (201.7) (136.3)
COVID
Mask can reduce the droplet transmission of COYD <.000P7
No 159 (14.0) 214 (25.7) 98(20.7) 156(18.1) 39(29.5) 666 (19.4)
Yes 977 (86.0) 620 (74.3) 376 (79.3) 704 (81.9) 93(70.5) 2770 (80.6)
COVID-19 is only found in individuals who show symptoms and signs of disease <.000P7
No 1073 (94.5) 729 (87.4) 423(89.2) 759 (88.3) 119(90.2) 3103 (90.3)
Yes 63(5.5) 105(12.6) 51(10.8) 101(11.7) 13(9.8) 333 (9.7)
Hand sanitizer helps prevent the transmission of CO1AD <.000F
No 231 (20.3) 241(28.9) 95(20.0) 138(16.0) 41(31.1) 746 (21.7)
Yes 905 (79.7) 593 (71.1) 379(80.0) 722 (84.0) 91(68.9) 2690 (78.3)
Life Changed due to COVH29: My Cannabis Use <.000F

N (%)

Increase 377 (33.2) 167 (20.0) 199 (42.0) 411 (47.8) 42(31.8) 1196 (34.8)
d

Stayed 562 (49.5) 470(56.4) 200 (42.2) 314 (36.5) 48(36.4) 1594 (46.4)
the same
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Decrease 197 (17.3) 197(23.6) 75(15.8) 135(15.7)
d

Income
Money Spend on Yourself or to Save Weekly
Zero or 188 (16.5) 192 (23.0) 181(38.2) 377 (43.8)
not
known
$1- 369 (32.5) 286 (34.3) 159(33.5) 321 (37.3)
$100
More 579 (51.0) 356 (42.7) 134 (28.3) 162 (18.8)
than
$100

Healthy Eating

Total Number of Days of Fast Food Purchased in the Past Week

Mean (SD) 1.7 (16) 1.8 (17) 1.9 (18) 1.7 (17)
No Time for Breakfast
No 855 (75.3) 697 (83.6) 319 (67.3) 584 (67.9)
Yes 281 (24.7) 137 (16.4) 155(32.7) 276(32.1)
Sleep
At Least 8 hours of Sleep per Day (On Average)
Yes 800 (70.4) 481 (57.7) 204 (43.0) 348 (40.5)
No 336 (29.6) 353 (42.3) 270(57.0) 512 (59.5)
Light Off and Gone to Sleep
AM 896 (78.9) 675(80.9) 393(82.9) 780 (90.7)
PM 240 (21.1) 159(19.1) 81(17.1) 80 (9.3)

42 (31.8)

36 (27.3)

43 (32.6)

53 (40.2)

1.6 (17)

103(78.0)
29 (22.0)

78 (59.1)
54 (40.9)

108 (81.8)
24 (18.2)

646 (18.8)

<.0002
974 (28.3)
1178 (34.3)
1284 (37.4)

0.1378

1.7 (17)

<.0002
2558 (74.4)
878 (25.6)

<.0002
1911 (55.6)
1525 (44.4)

<.000F
2852 (83.0)
584 (17.0)

IANOVA F-test pvalue;?Chi-Square pvalue
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Table4.6.1.1 Multinomial Logistic Regression Analysis
Sub Cluster from Cluster 0 (2021)

OR (95% CI)

Top 5 Factors Category Sub Cluster 0 Sub Cluster 1 Sub Cluster 2

Life Changed due to COVID-19: My Cannabis Use

Increased Ref 0.41 (0.32 0.53) *** 0.94 (0.71' 1.26)
Stayed the sami Ref Ref Ref
Decreased Ref 1.03 (0.78 1.34) 0.91 (0.541 1.31)
Money Spend on Yourself or to SavéVeekly
Zero or not Ref 1.25 (0.93 1.68) 2.26 (1.63 3.15) ***
known
$1-$100 Ref Ref Ref
More than $100 Ref 0.68 (0.54i 0.87) ** 0.59 (0.43 0.80) **
No Time for Breakfast
No Ref Ref Ref
Yes Ref 0.56 (0.43 0.73) *** 1.35(1.01 1.80) *
At least 8 hours of sleep per day (on average)
Yes Ref Ref Ref
No Ref 1.30 (1.04 1.62) ** 2.63 (2.02 3.42) ***
Surfing Internet: Minutes per day Ref 1.00 (1.00' 1.00) 1.00 (1.0G' 1.0Q) ***
Watching TV: Minutes per day Ref 1.00 (1.00' 1.00) 1.00 (1.00' 1.00)

P<0.0001 ***, P<0.01 **, P<0.05 *

74



Table4.6.2 Cluster 1 Sub Cluster Year 2020

Top FiveFactors

N (%)
Variables Sub Cluster 0 Sub Cluster 1 Sub Cluster 2 Total P-value
N=5197 N=1228 N=8267 N=14692
(35.4) (8.4) (56.2) (100
Healthy Eating
Total Number of Days of Fast Food Purchased in the Past Week <.000t
Mean (SD) 1.0(1.2) 1.0(1.2) 0.7(0.9) 0.8 (1.1)
Mental Health
Mental Wellbeing: Flourishing Score <.000%
Mean (SD) 29.3 (5.7) 32.4 (5.7) 34.8 (4.5) 32.6 (5.7)
Anxiety: GAD7 <.000%
Mean (SD) 9.2 (5.9) 6.2 (5.6) 3.9 (4.0) 6.0 (5.5)
Physical Activity
Average Hard and Moderate Physical Activity per day <.000%
Mean (SD) 74.5 (67.6) 100.7 (84.8) 96.3 (74.6) 89.0 (73.9)
Meet the Guidelines for At Least 60 Minutes of Physical Activity per Day <.0007
Yes 2575 (49.5) 786 (64.0) 5319 (64.3) 8680 (59.1)
No 2622 (50.5) 442 (36.0) 2948 (35.7) 6012 (40.9)
Screen Time
Surfing Internet: Minutes per day <.000%
Mean (SD) 136.2 (138.6) 115.2 (135.9) 75.0 (93.3) 100.0 (118.6)
Weight
BMI Category <.0007
Underweight 88 (1.7) 14 (1.1) 146 (1.8) 248 (1.7)
About the right 1899 (36.5) 359(29.2) 3436 (41.6) 5694 (38.8)
weight
Overweight 523 (10.1) 112 (9.1) 652 (7.9) 1287 (8.8)
and obese
Unknown 2687 (51.7) 743 (60.5) 4033 (48.8) 7463 (50.8)

IANOVA F-test pvalue;?Chi-Square pvalue
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Table4.6.2.1 Multinomial Logistic Regression Analysis
Sub Cluster from Cluster (2020-21)

OR (95% CI)

Top 5 Factors

BMI Category

Underweight
About the right

weight

Overweight and

obese

Unknown

Meet the Guidelines for At least 60 Minutes of Physical Activity per Day

Yes
No

Total number of days of Fast Food
Purchased in the past week

Mental Wellbeing: Flourishing Score
Anxiety: GAD7

Average combined Hard and Moderate
physical activity per day

Surfing Internet:
Minutes per day

Category

Sub Cluster 0

1.13 (0.77 1.64)
Ref

1.87 (157 2.21) ***

1.25 (1.13 1.39) ***

Ref
1.38 (1.22-1.57) ***

1.14 (1.09 1.19) ***

0.86 (0.861 0.87) ***
1.15 (1.14 1.16) ***

1.00 (1.001 1.00)

1.00 (1.001 1.00) ***

Sub Cluster 1

0.98 (0.55 1.75)
Ref

1.71 (1.35 2.17) ***

1.90 (1.64i 2.19) ***
Ref

1.12 (0.94i 1.33)

1.17 (.11 1.24) ***

0.93 (0.921 0.95) ***
1.09 (1.07i 1.10) ***

1.00 (1.001 1.00) **

1.00 (1.001 1.00) ***

Sub Cluster 2

Ref
Ref

Ref

Ref
Ref

Ref

Ref

Ref

Ref

Ref
Ref

P<0.0001 ***, P<0.01 **, P<0.05 *
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Table4.6.3Cluster 3 Sub Cluster Year 2620
Top FiveFactors

N (%)
Variables Sub Cluster0  Sub Cluster 1 Sub Cluster2  Sub Cluster 3 Total P-value
N=898 N=3479 N=5100 N=952 N=10429
(8.6) (33.4) (48.9) (9.1) (100)
COVID
Mask can reduce the droplet transmission of COYD <.000%
No 157 (17.5) 325 (9.3) 579 (11.4) 200 (21.0) 1261 (12.1)
Yes 741 (82.5) 3154 (90.7) 4521 (88.6) 752 (79.0) 9168 (87.9)
COVID-19 is only found in individuals who show symptoms and signs of disease <.000%
No 825 (91.9) 3286 (94.5) 4813 (94.4) 836 (87.8) 9760 (93.6)
Yes 73 (8.1) 193 (5.5) 287 (5.6) 116 (12.2) 669 (6.4)
Hand sanitizer helps prevent the transmission of CO1AD <.000%
No 184 (20.5) 484 (13.9) 897 (17.6) 236 (24.8) 1801 (17.3)
Yes 714 (79.5) 2995 (86.1) 4203 (82.4) 716 (75.2) 8628 (82.7)
Life Changed due to COVH29: My Boredom <.000%
Increased 757 (84.3) 2954 (84.9) 3700 (72.5) 722 (75.8) 8133 (78.0)
Stayed the 119 (13.3) 450 (12.9) 1297 (25.4) 180 (18.9) 2046 (19.6)
same
Decreased 22 (2.4) 75 (2.2) 103 (2.0) 50 (5.3) 250(2.4)
Life Changed due to COVH29: My Cannabis Use <.000%
Increased 18 (2.0) 86 (2.5) 35 (0.7) 12 (1.3) 151 (1.4)
Stayed the 835 (93.0) 3339 (96.0) 5021 (98.5) 62 (6.5) 9257 (88.8)
same
Decreased 45 (5.0) 54 (1.6) 44(0.9) 878 (92.2) 1021 (9.8)
Mental Health
Mental Wellbeing: Flourishing Score <.000%
Mean (SD) 28.8 (6.0) 28.5 (5.7) 34.2 (4.4) 31.7 (5.6) 31.6 (5.8)
Anxiety: GAD7 <.0007
Mean (SD) 11.6 (6.1) 10.5 (5.7) 5.1(4.3) 7.9 (5.7) 7.7 (5.8)
Physical Activity
Average Hard and Moderate Physical Activity per day <.0007
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Mean (SD)  101.9 (79.0) 77.1 (66.3) 93.3(70.2) 106.6 (83.3) 89.8 (71.7)

Meet the Guidelines for At Least 60 Minutes of Physical Activity per Day <.000%
Yes 612 (68.2) 1816 (52.2) 3254 (63.8) 666 (70.0) 6348 (60.9)
No 286 (31.8) 1663 (47.8) 1846 (36.2) 286 (30.0) 4081 (39.1)

IChi-Square pralue;?’ANOVA F-testp-value

Table4.6.3.1 Multinomial Logistic Regression Analysis
Sub Cluster from Cluster@020-21)

OR (95% CI)

Top 5 Factors Category Sub Cluster 1 Sub Cluster 2 Sub Cluster 3

Meet the Guidelines for At Least 60 Minutes of Physical Activity per Day

Yes Ref Ref Ref
No 1.27 (1.08 1.50) ** Ref 1.34 (0.86' 2.09)
Life Changed due to COVID-19: My Boredom
Increased 2.38 (2.02 2.80) *** Ref 1.01 (0.67 1.54)
Stayed the same Ref Ref Ref
Decreased 2.88 (1.89 4.41) *** Ref 2.42 (0.98 6.00)
Life Changed due to COVID-19: My Cannabis Use
Increased 2.79 (1.64i 4.75) ** Ref 19.87 (9.26 42.63) ***
Stayed the same Ref Ref Ref
Decreased 1.84 (1.09 3.09) * Ref -
Mental Wellbeing: Flourishing Score 0.83 (0.82 0.84) *** Ref 0.89 (0.86 0.92) ***
Anxiety: GAD7 1.16 (1.141.17) *** Ref 1.07 (1.040 1.11) ***
Average combined Hard and Moderate 1.00 (1.0G' 1.00Q) *** Ref 1.00 (1.0G' 1.00) *

Physical Activity per Day

P<0.0001 ***, P<0.01 **P<0.05 *
The- sign indicates the odds ratio was not interpretable
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4.5 Discussion

Using kmeans clustering analysis, this research identified threeléwghclusters in the
preCOVID cohort (201819) and four higHevel clusters in thpostCOVID cohort (202621).
Substance use was the key discriminating variable, and both cohorts contained a small proportion
of students who were considered higgk for the use of cannabis, smoking, tobacco, and
opioids. These groups of students also fettrdesed or were unwilling to discuss their mental
health. Sulclusters were also generated bynkans clustering for the remaining hilgivel
clusters, excluding substance ustated variables. Substance use was also identified in another
COMPASS study that clustered students into low to-niglkhgroups based on substance use
involvement [155]. Tis study also indicated that the proportion of higk students was the
smallest compared to most students in the theze linked dataset [155]. In the higkk group,
students were significantly associated with higher mean CESD scores [155].

The top five factors in the pi@OVID cohort sukclusters were more related to school
topics, including physical activity, bullying, academic performance, and school connectedness.
Across the sulzlusters in the pr€OVID cohort, distinct swelusters emeyed, involving
students who participated in school sports, seldom skipped classes, achieved higher grades with
homework completed, and had higher scores in school connectedness than those who were less
active, experienced bullying, and had lower acadestiegement. The sublusters with less
active students also had higher BMI, underweight or overweight perceptions, and intentions of
losing weight. Most students in these silisters disagreed with statements about schools
supporting tobacco cessationppiding access to healthy food, or ensuring that no one was
bullied.

These findings are consistent with previous literature. School engagement and peer
relationships are vital for promoting healthghavious among students [157, 158]. Students
who reported a more positive school climate were less involved in substance use and more
engaged in physical activity [157]. In addition, students who perceived themselves as overweight
were more likely to engage in vgit loss activities than those who perceived themselves to be at
a healthy weight [162]. The strong association betwteying to lose weight and screen time also
indicated that students attempting to lose weight had higher daily screen time than those trying to
maintain or gain weight [36].

Comparing the pre€OVID subclusters, the relatively important factors in the post
COVID cohort were more related to individdalel physical activity, weightelated variables,
and mental health domains such as flourishing and anxiety. BMI was a a@nidicator both
before and aftethe COVID-19 pandemic. Similar to findings from before the pandemic, sub
clusters with students who were overweight or had unknown BMI were less active and did not
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meet the 6dninute physical activity guidelines. In other discernabledubters, students with
increased cannabis use due to COMI®) higher BMI status, and who did not meet the 60

minute physical activity guidelines were more likely to be groupegegic subclusters.

Among these students, an inverse relationship between mental healbeingliind anxiety was
observed. Students with lower scores on the Flourishing scale had higher scores on+the GAD
anxiety scale and were more likely to be ib-slusters containing students with lower mental
health wellbeing and higher anxiety. These findings align with the existing literature. In a
scoping review on changes in cannabis use during CENIP18% of studies found an increase

in cannabis use, wialonly 16% reported a decrease. The review suggested that factors such as
boredom, anxiety, and depression were associated with cannabis use [160]. Another study
investigating youth substance use and physical activity before and during C®vtinind a
significant decrease in physical activity during the stdjpome period, with no substantial

decline in cannabis, tobacco, or alcohol use [210]. Our results are consistent with other studies
showing a significant increase in youth and adolescent depressi@ngiety during COVID

19, along with an inverse relationship between anxiety and mental heaHbewal|[39, 40, 41].

There are several limitations to this study. First, the use of complete case analysis for
both cohorts may not fully represent the entire cohort, as removing a significant amount of data
may result in missing important predictok4ore advanced imputation methods, such as
Multivariate Imputation by Chained Equations, should be considered for future analysis to
capture more studetgvel data. Second;teans clustering was sensitive to complex data
structures and nespherical clugrs [115, 199]. Even thgh the dimensionality reduction
techniguewvasappliedto transform the data components into a lower dimension, some sub
clusters were still not homogeneous and not-sgiaratedThis could be due to the inclusion of
variables from multiple domains, creating difficulties in grouping similar factorseldns
clustering may not adapt well to different densities within clusters. Future analysis should focus
on specific categories,suc as ment al health or physical acti
behavious, rather than incorporating multiple aspects. Another solution to overcome the
limitations of kmeans is to use more advanced clustering strategies, such as fuzzy or density
based clustering. From a data perspective, using a linked dataset that follsaéhstudents
from preCOVID to postCOVID, rather than two separate cohorts, would be beneficial.
However, the sample size might be affected since part of theZIPX®survey was conducted
online during the COVIBL9 pandemic

4.6 Conclusions

This study examiunprdilesdafarecaedraftes GOVHRGpandemic o
using kmeans cluster analysis and SHAP plots to investigate the association between key factors
and clustering groups. In both peind postCOVID hightlevel clusters, substance use and lower
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mental health welbeing were the two most significant variables distinguishing student groups.

In the preCOVID subclusters, important variables were more related to school activities, such

as academic performance, connectedness, and engagement.dstctherpos€COVID sub

clusters focused more on life changes due to COVID, individual physical activities, mental

health wellbeing, and anxiety. The results of the study provide researchers and school principals
with a clearer understanding of the keyadcteristics of different student groups. These insights
could assist in developing schdmdsed programs and health initiatives for targeted

interventions. Further research should investigate whether focusing on specific bieshemidd

better distinguish certain student groups.
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Chapter 5

Building an Interpretable Machine Learning Model for Selecting
Modifiable Attributes of Childhood Obesity

5.1 Abstract

Objective: The study aims to identify the attributessociated wity out hés body mass
(BMI) status by developing a machine learning predictive model among Canadian students.

Methods: The crosssectional study analyzed the 53,469 grad® £anadian students
participatingin the COMPASS study during 2021. Data included survey questions on school
connectedness, physical activities, healthy eating, demographics, sedentary lifestyles, and
weight. Using complete case analysis (CCA) and multiple imputation (M) approdobdésat
predictive model on the multlass BMI was generated from six machine learning algorithms,
includingK-Nearest Neighbour (KNN), Logistic Regression (LR)pfart Vector Machine

(SVM), Random Forest (RTMultinomial Naive Bayes (mNB), and XGBboost. The final model
was evaluated on threa Under the Receiver Operating Characteristics Curve {ROC)
performance metrigd=1 score, accuracy, precision, and recall. The importance of the predictors
was examined using the Shapley Additive Explanations Technique (SHAP).

Results: XGBoost outperformed the other classifiers, achieving an overall accur@dg4oand
ROGC-AUC of 0.78 or 0.79 in the CCA and MI approachespectivelyBased on the SHAP
summary plots from CCA and MI approaches, the rmopbrtant factors associated witbuth
BMI predictionswere weight perception, weight change intention, and gender.

Conclusion: Machine learningffectively predicted youth BMI and identified important
attributesassociated witlthis outcome. The interpretative model provides essensi@htsfor
school principals and policymakersdeveloping preventative programs in youth obesity and
weight control programs.
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5.2 Introduction

Childhood obesity is globalhealth concern. According to the World Health
OrganizatiofWHO), more than 390 million children and adolescents aged between 5 and 19
were overweight in 2022yith 160 million living with obesity [1]In Canada, nearly 1 in 7
children and youth are considered obese, and 75% of obese children remain obese into adulthood
[24]. Obesity in children is a complex public health issue associated with numerous risk factors
beyond genetics, including physical itigity, sedentary behawour, poor dietary habits, and
psychological contributors [20]. For example, parental obesity is a heritable risk for children
[26]. From the behavioural perspective, unhealthy dietary intake, such as fast food consumption,
has been linked to obesity. Children usually prefer food frordfdast restaurants due iis
convenience and lowostsdespite its low nutritional value and highlorie contenf20].
Besides fastood consumption, research indicated that the number of hours childrehirspen
sedentary lifestyles, including watching TV, decreases the amount of time in physical activity
[20, 30].Additionally, most studies found thdepression and anxiety derived from body
dissatisfaction are significantly associated with obesity [20, 36, 37]. Since schools were closed
during the COVID19 pandemic, more than 80% of children have been affected by the school
closure, and their risk a€sulting childhood obesity has been increasing disproportionally. The
confinement of schools has also increased chi
has | owered childrendés time spent in ghysical
desserts as coping mechanidi, 15, 18, 211].

Childhood obesity alsleads tanon-communicable diseases, including hypertension, type
2 diabetes, and cardiovascular disease in adulthood. The risks of developing cardiometabolic
diseases are higher among children who are obese [20, 21]. Obesity occurs during childhood
often transitios to obesity in adulthood [21]. In Canada, total health costs are higher among
obese populations [22]. Based on a review of the economic burden of childhood overweight and
obesity, the estimated annual direct and indireattheare costs related to childhood obesity are
projected to be $13.62 billion in direct and $49.02 billion in yearly indirect costs by 2050 [212].
The severity of health and economic consequences related to obesity cannot be neglected.

Due to the complexity of the multidomain influencing factors related to obesity,
traditional statistical models have limitatiofifiey struggle with an increasing number of
predictors and are less robust in their predictive power [BiF also constrained under
assumptions such as the absence of multicollinearity or linearity [84]. The machine learning
(ML) method has effectivelypnanagedomplex relationships betweemnultidimensional
variableq75]. ML can automatically detect the nonlinear relationsi@fween the predictor
variables and the target outcome without observing the potential relationship between these
variables [75]. With more predictor variables and fewer instances in the datasets, ML is capable
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of handling this type of higdimensional situation [75Theseadvantages of Midemonstratés
potentialin childhood obesity researcBeveral studies have applied various supervised learning
models to predict youth obesii§9, 45, 83, 118, 121, 132]. Common supervised learning
classifiersused inyouthobesity and related risk factors research inclueddarest Neighbors
(KNN), Logistic Regression (LR), Support Vector Machine (SVM), Random Forest (RF), Naive
Bayes (NB), and Extreme Gradient BoostingsB00s). Abdulla et al. [132] applied Bayesian
Networks, Neural Networks, Support Vector Machine (SVM), and Decision Tree to predict
grade 6 student s 6 -l&dlbuediiansaieedatad Dugan ktal. [KL8] alsbe n t
utilized various ML classifiersnpcludingRandom Forest (RF), Random Tree, J48, ID3, and
Naive Bayes (NB)o modelyouth obesity after age of two.

Although ML techniques can address problems that traditional statistical approaches
might struggle to answer, visualization is another crucial aspect to implement since it engages
viewers in understanding the comprehensibility of ML models and the rgenksated from
ML. One of the challenges of ML is providing interpretable results for users to apprehend the
meaning of Mlgenerated results to provide recommendations [213]. Users often experience
difficulties understanding the decisions made by ML [2E8&)veral techniques have been
developed to improve the interoperability of the black box of machine learning models, including
Shapley Additive exPlanation (SHAP) or Local Interpretable Magglostic Explanation
(LIME) [208, 215]. SHAP analysis has beewpplarly adopted by ML algorithms such as
XGBoost or LightGBM. The SHAP value representsdaclo® s contri buti on t ow:
outcome. The SHAP summary plot also presents the importance attbhesfsorteddescending
to provide an overview of the mddmediction. [215].

ML modek have proved to be more appropriate for identifying and ranking the essential
risk factors while having a larger set of variables for future preventive interventions than the
traditional statistical model that only works for short implementation [75]. Duestprédictive
capabilities of ML, it is encouraged to apply this technique for larger datasets, considering
aspects of sociocultural determinants of health and psychosocial factors in addition to physical
inactivity [214].However, fewer studies focus oskifactors among middle childhood
populations, who spend most of their time at school. The school environment is also crucial in
predicting youth obesity risk [214This research aims to address this gap by building an
interpretable ML model to predict student BMI and applying SHAP analysis to identify key
factors associated with youth obesity risk. The goal is to create an explainable model to inform
schootbased preention, policy decisions, or medical interventions targeting childhood obesity.
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5.3 Materials andM ethods

5.3.1 StudyCohort

This study acquires the 2020 cohort dataset from the COMPASS study (Cannabis,
Obesity, Mental Health, Physical Activity, Alcohol use, and Sedentary Behaviour (COMPASS)
study. This prospective ongoing stuctyllects grade 92 students attending secondary schools
in Alberta, British Columbia, Ontario, and Quebec in Canada [48, 49]. The COMPASS study
(20122027) collects studetievel through the anonymous, saliministered COMPASS
Student Questionnaire {Cannually on assessing healthy eating, sedentary behaviour, alcohol,
tobacco, and marijuana use, bullying, academic achievement, physical activity, obesity, and
school connectedness [48] The participating students were permitted to use active information,
passiveconsent, and parental permission protocols. [48] Details about the dataset can be found
in print or on the websitervw.compass.uwaterloo.rf49].

5.3.2 Predictors and Outcome
The outcome of the BMI was calculated based on height and weight. Students were

asked, AHow much do you weigh without your sh
pounds OR in kilograms). o and fAHow t arl | are vy
height in either feet and i nchesw&lldsedantheent i m

WHO guidelines for ages-39 years of schoalged children and adolescents and calculated

from the valid response skx BMI (numeric version), and AGE [$2Sincethe goal of the ML
modelfocused ortlassificationinstead of regressionategorical BMI was employed as the
outcome.This study excluded underweight BMI due to the small samplg5i3&) merged
students with overweight or obese to fAOverwei
BMI category into the O6unknowndé cl ass.

The predictors include the variables from multiple aspects, focusing on demographics,
physical activity, healthy eating, substance use, maetdth, bullying, COVIDBrelated, screen
time, schoolelated, sleepelated, and weightelated. Questions distributed in all four provinces
were kept, resulting in 144 final variables (Appen@jx Some representative variables from
each category were the following.

Demographics included gender (female, matsscribe my gender differently, and |
prefer not to say)ethnicity(Black, Asian, Latin American/Hispanic, and Othexjye, province,
and average money spent per wd#ysical activity included average moderate to hard activity
per day, participation in school sports, and meeting th@ié0te daily physical activity
guidelines. Healthy eating consisted of reasons for skipping breakfast, the total number of days
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in weekly fruit consumption, drinking water, eating snacks, restricting diet for weight change,
vegetable consumption, and fast food purchased. These were derived variablesextfgpagat

the weekly consumption. For example, ADuring
following (Mark all that apply) Eat fruit (fresh, canned, dried,orfroZ2en The r esponse
were fAMonday, Tuesday, Wednesday, Thursday, F
was calculated as the sum of the answers franddy to Sunday.

Substanceelated predictors included smoking and tobacco use, vaping@gdrette
use, alcohol wuse, and cannabis wuse. One of th
any of the following reasons (Mark, all that apply)? | have notusedeavap Me nt al healt
factorsincludedthe Generalized Anxiety Disordefitem Scale (GAD7 [54])Fourishing [55],
and seHlreported 1dtem Center for Epidemiologic Studies Depression Revised (CESD
[216]).

Schoolrelated variables included school connectedness scores, bullying, academic
performance such as average grade marks, and the highest education students would like to get.

The school connectedness score woaobstranglyl cul at ed
agree, agree, disagree, or strongly disagree
school o, Al feel | am part of my school o, #dl
my school treat me faorlygmd MGetf teiehgsaded i gr an
meo [53]. Bullying included questions about b

Screen time variableseasuredhe average daily minutes spent watching TV, doing
homework, surfing the internet, texting, and total daily sedentary.-&¢sed predictors
included the average length of sleep per night in a week, sleep quality rating and meeting
guidelines of at lest 8 hours of sleep. COVHelated variablea s k éddw hasfyour life
changed because of COVUI® addressing areas lilstress, boredom, loneliness, anxiety, time
spent on screen time, physical activity, substance useicphgstivity and sleep. Lastly, weight
related variables included weight perceptiidgw do you describe your weiglt)?and weight
change intentionf{Vhich of the following are you trying to do about your weight?

5.3.3 Data Preparation

The data preparation followed two approaches: complete case analysis (CCA) and
multiple imputations (MI) to handle missing. For the complete case analysis, any missing
appeared in predictors were removed from the analysis. The percentage of missintpgess in
predictors can be found AppendixC.

86



Previous research on COMPASS data [174] has shown it is difficult to detafitinae
missing datas Missing Completely at Random (MCAR), Missing Not at Random (MNAR), or
Missing at Random (MAR). Therefore, missingness was treated as MAR since the information
needed for NMAR is not generally available [174#pplutation by Chained Equations (MICE)
works under the assumption of MAR, and this reseasel the miceforest python library with
lightgbm random forest [217]. Incorporating MICE wiRandomForest ould accommodate
interactions and nonlinearities and would not require much hyperparameter tuning [217, 218]. It
also showed that the result with random forest MICE was more coverage on the confidence
interval and more efficient [218T.his study independently tested the imputatigin 5, 10, 20,

30, 40, 50 and 6ierations The mean convergence figure for each iteration was generated to
visualize how well the data converged, and iteration 60 was implemented due to its better
convergenceTheillustraton of the mean convergence among iterations 5, 20, amsli6@he
Appendix.Besideghe missing data handling, Crartescore wasalculatedoetween multiclass
BMI and weightto measure the strength of their associafidre score of 0.25 indicatea weak

to moderatassociatiorbetweerthese two variables, so weight pereéeptwas retained as
predictor.

5.3.4 DataPreprocessing

The CCA and MI datasgtveresplit into a randomly selected 80% training dataset and a
20% testing dataset. Standardization was applied for continuous variables. The outcome BMI
category was significantly imbalancesith 39.90% healthy weight samples, 19.71% overweight
and obese, and 48.08% unknown. To overcome the issue of imbalance, the Synthetic Minority
Oversampling Technique (SMOTE)Tomek Links Method was applied to address the
imbalance in the training datasetpeSifically, SMOTE generates synthetic data to increase
sampledrom the minority class, and the Tomek links technique is an undersampling method to
remove the random data from the majority class [209].

To experiment with theffectof feature selection and dimensionality reduction and
decide which data preprocessing approach would be most ideal for the final model preaiction,
RandomForestwith feature selection approach and Linear Discriminant Analysis (LDA) were
implemented. (LDA) is a supervised classification technique that aims to reduce the
dimensionality of the dataset. This approach helps transform the original datiasehew
subset with lower dimensionality (fewer inputs) to increase thgating efficiency and avoid
the degree of overfitting [189]. The purpose of feature selection is to extract the most relevant
features from the higbdimensional dataset to minimize redundancy and noisgamdomForest
classifier was trained to retrieve the feature importance score of each input on the BMI category
using the feature_importantces functions [189]. Each input was ranked in descending order, and
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the top 50 variables were selectéghpendix Q. The Ml approach dataset followed the same
data preprocessing steps as CCA.

5.3.5 Machine Learning Model Development

For the three preprocessing strategies, titahsformed, top 50 features, and All
variables, six ML classifiers, includirtg-Nearest Neighbour (KNN), Logistic Regression (LR),
Support Vector Machine (SVM), Random Forest (RF), Naive Bayes (NB), and XGBboost were
trained on each preprocessing metisathtasetThis process involved a fiviold outer cross
validation and a threld inner stratified crossalidation for the grid search process. The
classifier with the highest F1 score for each preprocestiaiggy was selected for further
hyperparameter tuning.

After selecting the best model for each preprocessing strategy, hyperparameter tuning
was applied by using Optuna to search for the optimal hyperparameters. Optuna uses a Bayesian
optimization algorithmyhich isknownfor its higher performance and faster optimization time
[219]. The three models for each preprocessing approach were compared based on the evaluation
metrics, accuracy, precision, recall, RAOC, and F1 score. Recall and precision refer to the
probabiliies of true positive cases over théuat number of positive cases and the probabilities
of true positive cases among all predicted as positive. Accuracy referser teatagef
correct predictiosover the total number of predictions [196]. R@UC represents how well
the model can distinguish between positive and negative cases, and the F1 score refers to the
harmonic mean of precision and recall [196]. The final model selection was based wverttile o
highest performance across these metfiege the final model was chosen, stratiimawas
performedor females and males on BMI predicti@CA model) excluding the gender
minority (I describe my gender differentignd | prefer not to say). The reason was that females
(50.5%) and males (44.2%) had comparable sasipés, but gender minoritiesly accounted
for 1.5% of the population.

Lastly, having interpretability behind the built ML models could assist health
professionals significantly in understanding why the model made a specific prediction [215].
The final model implemented the SHAP technique to draw the feature importanaadglot
further interpret each inputés contribution t
absolute SHAP values. The SHAP summary plot showed the global importance dacdhwis
rankedimportance, witithe mostrelevant variables ranked fromethop in the order of their
influences on the outcome. To understand the individual level prediotitime BMI category,
SHAP waterfall plots were applied to investigate the risk factors that predict healthy weight,
overweight and obese, and unknov.analyseswereconducted in Python (Version 3.10.13).
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All supervised learning models were implemented thrdbglsciki-learn Python library
(Version 1.2.2). SHAP version 0.42.1.

5.4. Results

5.4.1 BaselineCharacteristics

Table5.4 showsthe baseline characteristics of students who contributed to the
COMPASS survey in 20221. Among the total 53469 students, 10.7% (N=5725) of students
selfreported as overweight and obese, while 48.1% of stude&hit®t reporBMI information.
Among the overweight and obese groups, 57.9% (N=3313) were males, and 42.1% (N=2412)
were females. All gender minority students (N=208L6%) in the unknown BMI categorgtid
not have a response for BMDverweight and obese students had the highesber of
responses (57.7%) in losing weight, followed by 35.3% of students within the unknown weight
group. In the CCA approach, there was a total number of 28614 samples with completed records.
Among these students, 46.0% (N = 131&®8)ein healthy weighgroup 11.43% (N=3271) in
overweight and obeggoup,and 41.2%N=11798)in theunknowngroup

Table5.4 BaselineCharacteristics of COMPASS Cohort 2620

N (%) or Mean (SD)

Underweight Healthy Weight Overweight and Unknown Total
(N=701) (N=21335) Obese (N=25708) (N=53469)
(N=5725)
AGE
Mean (SD) 14.9 (1.6) 15.2 (1.4) 15.2 (1.5) 14.7 (1.6) 15.0 (1.5)
Missing 0 (0.0) 0(0.0) 0(0.0) 733 (2.9) 733 (1.4)
Gender
Female 276 (39.4) 11772 (55.2) 2412 (42.1) 12521 (48.7) 26981 60.5
Male 425 (60.6) 9563(44.8) 3313 (57.9) 10357 (40.3) 23658 ¢4.2
Gender 0 (0.0) 0 (0.0) 0 (0.0) 2046 (8.0) 2046 (3.8)
Minority
Missing 0 (0.0) 0(0.0) 0(0.0) 784 (3.0) 784 (1.5)
Province
AB 25 (3.6) 983 (4.6) 300 (5.2) 974 (3.8) 2282 (4.3)
BC 90(12.8) 2264 (10.6) 517 (9.0) 2589 (10.1) 5460 (10.2)
ON 162 (23.1) 5758 (27.0) 1870 (32.7) 6250 (24.3) 14040 (26.3)
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QC

Ethnicity
White
Non-White
Missing

424 (60.5)

558 (79.6)
143 (20.4)
00

Financial Comfortableness

More
comfortable
As
comfortable
Less
comfortable
Missing

Weight Perception
Underweight

About the
right weight
Overweight

Missing

Weight Change
Intention
Lose weight

Gain weight
Stay the same

Not trying
anything about
the weight

Missing

School
Connectedness
Score

Mean (SD)

Missing

School Marks
80-100%
50-70%
Below 50%
Missing

188 (26.8)
448 (63.9)
60 (8.6)

5(0.7)

500 (71.3)
178 (25.4)

19 (2.7)
4 (0.6)

38 (5.4)
272 (38.8)
90 (12.8)
301 (42.9)

0(0)

18.6 (3.5)
54 (7.7)

398 (56.8)
248 (35.4)
4 (0.6)
51 (7.3)

12330 (57.8)

17872 (83.8)
3431 (16.1)
32 (0.1)

6314 (29.6)
13635 (63.9)
1358 (6.4)

28 (0.1)

3038 (53.1)

4669 (81.6)
1042 (18.2)
14 (0.2)

1548 (27.0)
3632 (63.4)
534 (9.3)

11 (0.2)

Weight-Related

4027 (18.9) 102 (1.8)
15105 (70.8) 2278 (39.8)
2128 (10.0) 3321 (58.0)
75 (0.4) 24 (0.4)
4920 (23.1) 3300 (578)
3827 (17.9) 298 (5.2)
5350 (25.1) 999 (17.4)
7220 (33.8) 1123 (19.6)
18 (0.1) 5(0.1)
SchoolRelated
18.7 (3.2) 18.4 (3.4)
1430 (6.7) 503 (8.8)
12730 (59.7) 2878 (50.3)
7100 (33.3) 2309 (40.3)
84 (0.4) 46 (0.8)
1421 (6.7) 492 (8.6)

9C

15895 (61.8)

18977 (73.8)
5895 (22.9)
836 (3.3)

5476 (21.3)
16933 (65.9)
1885 (7.3)

1414 (5.5)

3568 (13.9)
14221 (55.3)

6119 (23.8)
1800 (7.0)

8490 (33.0)
2248 (8.7)
4835 (18.8)
8472 (33.0)

1663 (6.5)

18.2 (3.5)
4155 (16.2)

10425 (40.6)
10838 (42.2)
352 (1.4)
4093 (15.9)

31687 (59.3)

42076 (78.7)
10511 (19.7)
882 (1.6)

13526 (25.3)
34648 (64.8)
3837 (7.2)

1458 (2.7)

8197 (15.3)
31782 (59.4)

11587 (21.7)
1903 (3.6)

16748 (31.3)
6645 (12.4)
11274 (21.1)
17116 (32.0)

1686 (3.2)

18.5 (3.4)
6142 (11.5)

26431 (49.4)
20495 (38.3)
486 (0.9)
6057 (11.3)



Bullied Last 30 Days

Yes 65 (9.3) 1672 (7.8) 563 (9.8) 2254 (8.8) 4554 (8.5)
No 566 (80.7) 17680 (82.9) 4494 (78.5) 18625 (72.4) 41365 (77.4)
Missing 70 (10.0) 1983 (9.3) 668 (11.7) 4829 (18.8) 7550 (14.1)
Substance Use
Marijuana or
CannabisUse
Yes 80 (11.4) 4205 (19.7) 1285 (22.4) 3182 (12.4) 8752 (16.4)
No 586 (83.6) 16173 (75.8) 4103 (71.7) 19292 (75.0) 40154 (75.1)
Missing 35 (5.0) 957 (4.5) 337 (5.9) 3234 (12.6) 4563 (8.5)
E-cigarette Use
Yes 173 (24.7) 8310 (39.0) 2452 (42.8) 6907 (26.9) 17842 (33.4)
No 496 (70.8) 12172 (57.1) 2972 (51.9) 15780 (61.4) 31420 (58.8)
Missing 32 (4.6) 853 (4.0) 301 (5.3) 3021 (11.8) 4207 (7.9)
COVID-19
Life Changed due toCOVID -19: Stress Has
Increased 286 (40.8) 10035 (47.0) 2535 (44.3) 9905 (38.5) 22761 (42.6)
Stayed the 326 (46.5) 8837 (41.4) 2385 (41.7) 10119 (39.4) 21667 (40.5)
same
Decreased 35 (5.0) 896 (4.2) 287 (5.0) 1244 (4.8) 2462 (4.6)
Missing 54(7.7) 1567 (7.3) 518 (9.0) 4440 (17.3) 6579 (12.3)
Life Changed due to COVID-19: Boredom
Increased 428 (61.1) 14458 (67.8) 3801 (66.4) 13948 (54.3) 32635 (61.0)
Stayed the 181 (25.8) 4640 (21.7) 1185 (20.7) 6106 (23.8) 12112 (22.7)
same
Decreased 36 (5.1) 640 (3.0) 209 (3.7) 1170 (4.6) 2055 (3.8)
Missing 56 (8.0) 1597 (7.5) 530 (9.3) 4484 (17.4) 6667 (12.5)
Life Changed due to COVID-19: Sleep
Increased 179 (25.5) 5223 (24.5) 1475 (25.8) 5687 (22.1) 12564 (23.5)
Stayed the 296 (42.2) 8237 (38.6) 2110 (36.9) 8743 (34.0) 19386 (36.3)
same
Decreased 172 (24.5) 6258 (29.3) 1607 (28.1) 6737 (26.2) 14774 (27.6)
Missing 54 (7.7) 1617 (7.6) 533 (9.3) 4541 (17.7) 6745 (12.6)
Life Changed due toCOVID -19: Cannabis Use
Increased 33 (4.7) 1269 (5.9) 396 (6.9) 1149 (4.5) 2847 (5.3)
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Stayed the 621 (88.6) 18173 (85.2) 4718 (82.4)
same
Decreased 47 (6.7) 1893 (8.9) 611 (10.7)

Physical Activity
Participation in School Competitive Sport

Yes 127 (18.1) 6373 (29.9) 1697 (29.6)
No 504 (71.9) 12768 (59.8) 3389 (59.2)
None offered at 41 (5.8) 1403 (6.6) 371 (6.5)
my school
Missing 29 (4.1) 791 (3.7) 268 (4.7)

Average Combined Hard and Moderate physical activity per day
Mean (SD) 88.8 (737) 94.2 (753) 98.6 (792)
Missing 46 (6.6) 1313(6.2) 392 (6.9)

Health Eating
Diet restriction in the Past Week (Number of Days)

Mean (SD) 0.8 (2.0) 1.3(25) 2.2 (2.9

Missing 49 (7.0) 1091 (5.1) 370 (6.5)
FastFood Purchased in the Past Week (Numbers of Days)

Mean (SD) 1.1 (15) 1.1 (1.3) 1.1 (14)

Missing 49 (7.0) 1091 (5.1) 370 (6.5)

Vegetable Consumption in the Past Week (Numbers of days)

Mean (SD) 5.4(2.3) 5.4 (2.3) 5.2 (25)
Missing 49 (7.0) 1091 (5.1) 370 (6.5)
Fruit Consumption in the Past Week (Numbers of days)
Mean (SD) 4.9 (26) 5.1 (25) 4.9 (26)
Missing 49 (7.0) 1091(5.1) 370 (6.5)
Screen Time

Watching TV (Minutes per day)
Mean (SD) 520.5 (310.3)
Missing 15 (2.1)

493.1 (281.9)
431 (2.0) 139 (2.4)
Surfing Internet (Minutes per day)

Mean (SD)
Missing

107.4 (127.7)
15 (2.1)

109.1 (116.7)

431 (2.0) 139 (2.4)
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552.3 (328.3)

121.1 (132.1)

21881 (85.1)

2678 (10.4)

4714 (18.3)
16517 (64.2)
1349 (5.2)

3128 (12.2)

91.0 (84.7)
4379 (17.0)

1.4 (25)
3747 (14.6)

1.0 (1.3)
3747 (14.6)

4.8 (27)
3747 (14.6)

4.5 (27)
3747 (14.6)

594.3 (442.3)
2495 (9.7)

131.8 (155.4)
2495 (9.7)

45393 (84.9)

5229 (9.8)

12911 (24.1)
33178 (62.1)
3164 (5.9)

4216 (7.9)

93.2 (80.1)
6130 (11.5)

1.5 (2.5)
5257 (9.8)

1.1 (1.3)
5257 (9.8)

5.1 (2.5)
5257 (9.8)

4.8 (2.6)
5257 (9.8)

546.6 (372.3)
3080 (5.8)

120.9 (138.0)
3080 (5.8)



Doing Homework (Minutes per day)
Mean (SD) 95.1 (84.4) 88.9 (81.5) 85.6 (86.6) 93.3 (100.5) 90.7 (91.3)
Missing 15 (2.1) 431 (2.0) 139 (2.4) 2495 (9.7) 3080 (5.8)

Mental Health
Mental Health Wellbeing (FLOURISH)

Mean (SD) 31.8 (6.1) 32.3(5.6) 31.8 (6.0) 31.0 (6.4) 31.6 (6.1)
Missing 55 (7.9) 1377 (6.5) 477(8.3) 4272 (16.6) 6181 (11.6)
Anxiety (GAD7)
Mean (SD) 6.9 (5.8) 6.9 (5.8) 6.9 (5.89) 7.3(6.1) 7.1(5.9)
Missing 70 (10.0) 1706 (8.0) 555 (9.7) 4701 (18.3) 7032 (13.2)

Depression (CESD)
Mean (SD) 9.6 (6.5) 9.6 (6.5) 9.7 (6.6) 10.4 (6.9) 10.0 (6.7)
Missing 74 (10.6) 2158 (10.1) 674 (11.8) 5489 (21.4) 8395 (15.7)

5.4.2 ModelPerformance

After experimentingvith the six ML classifiers, SVM, Random Forest, and XGBoost
were the models that achieved the highest F1 scores corresponding iwdrBformed, Top 50
variables, and all variables datasets when nested-catidationperformedacrosshe six ML
algorithms (Tabl&.5). The optimal parameters from Optuna were used to train SVM, RF, and
XGBoost on the training datasé&gpendixC). The details of theverall andnodel performance
for healthy weight, overweight and obese, and unkncataegoriesn bothCCA and Ml are in
Tables 5.6,5.7and5.8.

From the CCA resudt XGboost had a higher RGEUC (0.78) tharRFand SVM. In
MI, SVM also performeavorsethan RF and XGBoost. XGBoost and RF had a similar
performance. In XGBoost, the F1 score and R&EC were higher in both CCA and Ml in the
overweight and obese categories than in RF. In XGBoost CCA, the F1 score was 0.43 and 0.80
for ROGAUC score while in MI, the F1 and RO@UC scoresvere 0.3 and 0.80. Both
approaches outperformed RF CCA (F1= 0.40 and AQC=0.80) and RF MI (F£ 0.34
ROGAUC = 0.78). ThereforeXGBoost was selected as the final model for the SHAP analysis.
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Table5.5F1 Score ofSix MachineLearningClassifiers on th&hreePreprocessintrategies

CCA MI
ML Classifiers | LDA - Top 50 All variables | LDA - Top 50 All
(F1 score) transformed transformed variables
SupportVector | 0.60 0.61 0.57 0.61 0.62 0.59
machine
Logistic 0.60 0.58 0.57 0.60 0.59 0.57
Regression
XGBoost 0.59 0.72 0.68 0.60 0.73 0.69
Random Forest | 0.55 0.72 0.65 0.56 0.74 0.67
K-Nearest 0.55 0.51 0.56 0.55 0.52 0.58
Neighbor
Multinomial 0.39 0.50 0.49 0.39 0.50 0.50
Naive Bayes
Table5.6 Overall ModelPerformance irPredicting BMI Status
Models Preprocessing | Accuracy | Precision | Recall F1 ROCGAUC
Strategies
CCA

Support LDA- 0.57 0.61 0.57 0.58 0.74

Vector transformed

Machine

Random Top 50 0.64 0.63 0.64 0.63 0.77

Forest

XGBoost All variables 0.64 0.63 0.64 0.63 0.78

Ml

Support LDA- 0.57 0.63 0.57 0.59 0.75

Vector transformed

Machine

Random Top 50 0.64 0.64 0.65 0.64 0.78

Forest

XGBoost All variables 0.64 0.64 0.64 0.64 0.79
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Table5.7 Performance Metrics of each BMtatus in CCA

CCA Preprocessin(Performance [Healthy Overweight and|Unknown
Strategies  [Metrics Weight Obese
Support VectoLDA - Overall 0.57
Machine Transformed |Accuracy
Precision 0.67 0.31 0.62
Recall 0.62 0.58 0.51
F-1 score 0.64 0.40 0.56
ROGAUC 0.74 0.78 0.70
Random Top 50 Overall 0.64
Forest Accuracy
Precision 0.67 0.48 0.63
Recall 0.73 0.34 0.63
F-1 score 0.70 0.40 0.63
ROGAUC 0.77 0.80 0.75
XGBoost All Variables |Overall 0.64
Accuracy
Precision 0.67 0.41 0.64
Recall 0.72 0.46 0.61
F-1 score 0.69 0.43 0.63
ROGAUC 0.78 0.80 0.75
Table5.8 Performance Metrics of each BMI status in Ml
MI PreprocessingPerformance |Healthy Overweight anjlUnknown
Strategies Metrics \Weight Obese
Support VectdLDA - Overall 0.57
Machine Transformed |Accuracy
Precision 0.62 0.28 0.71
Recall 0.64 0.59 0.51
F-1 score 0.63 0.37 0.60
ROCGAUC 0.75 0.78 0.72
Random Top 50 Overall 0.64
Forest Accuracy
Precision 0.65 0.48 0.66
Recall 0.64 0.27 0.74
F-1 score 0.64 0.34 0.70
ROGAUC 0.78 0.78 0.76
XGBoost All Variables [Overall 0.64
Accuracy
Precision 0.64 0.45 0.68
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Recall 0.67 0.31 0.70
F-1 score 0.65 0.37 0.69
ROCAUC 0.79 0.80 0.77

5.4.3 SHAPAnNalysis

The SHAPInterpretationwas based on the CCA approach (Figuie5.3). The Ml
approach generated a similar resoal€CA (Figure %47 5.7).

Figure5 shows the global importance by ranking the importance of each faature
descendingrderacross BMI status. The top five variables that had the most influence on BMI
were student weight perception, sex, the intention of changing their weight, age and school
marks in the XGBoost prediction model. To understand the relative feature impavitirine
each BMI category, the SHABeeswarnplot for the healthy weight, overweight and obese, and
unknown werausedto quantify the influence of each predictor basadhe SHAP values
(Figure5.1 A-C). All BMI classes ranked weight perception as the most impoatdrf
associated witthemo d e | 6 sUsinguht gverweight and obese SHAP pstan example
the higher feature value (red) in weight perception indicated a positive SHAP value, classifying
students with higher values in weight perception as being in this category. Based on the boxplots
in Figure5.2B, students who perceived themselvef\vasy overweighd had the highest SHAP
value. This showed th#te perception of being very overweight Feggbsitivecontributionto
being identified as the overweight and obese class.

On the contrary, the boxplot (Figuse2 A) that showed the distribution of SHAP value
for students more |ikely to be in the healthy
overweightod had the | owest SHAP value (negati
decreased the model gretion for classifying studentasa healthy weight. For the unknown
class boxplot, perceivingneselfas very underweight or slightly underweight strongly increased
the model 6s cl| assi fnownaldasse@-iguredc2 C)Sihce gerdertwas i nt o u
ranked as the most importdattorfor the unknown class, the boxplot (Fig&r2 D) illustrated
the effect of gender feature values on SHAP v
and Al prefer not to sayo had a higher positi
indicated that students who chose the above two categories werdikaty to be grouped into
the unknown weight class.

To comprehensively understand the interpretability of individual student predictions, we
also generated the SHAP Waterfall plots for each BMI class. The red arrows pointing to the right

96



refer toa positivecontributionto predicting this student as healthy weight, overweight and
obese, or unknown. In reverdsdye arrows indicated movement against prediction in the
corresponding weight class. Each variable was ranked from top to bottom based on its
importance in contributing to the model prediction

In Figure5.3A, ahealthy weight sample cho&g = About the right weigldtwhen askd,
fiHow do you describe your weiglit?This choice significantly (+0.57) pushed the model
towardspredicting this student as being in the healthy weight class. This positive influence was
also seen ithe response techool marks (1 = 909%00%).However, vi en choosi ng Al
weighto for the question AWhich of the follow
movedin anegative direction, suggesting tlla¢intentionto lose weight was inversely related
being classified as a healthy weighbrthe samplen the overweight and obese class (Fighu&
B), the perception of very overweight was the major contributor to overweight and obese
prediction (+1.5)Meanwhile, being female decreased41) the prediction of being overweight
and obese. In the unknown class (Figau@C), older age and goal of attainin@ university
degree as the highest education reduce the likelihood of being in the unknown weight class
Conversely, being female and perceiving oneself as slightly underweight pushed the prediction
toward the classification of unknown weight for this student.

Comparedvith the overall population, SHAP plodsopresented the overweight and
obese and unknown BMI stratifidny females and males. Thwo most important factors
associated with these BMI predictions were still weight perception and weight change intention.
This finding was consistent with the ones in the overall population. When looking at the top five
factors in the overweight and obese plot (Figure 5.8), itneéedthat sportgelatedactivities
and exerciswere more importarfor males At the same tne, the risk and difficulties of
substance use and sleep were signifitantemales For example, the lower feature value (blue)
in the competitive school sports indicaféesi participated 6 and t he increased
in muscle training (red) had a positive SHAP value, contributing tanthael predicting
overweight and obed&MI. In females, lower feature levels in the risk of cannabis use, which
was fAno risko or Al ow r i s ksuggestng diraction®wardi n a po
the averweight and obese BMI.

In the unknown BMI plot (Figure 5.9age and school marks were ranked among the top
three factors in both females and males. This was slightly different than the overall population
wheregender and weight perception were the top two most important f§etgtse 5.1 C)For
males and females, younger age and lower school marks (high featuresircheds 50% or
lower gradeshad moved positivelfowardsan unknown BMI predictionThere was no
noticeable difference between these two groups amonggHivéofactors, except in the
categories of substance uber example, males who were younger and consumed more than a
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sip of alcohol contributed positively to this prediction. Conversely, females who chose either
feasyo or Adondét knowo for the difficulty

into the unknown BMI category.

Figure 5. SHAP summary plédr all BMI statusin CCA
CCA: SHAP Summary Plot for all classes in BMI status

How do you describe your weight? | IR —
Are you female or male? [INIIIIEIEINGEEN
What are you trying to do about your weight? [N
AGE I

School marks [N

Difficult or easy for you to get marijuana if you wanted some? I

Highest education you would like to get I

Spend money for myself from pay cheque of a job [N
Participation in competitive school sports teams I
Participate in league or team sports outside of school | N
Risk level for trying cannabis a few times [l

Days on exercises to strengthen or tone your muscles in a week? I
Video games mins per day Il

How much money get each week to spend on yourself or to save Il
Average length of sleep per night in a week [l
Total N of days diet restriction [l

Average combined HARD and MODERATE physical activity per day [l
Form of curriculum [l B Overweight and Obese
s Unknown

Dink of alcohol that was more than just a sip [l
FLOURISH_psychosocial wellbeing [Hll BN Healthy weight
0.0 0.2 0.4 0.6 0.8 10 12 14 16
mean(|SHAP value|) (average impact on model output magnitude)
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Figure5.1 SHAP beeswarnplots for health weighverweight and obese, and unknown in CCA

(A) Healthy weight

How do you describe your weight?

What are you trying to do about your weight?

Are you female or male?

AGE

School marks

Video games mins per day

Highest education you would like to get

Texting and message per day in mins

Days on exercises to strengthen or tone your muscles in a week?
Watching TV : Minutes per day

Total N of days diet restriction

Total daily sedentary

Time gone to sleep on weekends

Total daily sedentary activity homework excluded

Financially comfortable

My physical activity has... due to COVID-19

How much money get each week to spend on yourself or to save
Dink of alcohol that was more than just a sip

Difficult or easy to get pain relievers?

Generalized Anxiety Disorder Scale

(B) Overweight and obese

How do you describe your weight?

Are you female or male?

What are you trying to do about your weight?

Risk level for trying cannabis a few times

Difficult or easy for you to get marijuana if you wanted some?
Participation in competitive school sports teams

Total N of days diet restriction

Average length of sleep per night in a week

Spend money for myself from pay cheque of a job

Participate in league or team sports outside of school

Average combined HARD and MODERATE physical activity per day
CESD Depression scale

Doing Homework: Minutes per day

Days on exercises to strengthen or tone your muscles in a week?
FLOURISH_psychosocial wellbeing

Total daily sedentary activity homework excluded

| generally recover from setbacks quickly

Language

Total N of days eat vegetables in a week

Risk level for smoking cigarettes regularly

SHAP summary plot for class Healthy weight (label 0)

20 15 os 10

io
SHAP value (impact on model output)

SHAP summary plot for class Overweight and Obese (label 1)

 —— s .

bbbkt

L

1
SHAP value (impact on model output)
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(C) Unknown

Are you female or male?

How do you describe your weight?

Spend money for myself from pay cheque of a job

Highest education you would like to get

Difficult or easy for you to get marijuana if you wanted some?
AGE

School marks

Participation in competitive school sports teams

Participate in league or team sports outside of school

How much money get each week to spend on yourself or to save
Days on exercises to strengthen or tone your muscles in a week?
Dink of alcohol that was more than just a sip

Form of curriculum

Risk level for trying cannabis a few times

Vaping due to curiosity

FLOURISH_psychosocial wellbeing

Age when first drink alcohol more than just a sip

Frequency of 5 alcohol drinks in the last 12 months

Average length of sleep per night in a week

Average HARD activity per day

++0“

SHAP summary plot for class Unknown (label 2)

2
SHAP value (impact on model output)
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Figure5.2 Boxplot of weight perceptioand gnder SHAP values i@ach BMI status (CCA)

(A) Weight perception imealthy weight

1.0 1

o5 %

SHAP Values far Healthy Weight

Wery undlerweight Slighitly ur':den-.reigr'rt About the rlight weight Slightly n:ulerweig ht Wery mrérweight

(B) Weight perception in overweight and obese

, =
=+

SHAP Values for Overweight and Obese

o
8
8
—

very underweight Slightly underweight About the right weight Slightly ovenwveight Very overweight
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SHAP Values for Unknawn Weight

(C)Weight perception imnknown

—— -

0.4

0.2 1 R .

0.0 4

0.4 - —1

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

(D) Gender inunknown

SHAP Values for Unknown Weight
N

Joo==
%_;_:’

T T T
Female Male | describe my gender in a different way | prefer not ta say
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Figure5.3 SHAP Waterfallplots for each BMI Class

(A) A sample student from healthy weight

fix) = 0.965

% = How do you describe your weight?

1 = School marks +0.27
1 = What are you trying to do about your weight? —0.19

| = Are you female or male? +0.19

1

L5 - ace P oo

1 = Financially comfortable ' +0.06
5 — Highest education you would like to get . +0.06
2 = Time gone to sleep on weekends —0.06 .

My stress has... due to COVID-19 . +0.05

134 other features
0.0 0.2 0.4 0.6 0.8

—0.2
E[fiX)] = —0.269

(B) A sample student from overweight and obese

Mx) =101

% = How do you describe your weight +1.5
1~ Are you female or male
1~ What are you trying to do about your weight
14 = Generalized Anxiety Disorder Scale
+ = Difficult or 2asy for you to get marijuana if you wanted soma?
& Total N of days diet restriction
14 AGE
2 - Risk level for trying cannabis a few times
| = Life changed changed after COVID-19_My sleep has

136 other features

1.0

=050 -0.25 0,00 0.25 0.30

E[AX1] = 0.
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(C) A sample student from unknown

16 = AGE

1 = Are you female or male?

4 = Highest education you would like to get

92.142 = Average combined HARD and MODERATE physical activity per day
Total M of days diet restriction

0 — Days on exercises to strengthen or tone your muscles in a week?

/ = How do you describe your weight?

1 = Comfortable financially

6 = Dink of alcohol that was more than just a sip

136 other features

flx) =~ 1.0¢

-125 -100 -0.75 -0.50 -0.25

104

0.00
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Figure 54 SHAP summaryplot for all BMI statusin Ml

MICE-imputed:SHAP Summary Plot for all classes in BMI status

How do you describe your weight? [
Are you female or male? [N
What are you trying to do about your weight? |
AGE I
Highest education you would like to get |
School marks [N
Average MODERATE activity (min) per day [N
Participation in competitive school sports teams I
Difficult or easy for you to get marijuana if you wanted some? I
Texting and message per day in mins [N
spend money for myself from pay cheque of a job [N
Average length of sleep per night in a week I
Average combined HARD and MODERATE physical activity per day I
How much money get each week to spend on yourself or to save [N
Days on exercises to strengthen or tone your muscles in a week? [N
Risk level for trying cannabis a few times [N
Video games mins per day I
Average HARD activity per day [N
Surfing Internet : Minutes per day [N
Language [ B Healthy weight
000 025 050 075 100 125 150 175 200
mean(|SHAP value|) (average impact on model output magnitude)

EEm Overweight and Obese
EmE Unknown
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Figure5.5 SHAP beewswarnplots for each BMktatus in Ml

(A) Healthy weight

How do you describe your weight?

What are you trying to do about your weight?

Are you female or male?

AGE

School marks

Texting and message per day in mins

Highest education you would like to get

Video games mins per day

Watching TV : Minutes per day

Days on exercises to strengthen or tone your muscles in a week?
How much money get each week to spend on yourself or to save
Total daily sedentary

The use of a mask can reduce the droplet transmission of COVID-19
Average MODERATE activity (min) per day

Dink of alcohol that was more than just a sip

Average combined HARD and MODERATE physical activity per day
I can talk about my problems with my family

Average HARD activity per day

Form of curriculum

Total N of days diet restriction

(B) Overweight anabese

How do you describe your weight?

Are you female or male?

What are you trying to do about your weight?

Participation in competitive school sports teams

Average length of sleep per night in a week

Average HARD activity per day

Language

Average combined HARD and MODERATE physical activity per day
Risk level for trying cannabis a few times

Difficult or easy for you to get marijuana if you wanted some?
Doing Homework: Minutes per day

FLOURISH_psychosocial wellbeing

Average MODERATE activity (min) per day

Texting and message per day in mins

CESD Depression scale

Total N of days diet restriction

Difficulty in Emotional Regulation Scale

Total daily sedentary activity homework excluded

Surfing Internet : Minutes per day

COVID-19 is only dangerous for the elderly population

SHAP summary plot for class Healthy weight (label 0)

-3 -2 -1 [ 1
SHAP value (impact on model output)

SHAP summary plot for class Overweight and Obese (label 1)
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(C)Unknown

Are you female or male?

How do you describe your weight?

Highest education you would like to get

Spend money for myself from pay cheque of a job

Average MODERATE activity (min) per day

AGE

Difficult or easy for you to get marijuana if you wanted some?
School marks

Participation in competitive school sports teams

How much money get each week to spend on yourself or to save
Risk level for trying cannabis a few times

Participate in league or team sports outside of school

Days on exercises to strengthen or tone your muscles in a week?
Surfing Internet : Minutes per day

Average length of sleep per night in a week

Video games mins per day

Form of curriculum

Smoking Susceptibility - Two Measures

Doing Homework: Minutes per day

Total N of days eat vegetables in a week

'l

.’.
-
+

SHAP summary plot for class Unknown (label 2)

2 3
SHAP value (impact on model output)

High

Low
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Figure5.6 Boxplot of weight perceptioandgender SHAP values in each BMI sta{iil)
(A) Weight perception in healthy weight
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SHAP Values for Unknown

SHAP Values

(C)Weight perception in unknown
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Figure5.7 SHAP waterfall plots of each BMI status in Ml

(A) A sample student from healthy weight

~ How do you describe your weight?

210 = Total daily sedentary . +0.23
What are you trying to do about your weight? ' +0.18
1 = Dink of alcohol that was more than just a sip -0.15 .
Parents/guardians expect too much of me -0.11 .
/ = How much money get each week to spend on yourself or to save . +0.11
1 = Comfortable financially . +0.1
6 = Highest education you would like to get 0.09 .
20 = Texting and message per day in mins 0.09 .
134 other features +1.7
0.0 0.5 1.0 15 2.0 2.5
E[fX)] 69
(B) A sample student from overweight and obese
x)
How do you describe your weight?
Where do you usually get vapes
= Total daily sedentary activity homework excluded
COVID-19 is only dangerous for the elderly population
Are you female or male?
What are you trying to do about your weight?
- Video games mins per day
Doing Homework: Minutes per day
The use of a mask can reduce the droplet transmission of COVID-19
134 other features -1.21
0.6 08 1.0 12 14 16
EInX)

11C



(C) A sample student from unknown

1 = Are you female or male?
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Figure 58 SHAP beeswarnplots of overweightand obeséemalesvs males
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Figure 5.9SHAP beeswarm plotf unknown weighfemalesvs males

AGE

Spend money for myself from pay cheque of a job

School marks

Highest education you would like to get

Difficult or easy for you to get marijuana if you wanted some?
Form of curriculum

How much money get each week to spend on yourself or to save
Average combined HARD and MODERATE physical activity per day
Participation in competitive school sports teams

Average length of sleep per night in a week

Total N of days eat vegetables in a week

Risk level for trying cannabis a few times

CESD Depression scale

FLOURISH_psychosocial wellbeing

Age when first drink alcohol more than just a sip

What are you trying to do about your weight?

Total daily sedentary activity homework excluded

I have a happy home life

Watching TV : Minutes per day

Total daily sedentary

AGE

School marks

Age when first drink alcohol more than just a sip

Highest education you would like to get

Participate in league or team sports outside of school
Participation in competitive school sports teams

Spend money for myself from pay cheque of a job

Average HARD activity per day

Days on exercises to strengthen or tone your muscles in a week?
How much money get each week to spend on yourself or to save
Video games mins per day

Dink of alcohol that was more than just a sip

Difficult or easy for you to get marijuana if you wanted some?
Frequency of five drinks of alcohol or more

Life changed due to COVID-19: My physical activity has

Risk level for trying cannabis a few times
FLOURISH_psychosocial wellbeing

Risk of health_smoking regularly

Total N of days eat vegetables in a week

I generally recover from setbacks quickly

11

SHAP Plot among female_ Unknown

~050 -025 0.00 025 050 075
SHAP value (impact on model output)

SHAP Plot among male_ Unknown

o
R
-’Io“—_—lﬂ - e e
g

-0.4

0.2 0.0 02 0.4 0.6

SHAP value (impact on model output)

High

Feature value

High

Feature value



5.5 Discussion

In this study, we prepared three data processing strategies, LDA transformation, selecting
the top 50 variables based on the feature importance, and using all variables as inputs for model
training. We selected the top performer among the six classificegiodidates based on the F1
score for each strategy through cressidation, followed by Optuna for hyperparameter tuning.

For both CCA and MI approachdgining on all variablesn XGBoost machine learning
algorithms demonstrated higher F1 or RBGC scores than SVM and RF. SVM was the top
model for LDAtransformed inputs, and RF was the top one for the 50 features dataset. This
study incorporated SHAP analysis and provided summary and waterfall plots for global and
individual explanations to providaterpretable model prediction results. The summary plot
provided insights into the degree of eaabtdi®6 associatiorwith model prediction regarding the
three BMI statuses. The top tw@nificantvariables were student weight perception and
intention tochange weight.

Based on the SHAP summary plot, it vedsarthatstudents who perceived themselves as
slightly overweight or very overweight were classified into overweight and obese classes. When
the individual profile contained perceiving as overweight and trying to lose weight, these
students were more likely to lrethe overweight and obese categdkgolescents who
perceived themselves as overweight had a higher intention of participating in weigh6Rjss
Previously reported results also showed that overweaigthibbese youth were more likely to try
to lose weight than the nasverweight group [164]. Weight perception was also found to be
significantly associated with weight gatelf-identifying as overweighincreased the likelihood
of overeating, and this risk factor contributed to the weight increase and obstructed weight
management [165].

Il n contrast, the prediction in the healthy
weight as being about the right weight, not trying to do anything about their weight, and having
an average of 9000% of school marks. Additionally, femaleremore likely to be predicted
in the healthy BMI group than malddased on the stratified plots between females and males,
males whaexercised more were predicted to haverweight and obese BMThese results
align withthe previous study. Regarding acadeperformance, healthy weight BMI children
had a higher probability of reportirgpod grades than obese children [170]. While boys were
reported to have a highebesityprevalence than girls, studies also revealed that females, on
average, tended to underreport their weight than males due to the influence of social media
stigma on body image 66,167, 168, 169]. This might explain why females were less likely to
be predicted in the overweight and obese class from the SHAP summarynptoisiparisorto
females, playing sports amegaging irmuscle training in males were more associated with

114



overweight and obese BMI prediction. It was also illustrated that males have the tendency and
desire to build muscle and increase weidf4. In a National Study of Adolescent to Adult
Health, males (29.2%) hadauch higher percentage of attempting weight gain relative to
females (7.0%). Among the participants, 25.2% of males engaged in reabelecing

compared to only 3.8%f females 255.

It was also interesting to see that perceiving as very underweight and underweight most
influenced the model prediction of the unknown class. Chau et al. [220] emphasized the linkage
between reporting BMI refusal and heat#ated factors. In their studgarticipantsvho
perceivedhemselvess underweight had 3.43 times increased odds of not reporting their BMI.

In contrast, those feeling overweight had 1.77 times the odds of refusing to report after
controlling for covariates [220]. Moreover, Guss ef&ar? illustratedthat transgender youth

had 2.4 times the odds (adjusted) of describing themselves as an underweight or healthy weight
when they were overweight and obese compared to cisgender females. These findings aligned
with the SHAP discovery on the relationshipvibetn weight perception of underweight and

missing seHreported BMI.

Although why the gender minority group influenced the model prediction more towards
unknown BMI than females and males is not confirmed, previous research has illustrated a
significant relationship between missing BMI and poor body image and pointedhbut th
transgender participants experienced higher levels of body dissatisfaction and negative self
perception due to social stigma on body image than cisgender populations [173, 174, 175]. These
critical factors need to be considered to analyze the misdingeperted weight. Future studies
may need to focus more on comparing weight perception and weight change intention among
different gender groups.

This study has several limitations. First, thesesa lack ofrepresentative risk factor data
for predicting childhood obesity. COMPASS is a comprehensive youth dataset with multiple
domains, including substance use, mental health, school connectedness, sleep, and physical
activities. However, it does not contain t@s highly associated with overweight and obesity,
such as parental data. Parental data is an important indicator that affects the formation of
childhood obesity [26, 27]. Studies that achakgeperior model performance in classifying
youth BMI include parental education level, children's medical history, family history of being
overweight, and prenatal information [1435, 196 197].Second, the weighelated variables
were selreported, and discrepancies in height and weight have been noted in this reporting
[191, 192]. Other studies also emphasized the misperception of weight. For instance, males were
more likely to overreport their height, while females were more likely to underwtbigiht
weight [193]. Even though our study results showed that weight perception was the most
significant variable in BMI predictiordiscrepancies in seiflentification could create
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difficulties in developing targeted interventions to prevent youth obé&srgn though

stratification was performed between females and males, factors associated with BMI prediction
among gender minorities were unknown due toetkteemely small sample sizeuture wok

should also consider conducting subgroup analysis on ethnicity to address potential different
implications.Lastly, the model's generalizability is limited to students who participated in the
COMPASS study, and the result may not be pralaticather provinces or countries. Future

studies on other youth populations are recommended to draw additional insights into other
factorsassociated witlyouth BMI status.

5.6 Conclusion

This study utilized machine learning classifiers to predict childhood obesity (cohort
202021) and providd SHAP interpretation to explain the critical factassociated witlthe
model's prediction of youth BMI. The results of this study disseminated essential implications
for future research and obesity prevention initiatives, primarily focusing on addressing youth
weight perception and weight change intention. This studgwrages schools and policymakers

to i mplement well ness s uppoinfluengeandimprozenssidento r e d

selfesteem and acceptance of body weight.
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Chapter 6

Exploring the Longitudinal Weight Perception Transition and
Associated Fctors Using the Markov Chain Model and Deep
Learning Approach

6.1 Abstract

Background

Weight perceptiomas beerflound tobe significantly related to weight status among youth.
Misconception of weight status has resulted in extreme weight loss and other adverse behaviours.
Examining the transitional probabilities of weight perception and the relevant factors is critical to
understanding the influence on weight perception and piogitargeted interventions to reduce

body dissatisfaction. However, limited research has been established on the weight perception
transition over time and its associated factors. This study aiidsritfy the transition

probabilities in weight perception over time and utilize deep learning models to predict weight
perception and observe important variables associated with weight perception.

Methods

Using a thregyear linked COMPASS dataset, this study applied the Markov Chain Model to
observe the transition probabilities of weight perception. The multinomial logistic regression
models assessed the significant factors in weight perception in YedrtBeammansition of

weight perception from Year 1 to Year 2. To predict the weight perception in Year 3 and observe
the temporal change of tlassociatedactors, RNN and LSTM were implemented with SHAP
analysis to interpreassociatediactorscontributingto the model prediction.

Results

Most students were likely to maintain the same weight perception as the previous year. Students
with higher BMI and an intention to lose weight were more likely to continue perceiving
themselves as overweight or transition from perceiving themselvesnasaixiut the right

weight to overweight. Conversely, students with healthy BMI who did not skip breakfast to lose
weight were more likely to maintain an accurate weight perception. Additionally, muscle
strengthening exercises were found to have a progeeffect by reducing the likelihood of
maintaining an overweight perception.



Conclusions

This study utilized the Markov Chain Model and deep learning models to address the gaps in
understanding weight perception transitions over time and the temporal effects of key factors
associated with weight perception. Early intervention in schools, including programs advocating
for accurate body image and improved sslfeem, is essential.

6.2 Introduction

Adolescence is a critical periodarked byrapid physical development. This
transformation could challenge body image acceptance and perception [221]. Body image is a
multidimensional construct consisting of feelings, thoughts, and perceptions regarding an
individual's own body and body of othg221, 222]. Weight perception was often represented as
the subjective assessment of their bodies in terms of underweight weight, right weight, or
overweight [162, 177Mi sconceptions about onebés body can
of others [221]Misidentification of weight status and body dissatisfaction is common among
children and adolescents [228Yeight misconception is known as individuals perceive their
weight status differently than their trusbjective weight status [224]. Study shows adolescents
who are overweight and obese tend to underestimate their actual weight, and the ones with
normal weight could overestimate their weight status. Females are also more likely to
overestimate their weiglstatus than males and engage in weightpoastices [162, 194, 225].

Several factors have been mentioned to influence adolescent's perception of weight. One
of them is BMI, which is more connected with sedported data [226]. Studies have shown that
healthy weight or overweight teenagers who perceive their weight asesghtwave a higher
possibility of participating in weight loss activities. At the same time, there is a large proportion
of teenagers who have a BMI overweight or at risk of overweight perceive themselves as
underweight. They are also unlikely to engageeightloss activities such as dieting and
physical exercises [226This discrepancgeems common among adolescents, who tend to
overreport their height and underreport their weight [221]. In addition, inappropriate weight
control practices are also linked to the under or overestimation of body weight. For instance,
teenage boys are moiikdly to attempt gaining weight for an idealism in muscularity. As a
result, healthy boys could also perceive themselves as overweight and intend to lose weight for a
muscular body [227]. Dissatisfaction with the body happens more often among girls, who are
more likely to participate in weight control practices. Some media and cultural norms advocated
having afithino body, such as a-ghape upper body or lower walsp ratio [227, 228]. Due to
the stigmatization of body image, individuals who perceive themselves as overweight engage
more in the weight loss effort and could try extreme weight management strategissnm
vomiting, skipping meals or fasting [182, 228].

On the other hand, the perception of the right weight positively affected the youth as they
experienced fewer depressive symptoms longitudinally than overweight or underweight
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perceptions [177, 229, 23R dolescents who perceive themselves at the right weight are more
likely to engage in physical activities such as resistance training and school sports participation
than those who perceive themselves as overwf@0j. Research also discovered that male and
female adolescents with lower body dissatisfaction were active in sports [231, 232]. Based on the
distorted effects resulting from misperception of weight status, it is necessary to develop targeted
public hedth strategieso promote accurate weight perception among youth.

To account for the transition status, the Markoadelhas been utilized in previous
childhood obesity studies. Hu et al. [150] and Chen et al. [149] implemented the Markov model
to observe the transition probabilities and patterns of childhood weight status. They discovered
that youth originally were normateight or obese intended to maintain their fgtge weight
status. Additionally, Tang et al. [151] used the multistate Markov model in a longitudinal study
and reported dynamic change in weight status among young people. While many studies focus
on theassociation of weight perception with risk factors cresstionally or discover the
dynamic change in weight status, few research has investigated the transition pattern of weight
perception and thgignificantfactors over time.

Besides observing the transition probability using the Markov model, limited research has
used time series machine learning methods to predict weight perception among youth besides
childhood obesity. The time series classification predictive model usgituldimal or sequential
inputs across time on a target variable. Deep learning models are known to have the capability of
capturing the time variation among the variables compared to the traditional classifiers, including
random forest, support vector mawhor logistic regression [234]. Several studies from the
healthcare domain utilized tirgeries deep learning models such as RNN (Recurrent Neural
Network) and long shoiterm memory (LSTM) in EHR obesity research [134, 235, 236, 237,

238]. For instanceGupta et al. [134] used the LSTM network to train the model and predict
obesity between 3 and 20 years old based on
utilized both LSTM and RNN to identify the keywords related to obesity weight stdtue be

and after COVIDB19 from the national health and nutrition examination survey in Korea [236].
Based on the previous studies, RNN and LSTM have been widely applied for time series
modelling, proved promising results, and were appropriate for capthenghanges of the

outcome of interest longitudinally.

To the best oturrentknowledge, the deep learning model has not been utilized in weight
perception research. Investigating the change in weight perception and the related factors could
aid further intervention to focus on the important factors influencing weight perceptien. T
accuracy of selperception of weight status is critical for weight management, including
nutritional and physical activity perspectives to reduce youth obesity [239]. The objectives of the
studies aim to 1) explore the transitimmbabilities in weight perception over timasingthe
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Markov ChainModel and identify theignificantfactors associated with weight perception
throughmultinomial logistic regression and Build deep learning models (RNN and atterttion
based LSTM) to predict the Year 3 weight perception among ayeardinked COMPASS
study.

6.3 Materials and Methods

6.3.1 StudyCohort

The three years linked datasets were Year 1 (2190Year 2 (20222), and Year 3
(202223). These datasets came from the COMPASS data syBtenCOMPASS study is a
prospective ongoing study that collects gradi2%tudents attending secondary schools in
Alberta, British Columbia, Ontario, and Quebec [48]. The COMPASS study {2042)
collects studenlevel through the anonymous, saliminisered COMPASS Student
Questionnaire (§ annually on assessing healthy eating, sedentary behaviour, alcohotapb
and marijuana use, bullying, academic achievement, physical activity, obesity, and school
connectedness [48] The participating students were permitted to use active information; passive
consent, and parental permission protocols. [48] Details abeutataset can be found in print or
on the websitev(ww.compass.uwaterloo.Lp9].

6.3.2 DataCleaning

In this study, the dataset is a thigar linked longitudinal dataset, represented by Year 1
(202021), Year 2 (20222), and Year 3 (20223). The questions within the versions as
AAppears at the end of the sur vetionalSchoQuebeco,
Climate ModuilQaieDricy @nQuelkkod@niii Sonsol i dated Respo
AOptional School Cli mate Module Onlyo, and AQ
variable selectionThe redundant variable refers to either questimisg subsectional from a
previous guestion or questions representing a similar perspdeativexample, instead of the

subsectional question, AHave you used a vape fc¢
apply) Curiosity [/ to fHavweyoseventi¢daivape alsolenomn, t he
asanec i garette? (e.g., JUUL, Vype, Suorin, Smok

that create the derived variables were droppe
Minutesped ay 6 was der iqgueas tfiHooomechttitméepertday do you usually
spend doing the following activities? Playing
time per day do you usually spend doing the following activities? Playing video/computer
games; Minuteso.
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6.3.3 Feature Selection for Predictors

The feature selection process was applied to choose the most relevant variables for
weight perception. Using feature selection improves the predictive model's performance by
including relevant features [189]. Gradient boosting tree models such as XGBoesttown
the capability to capture complex interactions based on their feature importance scores compared
to traditionaltredb ased model s [ 240]. XGBoost <classifier
cohort. F1 score and ROC AUC performance metrics weretasztermine the number of
features to be includedfter determining the number of features, the variables were ranked
based on their feature importance for each chosen nufitierariables were retained as long as
they appeared as an important feature in one of the.y&s#es the feature selection, predictors
came from various domains, including healthy eating, waiglated, physical activity, screen
time, sleep, COVIErelated, school engagement and substanceltseAppendix for Study 3
summarize the detailed feature selection and the final variables list. Thepdgteocessingn
collapsing the predictor variables and the outcomes can be found in the data transformation
section(Appendix D) Below are the representative questions from each domain.

In the physical activity category, questiansludedii On how many days i n
days did you do exercises to strengthen or tone your muscles? (e.gupgushups, or weight
training)o, and A D-schoolpnoonaun dr afterisghaltpleysicaln b ef or e

activities organized by your sch@dfe.g., intramurals,nen o mp et i t i ve -celatedb s) 0.
variables include the aggregated variables such as the total number of days of eating, snacks,
drinking water, fast food purchases, eafingt, and restricting diet to lose weight. The mental

health category included the Generalized Anxiety Disordeeni Scale (GAD7 [59] self

reported 1€tem Center for Epidemiologic Studies Depression Revised (GE8D[216]), and
Flourishing [55]. The COVIEr el at ed question asked, fAHow has
COVID-1 9 ? termis afanxiety, physical activity, time spent on social media, vaping, cannabis

use, loneliness, sleep and alcohol use. School engagement was assessed by the avérage schoo
marks, bullying, and school connectedness scores. Lastly, the substance use question asked about
the frequency of use of vaping, smoking, alcohol and cannabis.

The outcome weight perceptioras collapsed into three categories: slightly
underweight/underweight, about the right weight, and slightly overweight/overweight. The other

twoweightr el at ed factors were BMI and weight <chan;q
youtryingtodoabau your weight?06 For BMI, the missing
category(unknown).

121



6.3.4 Data Preprocessing

Missing data for weight perception was removed since it was only 5.7%. The remaining
missing data was handled using Multivariate Imputation by Chained Equations (RIstudio
2023 The outcome was included in the MICE imputation process but was instructed to leave out
of prediction. Gender and ethnicity were not provided in year 1 (202&o0 the gender and
ethnicity from subsequent years were used to fill in the missing Haggprediction matrix was
created in R to indicate the imputation methodgach variable [241]. The predictive meaning
matching was used for continuous variabMsminal categorical variables (unordered)
proceeded with polynomial regressitmgistic regression was applied for dichotomous
variables, and the ordinal categorical variables (ordered) response was imputed using the
proportional odds modeSince the highest missing percentage for the predictor was 9.7%, 10
imputed datasets were chosen with 50 iteratiDiesails of missing percentages can be found in
AppendixD. For selecting the imputed datastte mean differencebetween the imputed
dataset and the complete case dataset comparefbr the continuous variables. The imputed
dataset with the smallest mean difference was selected. Detailed MI imputation information is
providedin theMI section(Appendix D)

6.35 Markov Chain Model (MCM) and Statistical Analysis

Markov chains are commonly used to observe the-giedtate transition probabilities
across subjects. This model has been applied to evaluate treatment programs for describing the
chronic iliness's progression through discitatee homogeneous Markov dha [145]. It
modelled the health state at the end of each time cycle without considering the progression
between cycles [145]. Our study also focused on the disineteMarkov model of the
transition probabilities for the weight perception state adiose years without the explanatory
factors. The three states were underweight, about the right weight, and overweight.

I n this study, the probabiiltienextyeafd tyhe st ud
depends on their currentstabe. For i nstance, iif a student was ¢
we i g hread 1, iheir weight perception ¥ear 2 is determined only based on their weight
perceptiorstatus inY ear 1 represented by the following:

C

& e QQiI WYMQ / OAOxAECEO=
0 @ b Q¢ O WY QTR b Q¢ G WD QWY

5o 00Qi U0 / OAOx AECE O

To visualize the transition probability of weight perception fddear 1 toY ear 2 andrear 2 to
year 3, the Graphzigraphing package was implemented in Python to represent the weight status
transition probability over the year.
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To evaluate the association between weight perception and the potential significant
predictors, twanultinomiallogistic regression models were performed and adjusted for the
demographic variable, including gender and ethnicity. The first model observed the association
between the Year 1 predictor and Year 2 weight perceptions. In contrast, the second model
investgated the Year 1 predictors associated with the transition of weight perception from Year
1to Year 2. Since the COVHDI9 pandemic variables gnéxisted in Year 1 and Year 2, the
statistical analysis for finding the associated factors focused on the weight perception transition
group from Year 1 to Year 2.

The transition of weight perception from Year 1 to Year 2 was represented as nine
groups. Group 1 = Remained underweight, Group 2 = Underweight to about the right weight,
Group 3 = Underweight to overweight, Group 3 = Underweight to overweight, Group 4 =
Remained about the right weight, Group 5 = About the right weight to underweight, Group 6 =
About the right weight to overweight, Group 7 = Remained overweight, Group 8 = Overweight
to underweight, and Group 9 = Overweight to about the right weight. Thesasnexplored the
Year 1 predictors associated with weight perception changes from Year 1 to Year 2. The odds
ratio and 95% confidence interval (CI) were reported to interpret the strength of the association
between the significant predictors in Year 1, weight transitidasia Year 2, and the weight
transition from Year 1 to Year 2. The significance level for this research was set at p<0.05. The
statistical analyses were conducted in the SAS studio enviroriEretetprise Editioh

6.36 Deep Learning Data Preprocessing and Architecture

The Year 1 and Year 2 variables were used as the predictors, and Year 3 weight
perception was used as the primary outcome. The demographic venwabdeot included in
the model analysis due to the interest in tvaeiant features. Normalization was applied to the
continuous variable to be more balanced and reduce the effect of any outliers in the dataset. The
dataset was randomly split into 70% of sat into training and 30% of them into testing
datasets. The RNN and LSTM resampling was not straigidird because each two years of
records per student must be retained. SMOTE resampling methods randomly increased the
number of samplings in the minority group. Using the resampling could disturb the structure of
the longitudinal data format. To addrelse tmbalance in weight perception, the neural network
calculated the class weight of each weight perception @asgningnore weight to the
minority class than the majority class during model traifkiganalyseswereconducted in
Python (Version 3.A.13). The neural network models in this study used Tensorflow.keras
(Version 2.10.0).
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Recurrent Neural Network (RNN)

RNN is used for time series as a type of neural network [75]. The input layer receives and
processes the information, and the hidden layer stores the memory based on the previous inputs
to make predictions for the next sequence. The output layer wouldi@rtne result from the
prediction [133]. A basic structure of RNN is shown in FigbuE[140]. A simple RNN model
was builtas a benchmark to the LSTM model, creating one RNN recurrent hidden layer with
experiments ranging from one to four for the subset dense layer. The proposed model was
tested through iteration over the number of dense layers in the range. This testing was necessary
to apply the ideal dense laydmsthe model development. The optimal number of dense layers
was determined by the ones that achieved the highest/ROscore. ROCAUC was
reasonable to apply due to the imbalanced numbers of samples in weight perception. Each dense
layer was followed ¥ a dropout layer to prevent model overfitting.

Figure 6.1 RNN structure

Long Short-Term Memory (LSTM)

LSTM is a more advanced exampleanfRNN designedo overcome the vanishing
gradient issue. An illustration of LSTM is shown in Figure 2. Unlike RNN, the LSTM consists of
a cell state, a forg gate, an input gate, and an output gate [137]. Thetfgaege from the LSTM
allows the model to remove information, determine how much input information to keep, and
decidethe degree of total information for the output [137, 140]. Fi§l2eshows the basic
structure of LSTM [140].
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Figure 6.2 LSTM structure
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A range of one to four LSTM and dense layers was experimentedondtnstruct the
LSTMmodel Each configurationds perf orAd@scoree was a
In addition to the LSTM layer and dense layer, the attention mechanism was applied after the
LSTM |l ayer to i mprove the model s pttentbm ct i on.
layer to improve the model performance and interpretability [139, 141, 242]. Adding the
attention layer allows the model to pay more attention to inpug&ssigning higher weighto
the more important features [242]. Additionally, our model utilized the flatten layer to convert
the multidimensional output from the attention layer into a 1D dimension for the dense layer to
process. Adding this layer was essential for analyzingetim@oral patterns by transforming the
multi-dimensional form [243]. The final LSTM model structure contained the LSTM layers,
determined by the ones with the highest mean RQIC score: the attention layer, the flatten
layer, dense layers with dropout layers, and the output layer.

6.3.7 Hyperparameters Tuning and Model Evaluation

Both the RNN and LSTM models were optimized through Bayesian Optimization to find
the optimal parameters for the network. Bayesian Optimization is known for its efficacy and
ability to handle complex functions of the objects compared to random searath ®eaych.

This method is also suitable for deep learning models [244]. The optimal parameters for RNN
and LSTM can be found iAppendix D The Bayesian optimization process evaluates the above
range of parameters based on the mean Area Under the Cur@ gabre as the evaluation

metrics through 1@old crossvalidation. This provided the internal validation by training the
model in k1 folds and the rest of the fold as validation. The Bayesian optimization process used
ten iterations to search for thesbéyperparameters.

RNN and LSTM were trained using the optimal hyperparameters obtained from the

Bayesian optimization and trained on the testing dataset. In addition to implementing the optimal
parameter, the early stopping and the-baltk method were employed in the mid&ining. For
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both model training in RNN and LSTN0% of the data from the training datasetswithheld

as the validation set. Both methods served the purpose of improving model performance while
avoiding overfitting. Early stopping is a technique that allows for specifying the number of

epochs and stops training when the model performance, AUC, stopviingpoo the validation

set [245]. The model checkpoint callback was applied to save the best model observed during
training. We tested the patience value in the200,30, 40, and 50 range and saved the best

model within each patience value for the testing dataset. A classification report was generated to
evaluate the model performance, including accuracy, precision, recall;Jasddfe, along with

the ROCAUC for each weight perception class and the mean overal-ROC.

6.38 Model Interpretation

The SHAP (SHapley Additive exPlanatiorfsgrsion 0.42.1) in Pythowas applied to
explain the model prediction and displayed finetorsthatassociatedavith the model prediction
on weight perception based on their importanc
contribution and magnitude to the outcome prediction [215]. The explainable analysis is useful
for interpreting complex deep learning networks saglthe LSTM model and explaining the
model prediction [215, 246]. SHAP analysis for RNN and LSTM was implemented using
DeepExplainer. The SHAP value was averaged for each time step to generate an overall
contribution of ctorsassociateavith the predicton of weight perceptiom SHAP bar plots. To
further display the magnitude of how each Year 1 or Yeac®fcontributed to the model
prediction, the SHAP beeswarm plots were created to illustrata¢ter éssociatedavith the
model prediction on each weight perception in Year 3.

6.4 Results

6.4.1 Baseline Characteristics

Table6.4 presents the cohort characteristics in the Year 1 cohort{20p6tratified by
weight perception. The wei cAbobupetbeptightf wei
foll owed by AOverweighto, and the | east numbe
Among 63. 3% of stAbdent $ hpe (NI e adHedthy
weight BMI status, and most were nemokers (96.3%) and had the highest average mean
minutes (95.2) in combined hard and moderate physical activity pelrdeontrast, among the
21% of overweight perception stude(lts=1141) 26.6% had overweight and obese BMI status.
95% of them were neamokers and had the lowest meaerage combined hard and moderate
physical activity per day. Among 15.5% of underweight perception stufén838), 8.1% of
them have an underweight BMI status. The descriptive statistics for Year 2 and Year 3 cohorts
can be viewed in Tabldés5 and6.6.
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Table6.4 DescriptiveStatistics of Year LCohort (202621) byWeightPerception

Year 1 Underweight About the right weight Overweight Total
N=838 N=3414 N=1141 (N=5393)
N (%) or Mean (SD)
Gender
Female 382 (45.6) 2025 (59.3) 633(55.5) 3040 (56.4)
Male 440 (52.5) 1324 (38.8) 465 (40.8) 2229 (41.3)
GendefMinority 16 (1.9) 65 (1.9) 43 (3.8) 124 (2.3)
Province
AB 34 (4.1) 106 (3.1) 58 (5.1) 198 (3.7)
BC 53 (6.3) 132 (3.9) 65 (5.7) 250 (4.6)
ON 265(31.6) 976 (28.6) 418 (36.6) 1659 (30.8)
QC 486 (58.0) 2200 (64.4) 600 (52.6) 3286 (60.9)
Ethnicity
White 584 (69.7) 2549 (74.7) 781 (68.4) 3914 (72.6)
Non-White 254 (30.3) 865 (25.3) 360 (31.6) 1479 (27.4)
Weight-Related
BMI Status
Underweight 68 (8.1) 24 (0.7) 2(0.2) 94 (1.7)
Healthy Weight 410 (48.9) 1523 (44.6) 205 (18.0) 2138 (39.6)
Overweight and 5(0.6) 213 (6.2) 304 (26.6) 522 (9.7)
Obese
Missing 355 (42.4) 1654 (48.4) 630 (55.2) 2639 (48.9)
Weight Change
Intention
Lose weight 50 (6.0) 812 (23.8) 867 (76.0) 1729 (32.1)
Gain weight 323 (38.5) 190 (5.6) 7 (0.6) 520 (9.6)
Stay the same 142 (16.9) 1025 (30.0) 99 (8.7) 1266 (23.5)
Not trying anything 323 (38.5) 1383 (40.5) 165 (14.5) 1871 (34.7)
about the weight
Missing 0(0.0) 4(0.1) 3(0.3) 7(0.2)
Substance Use
Marijuana Use
Non User 758 (90.5) 3144 (92.1) 1003 (87.9) 4905 (91.0)
User 54 (6.4) 180 (5.3) 101(8.9) 335 (6.2)
Missing 26 (3.1) 90 (2.6) 37 (3.2) 153 (2.8)



Smoking and Tobacco

Use
Non Smoker 807 (96.3) 3287 (96.3) 1084 (95.0) 5178 (96.0)
Smoker 13 (1.6) 52 (1.5) 24 (2.1) 89 (1.7)
Missing 18 (2.1) 75 (2.2) 33(2.9) 126 (2.3)

Alcohol Consumption

Non drinker 368 (43.9) 1532 (44.9) 468 (41.0) 2368 (43.9)
Drinker 446 (53.2) 1794 (52.5) 637 (55.8) 2877 (53.3)
Missing 24 (2.9) 88 (2.6) 36 (3.2) 148 (2.7)
SchootRelated
School Mark
80-100% 537(64.1) 2183 (63.9) 669 (58.6) 3389 (62.8)
50-70% 242 (28.9) 1036 (30.3) 389 (34.1) 1667 (30.9)
Below 50% 20 (2.4) 54 (1.6) 24 (2.1) 98 (1.8)
Missing 39 (4.7) 141 (4.1) 59 (5.2) 239 (4.4)

School connectedness

score
Mean (SD) 19.2(3.0) 19.4 (2.9) 18.3 (3.03) 19.2 (3.01)
Missing 46 (5.5) 142 (4.2) 61 (5.3) 249 (4.6)

Physical Activity
Average Combined Hard and Moderate Physical Activity per Day
Mean (SD) 95.0 (77.6) 95.2 (74.4) 87.0 (70.1) 93.4 (74.1)
Missing 39 (4.6) 172 (5.0) 69 (6.1) 280 (5.2)

Muscle-strengthening Training in the Last 7 Days
Mean (SD) 2.4 (22) 2.7 (2.2) 2.2 (22 25(2.2)

Missing 19 (2.3) 90 (2.6) 39 (3.4) 148 (2.7)

Participation in School Physical

Yes 222 (26.5) 971 (28.4) 249 (21.8) 1442 (26.7)

No 505 (60.3) 2034 (59.6) 718 (62.9) 3257 (60.4)

Non offered at 92 (11.0) 311 (9.1) 130 (11.4) 533 (9.9)
school

Missing 19 (2.3) 98 (2.9) 44 (3.9) 161 (3.0)

Healthy Eating
Diet restriction in the Past Week (Number of Days)
Mean (SD) 0.9 (2.1) 1.1(2.2) 2.6 (3.0) 1.4 (2.5)
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Missing 33(3.9) 119 (3.5) 48 (4.2)

Vegetable Consumption in the Past Week (Numbers of days)
Mean (SD) 5.3(2.4) 5.5 (2.3) 5.1 (2.5)
Missing 33(3.9) 119 (3.5) 48 (4.2)

Fast Food Purchased in the Past Week (Numbers of Days)
Mean (SD) 0.9 (1.1) 0.9 (1.1) 0.9 (1.1)
Missing 33(3.9) 119 (3.5) 48 (4.2)

Mental Health
Mental Health Wellbeing (FLOURISH)

Mean (SD) 32.0 (5.7) 33.1(5.4) 30.2 (6.2)

Missing 40 (4.8) 162 (4.7) 58 (5.1)
Anxiety (GAD7)

Mean (SD) 6.8 (5.47) 6.0 (5.38) 8.0 (6.21)

Missing 63(7.5) 221 (6.5) 67 (5.9)

200 (3.7)

5.4 (2.4)
200 (3.7)

0.9 (1.1)
200 (3.7)

323 (5.7)
260 (4.8)

6.6 (5.63)
351 (6.5)

Table6.5 DescriptiveStatistics of Year Zohort (202122) byWeightPerception

Year 2 Underweight About the right weight Overweight Total
N=916 N=3310 N=1167 N=5393
N (%) or Mean (SD)

Gender
Female 375 (40.9) 1934 (58.4) 640 (54.8) 2949 (54.7)
Male 500 (54.6) 1267 (38.3) 445 (38.1) 2212 (41.0)
GenderMinority 40 (4.4) 104 (3.1) 81 (6.9) 225 (4.2)
Missing 1(0.1) 5(0.2) 1(0.1) 7(0.1)

Province
AB 40 (4.4) 94(2.8) 64 (5.5) 198 (3.7)
BC 65 (7.1) 131 (4.0) 54 (4.6) 250 (4.6)
ON 313 (34.2) 902 (27.3) 444 (38.0) 1659 (30.8)
QC 498 (54.4) 2183 (66.0) 605 (51.8) 3286 (60.9)

Ethnicity
White 663 (72.4) 2562 (77.4) 841 (72.1) 4066 (75.4)
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Non-White

Missing

BMI Status
Underweight
Healthy Weight

Overweight and
Obese
Missing

Weight Change Intention
Lose weight
Gain weight
Stay the same

Not trying anything
about the weight
Missing

Marijuana Use
Non User
User
Missing

Smoking and Tobacco Use
Non Smoker
Smoker
Missing

Alcohol Consumption
Non drinker
Drinker
Missing

School Mark
80-100%
50-70%
Below 50%
Missing

252 (27.5)
1(0.1)

64 (7.0)
557 (60.8)
10 (1.1)

285 (31.1)

70 (7.6)
426 (46.5)
100 (10.9)
318 (34.7)

2(0.2)

765 (83.5)
132 (14.4)
19 (2.1)

865 (94.4)
37 (4.0)
14 (1.5)

318 (34.7)
581 (63.4)
17 (1.9)

566 (61.8)
299 (32.6)
22 (2.4)
29 (3.2)

744 (22.5)
4(0.1)

Weight-Related

21 (0.6)
1767 (53.4)
245 (7.4)

1277 (38.6)

725 (21.9)
301(9.1)
1013 (30.6)
1267 (38.3)

4(0.1)

Substance Use

2852 (86.2)
409 (12.4)
49 (1.5)

3175 (95.9)
93 (2.8)
42 (1.3)

1059 (32.0)
2195 (66.3)
56 (1.7)

SchootRelated
2129 (64.3)
1031 (31.1)

60 (1.8)
90 (2.7)

13C

325 (27.8)
1(0.1)

0 (0.0)
274 (23.5)
342 (29.3)

551 (47.2)

893 (76.5)
14 (1.2)
78 (6.7)

181 (15.5)

1(0.1)

942 (80.7)
206 (17.7)
19 (1.6)

1105 (94.7)
46 (3.9)
16 (1.4)

342 (29.3)
804 (68.9)
21 (1.8)

681 (58.4)
418 (35.8)
30 (2.6)
38 (3.3)

1321 (24.5)
6 (0.1)

85 (1.6)
2598(48.2)
597 (11.1)

2113 (39.2)

1688 (31.3)
741 (13.7)
1191 (22.1)
1766 (32.7)

7 (0.1)

4559 (84.5)
747 (13.9)
87 (1.6)

5145 (95.4)
176 (3.3)
72 (1.3)

1719 (31.9)
3580 (66.4)
94 (1.7)

3376 (62.6)
1748 (32.4)
112 (2.1)
157 (2.9)



School connectedness score
Mean (SD) 18.3(3.2) 18.9 (3.0)
Missing 29 (3.2) 92 (2.8)

Physical Activity

Average Combined Hard and ModeratePhysical Activity per Day
Mean (SD) 95.3 (68.1) 99.4 (72.4)
Missing 44 (4.8) 115 (3.5)

Muscle-strengthening Training in the Last 7 Days
Mean (SD) 24 (2.2) 25(2.2)

Missing 21(2.3) 59 (1.8)

Participation in School Physical

Yes 332 (36.2) 1284 (38.8)
No 535 (58.4) 1885 (56.9)
Non offered at 29 (3.2) 72 (2.2)
school
Missing 20(2.2) 69 (2.1)
Healthy Eating
Diet restriction in the Past Week (Number of Days)
Mean (SD) 1.1(2.3) 1.0 (2.2)
Missing 23 (2.5) 73(2.2)

Vegetable Consumption in the PastVeek (Numbers of days)
Mean (SD) 5.1(2.4) 5.4 (2.3)
Missing 23 (2.5) 73(2.2)

Fast Food Purchased in the Past Week (Numbers of Days)
Mean (SD) 1.2 (1.3) 1.1(1.2)
Missing 23(2.5) 73(2.2)

Mental Health
Mental Health Wellbeing (FLOURISH)

Mean (SD) 31.0 (6.0) 32.6 (5.4)

Missing 30(3.3) 120 (3.6)
Anxiety (GAD7)

Mean (SD) 796.0 7.0 (57)

Missing 41 (4.5) 168 (5.1)

17.7 (3.3)
41 (3.5)

87.0 (66.2)
64 (5.5)

2.2 (2.1)
33(2.8)

361 (30.9)
749 (64.2)
25 (2.1)

32 (2.7)

2.9 (3.1)
25 (2.1)

5.1 (2.5)
25 (2.1)

1.2 (1.3)
25 (2.1)

29.1 (6.3)
42 (3.6)

9.4 (65)
60 (5.1)

18.5 (3.1)
162 (3.0)

96.1 (70.6)
223 (4.1)

2.5(2.2)
113 (2.1)

1977 (36.7)
3169 (58.8)
126 (2.3)

121 (2.2)

1.5 (2.6)
121 (2.2)

5.3 (2.4)
121 (2.2)

1.1(1.3)
121 (2.2)

31.6 (5.9)
192 (3.6)

7.76.0
269 (5.0)
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Table6.6 DescriptiveStatistics of Year Iohort (202223) byWeightPerception

Year 3 Underweight About the right weight Overweight Total
N=924 N=3183 N=1286 N=5393
N (%) orMean (SD)
Sex
Female 367 (39.7) 1861 (58.5) 775 (60.3) 3003 (55.7)
Male 537 (58.1) 1250 (39.3) 445 (34.6) 2232 (41.4)
GendetMinority 20 (2.2) 72 (2.3) 65 (5.1) 157 (2.9)
Missing 0 (0.0) 0 (0.0) 1(0.1) 1 (0.0)
Province
AB 37 (4.0) 93 (2.9) 68 (5.3) 198 (3.7)
BC 62 (6.7) 135 (4.2) 53 (4.1) 250 (4.6)
ON 302 (32.7) 885 (27.8) 472 (36.7) 1659 (30.8)
QC 523 (56.6) 2070 (65.0) 693 (53.9) 3286 (60.9)
Ethnicity
White 679 (73.5) 2516 (79.0) 937(72.9) 4132 (76.6)
Non-White 243 (26.3) 662 (20.8) 347 (27.0) 1252 (23.2)
Missing 2(0.2) 5(0.2) 2(0.2) 9(0.2)
Weight-Related
BMI Status
Underweight 58 (6.3) 17 (0.5) 4 (0.3) 79 (1.5)
Healthy Weight 601 (65.0) 1978(62.1) 317 (24.7) 2896 (53.7)
Overweight and 18 (1.9) 234 (7.4) 406 (31.6) 658 (12.2)
Obese
Missing 247 (26.7) 954 (30.0) 559 (43.5) 1760 (32.6)
Weight Change Intention
Lose weight 58 (6.3) 758 (23.8) 945 (73.5) 1761 (32.7)
Gain weight 456 (49.4) 458 (14.4) 20 (1.6) 934 (17.3)
Stay the same 102 (11.0) 928 (29.2) 95 (7.4) 1125 (20.9)
Not trying anything 308 (33.3) 1034 (32.5) 225 (17.5) 1567 (29.1)
about the weight
Missing 0 (0.0) 5(0.2) 1(0.1) 6 (0.1)
Substance Use
Marijuana Use
Non User 703 (76.1) 2415 (75.9) 922 (71.7) 4040 (74.9)
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User
Missing

Smoking and Tobacco Use
Non Smoker

Smoker
Missing

Alcohol Consumption
Non drinker

Drinker
Missing

School Mark
80-100%
50-70%
Below 50%
Missing

203 (22.0)
18 (1.9)

855 (92.5)
53 (5.7)
16 (1.7)

242 (26.2)
665 (72.0)
17 (1.8)

516 (55.8)
358 (38.7)
26 (2.8)
24 (2.6)

School connectedness score

Mean (SD)

Missing

18.1 (3.3)
27 (2.9)

687 (21.6)
81 (2.5)

3001(94.3)
123 (3.9)
59 (1.9)

722 (22.7)
2392 (75.1)
69 (2.2)

SchootRelated

1968 (61.8)
1075 (33.8)
48 (1.5)
92 (2.9)

18.4 (3.1)
111 (3.5)

Physical Activity

Average Combined Hard andModerate Physical Activity per Day

Mean (SD)

Missing

Muscle-strengthening training in the last 7 days
Mean (SD)

Missing

100.6 (77.9)

39 (4.2)

2.4 (23)
20 (2.2)

Participation in School Physical

Yes
No

Non offered at

school
Missing

312 (33.8)
565 (61.1)
26 (2.8)

21 (2.3)

99.4 (699)
138 (4.3)

2.6 (2.2)
84 (2.6)

1205 (37.9)
1807 (56.8)
82 (2.6)

89 (2.8)

340 (26.4)
24 (1.9)

1188 (92.4)
80 (6.2)
18 (1.4)

282 (21.9)
984(76.5)
20 (1.6)

721 (56.1)
485 (37.7)
48(3.7)
32 (2.5)

17.3 (3.3)
40 (3.1)

93.0 (75.4)
86 (6.7)

2.1(2.1)
36 (2.8)

400 (31.1)
826 (64.2)
25 (1.9)

35 (2.7)

1230 (22.8)
123 (2.3)

5044 (93.5)
256 (4.7)
93 (1.7)

1246 (23.1)
4041 (74.9)
106 (2.0)

3205 (59.4)
1918 (35.6)
122 (2.3)
148 (2.7)

18.1 (3.2)
178 (3.3)

98.1 (727)
263 (4.9)

2.5(2.2)
140 (2.6)

1917 (35.5)
3198 (59.3)
133 (2.5)

145 (2.7)

Healthy Eating
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Diet restriction in the Past Week (Number of Days)
Mean (SD) 1.1 (2.3) 1.2 (24) 2.7 (3.0) 1.5 (2.6)
Missing 39 (4.2) 137 (4.3) 52 (4.0) 228 (4.2)

VegetableConsumption in the Past Week (Numbers of days)
Mean (SD) 4.9 (2.5) 5.4 (24) 5.0 (26) 5.2 (25)
Missing 39 (4.2) 137 (4.3) 52 (4.0) 228 (4.2)

Fast Food Purchased in the Past Week (Numbers of Days)
Mean (SD) 1.6 (16) 1.3 (1.4) 1.5 (15) 1.4(15)
Missing 39 (4.2) 137 (4.3) 52 (4.0) 228 (4.2)

Mental Health
Mental Health Wellbeing (FLOURISH)

Mean (SD) 30.8 (6.0) 32.1 (57) 28.8 (65) 31.1 (61)

Missing 48 (5.2) 177 (5.6) 67 (5.2) 292 (5.4)
Anxiety (GAD7)

Mean (SD) 7.4 (5.9) 6.9 (56) 9.3(6.3) 7.5(5.9)

Missing 48 (5.2) 166 (5.2) 64 (5.0) 278 (5.2)

6.4.2 Transition Probabilities in Weight Perception

The transition matrix showed the likelihood of students transitioning from one weight
perception state to another across the observed time. As this was a-tiisedfiarkov chain,
the probability of moving from one state of weight perception only deplemaéhe present
state. Tablé.7 and Figures.3 show the weight transition probabilities from Year 1 to Year 2.
Most students tended to remain unchanged in their weight perception over time. Students who
perceived themselves as underweight had a 63.24% probability of remaining underweight in
Year 2, hose who perceived themselves as about the right weight had an 80.11% probability of
staying at about the right weight in Year 2, and a 71.08% probability of remaining overweight in
Year 2 for those who perceived as overweight.

Besides the stable state, there was a moderate probability of transitioning between weight
perceptions, specifically from underweight to about the right weight and from overweight to
about the right weight. Students who perceived themselves as undertnegignB83.53% chance
of transitioning to about the right weight in Year 2, while those who perceived themselves as
overweight had a 25.77% probability of transitioning to about the right weight in Year 2.
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Additionally, the probability of transitioning from overweight to underweight (3.16%) and
underweight to overweight (3.22%) was negligiblae transition probabilities from Year 2 to
Year 3 followed the same patterns as those from Year 1 to Year 2. To visualize the transition
probabilities from Year 2 to Year 3, please refer to Table 6.8 and Figure 6.4

Table6.7 Markov ChainTransitionProbabilities ofWeightPerception from Year 1 to Year 2

Year 2 Weight perception

Year 1 Weight perception | Underweight | About the right weight| Overweight
Underweight 0.632458 0.335322 0.032220
About the right weight 0.102519 0.801113 0.096368
Overweight 0.031551 0.257669 0.710780

0.801

About the right weight

Year 1 to Year 2 Transition Probabilities

Figure6.3 Markov ChainTransitionProbabilities ofWeightPerception from Year 1 to Year 2
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Table6.8 Markov ChainTransitionProbabilities ofWeightPerception from Year 2 to Year 3

Year 3 Weight perception

Year 2 Weight perception | Underweight | About the right weight| Overweight
Underweight 0.648472 0.317686 0.033843
About the right weight 0.090332 0.800000 0.109668
Overweight 0.026564 0.209083 0.764353

0.800

About the right weight

Year 2 to Year 3 Transition Probabilities

Figure6.4 Markov ChainTransitionProbabilities ofWeightPerception from Year 2 to Year 3

6.4.3 The Association Between Year 1 Predicteand Weight Perception in Year 2

Table6.9shows the association between Year 1 predictors and Year 2 weight perception,
using about the right weight as the reference group. The significant variables were gender, BMI,
weight change intention, COVHeelated, mental health, and physical activity.

Compared to male students, female students were less likely to be perceived as
underweight (OR = 0.63, 95% CI: 0.50.78) and overweight (OR = 0.72, 95% CI 0-3889).
Students with an underweight BMI were more likely to perceive themselves as underweight
compared to those with a healthy wei@R = 4.9, 95% CI = 2.988.11), while overweight and
obese BMI (OR = 6.66, 95% CI: 5.18.65) and unknown BMI (OR = 2.62, 95% CI: 2:15
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3.19) students had higher odds of perceiving themselves as overweight. In addition to BMI,
relative to students who were not trying to do anything about their weight, students who wanted
to keep the same weight had decreased odds of underweight per@@gier0.63, 95% CI:

0.51- 0.78). In contrast, students who tried to gain weight were more likely to perceive
themselves as underweight (OR = 3.81, 95% CI: 34Q83), while students who tried to lose
weight had a higher likelihood of having an overweigérception (OR = 5.26, 95% CI: 4.23

6.53).

Decreasing time spent watching TV/movies or playing vgiemesas life changed due
to COVID-19 was positively associated with overweight perception. Students who had decreased
time had higher odds of having overweight perception than those spending the same time (OR =
2.27,95% CI1 =1.393.70). Students who disagethat they could discuss their problems with
their families had higher odds of perceiving themselves as underweight (OR = 1.51, 95% CI.
1.15- 1.98). Lastly, days in muscle training were igesly associated with having about the
right weight perception and negatively associated with having an overweight perception. For
eachday increase in muscle strengthening or toning, there were lower odds of having the
overweight perception (OR = 0.89, 95% CI = 0-&693).

Table6.9 Multinomial LogisticRegression of Year PredictorsAssociated with Year @/eight
Perception

Year 2 Weight Perception

Odds Ratio (95% CI)
About the right

Year 1 Variables Underweight weight Overweight
Gender
Female 0.63 (0.51- 0.78) *** Ref 0.72 (0.58 0.89) **
Male Ref Ref Ref
GendefMinority 1.09 (0.62 1.89) Ref 1.31 (0.79 2.17)
BMI
Underweight 4.9 (2.98 8.11) *** Ref 1.02 (0.29 3.56)
About the right weight Ref Ref Ref
Overweight and Obese 0.22 (0.12- 0.39) *** Ref 6.66 (5.13 8.65) ***
Unknown 0.82 (0.69 0.98) * Ref 2.62 (2.15 3.19) ***
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Intention of Weight Change
Lose
Gain weight
Stay the same weight
Not trying to do anything

0.31 (0.23 0.42) ***
3.81 (3.01- 4.83) ***
0.63 (0.51- 0.78) ***
Ref

Ref
Ref
Ref
Ref

5.26 (4.23 6.53) ***
0.33 (0.17-0.64) **
0.97 (0.75 1.24)
Ref

Life changed after COVID: Time Spent Watching TV/Movies or Playing Video Games

Increased

Stay the same/Not applicable

Decreased

1.05 (0.84 1.30)
Ref
1.10 (0.63 1.89)

| Can Talk About My Problems With My Family

Agree
Neither agree nor disagree
Disagree

1.16 (0.92 1.46)
Ref
1.51(1.15 1.98) **

| am Worried About My Health (Regard COVID -19)

True
Neutral/ | don't know
False

Watching TV: Minutes per Day

Video Games: Minutes perDay

Texting, messaging: Minutes per
Day

Number of Days of Food
Restriction in a Week with
Intention of Weight Change

Number of Days Strengthen or
ToneMuscles in aWeek

0.74 (0.57- 9.96) *
Ref
0.81 (0.66/ 1.00) *

1.0 (1.00- 1.00)

1.00 (1.00- 1.00) *

1.00 (1.00- 1.00) *

1.05 (1.00- 1.10) *

0.98 (0.93 1.02)

Ref
Ref
Ref

Ref
Ref
Ref

Ref
Ref
Ref

Ref

Ref

Ref

Ref

Ref

1.05 (0.85 1.30)
Ref
2.27 (1.39 3.70) **

0.86 (0.70- 1.06)
Ref
1.04 (0.82- 1.36)

0.94 (0.73 1.19)
Ref
0.79 (0.65 0.97) *

1.00 (1.00- 1.00) **

1.00 (1.00- 1.00) *

1.00 (1.00- 1.00) **

1.04 (1.00- 1.08) *

0.89 (0.86 0.93) ***

P<0.0001 ***, P<0.01 **P<0.05 *
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6.44 The Association Between Year 1 Predict@and Weight Perception Transition from
Year 1to Year 2

The transition pattern refers to the change in weight perception from Year 1 to Year 2.
The statistically significant factoessociated with the change in weight perception were gender,
BMI, weight change intention, days of food restriction, fruit consumption, texting, and muscle
strength training. A group maintaining the perception of being about the right weight from Year
1 toYear 2 was used as the reference group. Table 7 shows the significance of predictors for
each weight transition group (Year 1 to Year 2) compared to those remaining in the about the
right weight perception group

Females were less likely to change from overweight perception to underweight (OR =
0.13, 95% CI: 0.030.61) and remained overweight (OR = 0.54, 95% CI: 0@&77). Gender
minoritieswere more likely to change from about the right weight to overweight compared to
males (OR = 3.41, 95% CI: 1.4®.28).

Compared with healthy weight BMI, underweight BMI students had increased odds of
remaining as underweight (OR = 10.34, 95% CI: 4.82.65). Overweight and obese BMI
students had increased odds of changing from about the right weight to overweight (@R = 4
95% CI: 2.37- 7.04) perception and maintaining the overweight perception (OR = 17.62, 95%
Cl: 11.53- 26.90). Unknown BMI students were more likely to change from about the right
weight to overweight (OR = 2.11, 95% CI. 1.46.77) and remaim theoverweight perception
(OR =3.43,95% ClI: 2.474.77).

Relative to those not trying to do anything, students with losing weight intention were
less likely to remain underweight (OR = 0.13, 95% CI: 0.027), change froranderweight to
about the right weight (OR = @295% CI: 0.09 0.44), and change from about the right weight
to underweight (OR = 0.40, 95% CI: 0.28.71). However, these students were more likely to
change from underweight to overweight (OR = 13.09, 95% CI:-1121.36), about the right
weight tooverweight (OR = 3.13, 95% CI: 1.2@.89), and remained as overweight (OR =
12.77, 95% CI: 8.7118.73).0n the contrary, students who wanted to gain weigdrte more
likely to remain underweight (OR =40, 95% CI: 6.25 14.13) and change from underweight to
about the right weight (OR = 6.86, 95% CI: 4:1181.38). For students who intended to stay at
the same weight, they were less likely to remain underweight (OR = 0.57, 95% GI0B3%
and changé&rom underweight to about the right weight (OR = 0.48, 95% CI. 0B07).

In addition to weight change intention, the number of days in food restrictions was

significantly associated with Group 8 (overweight to underweightine-dayincrease in food
restrictionwas associated with 54% increase in the odds of changing from overweight to
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underweight (OR = 1.51, 95% CI: 1.21.89).It was also observed that with each additional
daily serving of fruit, there was a 39% decrease in the odds of changing from underweight to
overweight(OR=0.61, 95% CI: 0.420.89) and a 36% decrease in the odds of changing from
overweight to underweight (OR = 0.74, 95% CI: 0:8894).An inverse association was
observed betweemusclestrengthening exercises and maintaining an overweight perception. A
oneday increase in musckrengthening and toning exercises was associated with a 16%
decrease in the odds of maintaining an overweight perce@i@n= 0.84, 95% CI: 0.780.90).

Table7 Multinomial LogisticRegression of Year BredictorsAssociated with Transition in
WeightPerceptionfrom Year 1 to Year 2

Year 1 Group 1 Group 2 Group 3 Group 4 Group 5 Group 6 Group 7 Group 8 Group 9
Variables
Remained Underweight to Underweight to Remained About the right About the right Remained as Overweight to Overweight to
Underweigh about the right overweight about the right weight to weight to overweight underweight  about the right
t weight weight underweight  overweight weight
Gender
Female 0.77 (0.53 1.08 (0.68 1.72 (0.21- Ref 0.61 (0.41- 1.13 (0.72- 0.54 (0.37- 0.13 (0.03 0.84 (0.52
1.13) 1.72) 13.92) 0.91) * 1.77) 0.77) ** 0.61) ** 1.35)
Male Ref Ref Ref Ref Ref Ref Ref Ref Ref
Gender 0.31(0.08 1.35(0.34 N/A Ref 1.45 (0.54 3.41 (1.40 0.92 (0.40 1.04 (0.08 1.67 (0.56
Minority 1.21) 5.27) 3.86) 8.28) ** 2.12) 12.89) 5.00)
BMI
Underwei 10.34 (4.52 3.24 (1.07 N/A Ref 1.58 (0.46 N/A N/A N/A 1.63 (0.18
ght 23.65) *** 9.81)* 5.45) 15.14)
About the Ref Ref Ref Ref Ref Ref Ref Ref Ref
right
weight
(Ref)
Overweig 0.04 (0.01- 0.18 (0.04 3.78 (0.18 Ref 0.25 (0.09- 4.09 (2.37 17.62 (11.53 4.49 (0.66 5.68 (3.39
htand  0.27) ** 0.80) * 79.15) 0.70) ** 7.04) *** 26.90) *** 30.40) 9.51) ***
Obese
Unknown 0.82 (0.60- 0.79 (0.54 6.85 (0.83 Ref 0.73 (0.53 2.11 (1.46 3.43 (247 4.76 (1.09 1.52 (1.02
1.12) 1.16) 56.77) 1.02) 4.77)*+* 4.77) *** 20.72) 2.27)*
Weight Change Intention
Lose 0.13 (0.0 0.20(0.09- 13.09 (1.41:  Ref 0.40 (0.23 3.13 (1.20 12.77 (8.7  10.37 (1.40  8.97 (5.38&
weight  0.27) *** 0.44) *x* 121.36) * 0.71) ** 4.89) **x 18.73) *** 77.17) * 14.94) **x
Gain 9.40 (6.25 6.86 (4.13 12.38 (0.5x Ref 2.46 (1.46 0.55 (0.16- N/A 6.70 (0.55 N/A
weight  14.13) ***  11.38) *** 300.02) 4.14) ** 1.91) 81.27)
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Stay the 0.57 (0.39 0.48 (0.30- 1.99 (0.13 Ref 0.83 (0.57 1.31 (0.83 1.12 (0.71- 6.06 (0.84 1.44 (0.81-
same  0.83)* 0.77) ** 30.61) 1.19) 2.05) 1.76) 43.92) 2.57)
weight
Not trying Ref Ref Ref Ref Ref Ref Ref Ref Ref
to do
anything
Number of 1.00(0.92- 0.95 (0.86- 0.94 (0.67 Ref 0.93 (0.85 1.06 (0.98 1.06 @.00- 1.51 (1.21- 1.01 (0.94
days of food1.08) 1.05) 1.30) 1.03) 1.14) 1.12) 1.89) ** 1.09)
restriction
in a week
Texting, 1.00(1.00- 1.00(1.00- 1.00(0.99- Ref 1.00 (1.00 1.00 (1.00 1.00 (1.00 0.99 (0.98 1.00(1.00-
messaging: 1.00) 1.00) 1.01) 1.00) 1.00) 1.00)** 1.00) 1.00)
Minutes per
day
Number of 0.96 (0.90- 1.10(0.998  0.61 (0.42 Ref 1.01 (0.94 0.99 (0.91- 0.96 (0.90- 0.74 (0.58 0.95 (0.87
days in fruit 1.03) 1.21) 0.89) * 1.09) 1.07) 1.02) 0.94) * 1.03)
consumptio
n in the past
week
Number of 0.97 (0.90- 0.96 (0.90- 0.91 (0.61- Ref 0.97 (0.90- 0.93 (0.86- 0.84 (0.78 0.71 (0.52 0.91 (0.84
days 1.05) 1.08) 1.37) 1.06) 1.02) 0.90) *** 0.97) * 1.00 *
strengthen
or tone your
muscles in g
week
1ANAO indicatwas presentedddialis extremdlyismall samplessize

2 P<0.0001 *** P<0.01 **, P<0.05 *

6.45 Model Prediction on Year 3 Weight Perception

Tables 8, 9, and 9.1 list the overall performance metrics for each vpeigigption
category in RNN and LSTM models. Compared with CCA, Mi@iputed data achieved better
overall model performance, specifically in R&XCC, Recall, and F1 scores across the three
categories of weight perception. Notably, the mean RQIC score inthe RNN for the imputed
dataset was 0.72, compared to 0.69 in CCA. The LSTMHROC score remained the same at

0.70 in both CCA and imputed datasets, but the RQIT scores were higher in the imputed

dataset for underweight, about the right weight, andvesight perceptions. Due to the superior
model performance in the imputed dataset, the interpretation of the model results focused on the

imputed dataset.
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Table8 Model Performance irPredicting Year 3VeightPerception in CCA and MICEnputed

Datasets

Models | Accuracy | Precision | Recall | F1 | ROC-AUC

CCA
RNN 0.62 0.58 0.62 0.58 0.69
LSTM 0.60 0.57 0.60 0.58 0.70

Ml
RNN 0.60 0.61 0.60 0.60 0.72
LSTM 0.63 0.57 0.63 0.58 0.70

Table9 Model Performance irPredicting Year 3 Underweight, About the Right Weight, and
Overweight in CCADatasets

CCA Performance Underweight About the right weight Overweight
Metrics

RNN Overall Accuracy 0.62
Precision 0.33 0.67 0.51
Recall 0.02 0.79 0.59
F-1 score 0.04 0.73 0.55
ROGAUC 0.65 0.64 0.78
Mean ROGCAUC 0.69
score

LSTM Overall Accuracy 0.60
Precision 0.34 0.68 0.49
Recall 0.17 0.73 0.59
F-1 score 0.22 0.70 0.53
ROC AUC 0.66 0.64 0.79
Mean ROCAUC 0.70

Table 9.1 ModePerformance irPredicting Year 3 Underweight, About the Right Weight, and
Overweight in MICEmputedDatasets

MICE Performance Underweight | About the right weight | Overweight
Metrics

RNN Overall Accuracy 0.60
Precision 0.30 [ 0.72 | 0.57
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Recall 0.33 0.67 0.61
F-1 score 0.31 0.69 0.59
ROC AUC 0.72 0.69 0.72
Mean ROGAUC 0.72
LSTM Overall Accuracy 0.63

Precision 0.25 0.66 0.57
Recall 0.02 0.82 0.60
F-1 score 0.03 0.73 0.58
ROC AUC 0.79 0.66 0.80
Mean ROGAUC 0.70

6.46 SHAP Analysis

Figures 6.5 AC and Figure 6.6 AC represent the summary plots for RNN and LSTM
models acrossthetwpe ar ti me step to provide a gl obal u

association in predicting weight perception in Yedf&tors were ranked based on their
importance in the model predictions.

Consistently in both RNN and LSTM models, the top five important factors in the
under weight group were weight change intentio
weight?0), BMI, total number of dayss,andh di et
whether the students eat breakfast. In addition to these factors, talking to family members about
their problems appeared among the top five factors in the "about the right weight" group. In the
overweight group, skipping breakfast to lose weigh$ aaong the top five factors, along with
those identified in the underweight and "about the right weight" groups.

To account for the direction and magnitude of each fa@sssciation with the
prediction of weight perception in two time perip@&1AP beeswarm plotsere utilizedto
illustrate how predictors from Year 1 and Year 2 influence the weight perception in Year 3. For
instance, positive SHAP values indicated thatféda¢orsmoved the prediction towards a specific
weight perception groypvhereashe negative values indicated moving away from the
prediction.Since the overall importaféctorswere similar in RNN and LSTM, the interpretation
of the magnitude and coitiution of thefactorswas based on the LSTM SHAP beeswarm plots
(Figure6.6.1 A - C). The RNN SHAP beeswarm plots can be viewefippendixD.

In the underweight perception (Figugeés.1A), weight change intention was the most
significant contributor. There was a high density of positive SHAP value (red) in the categories
of intention of weight change. This reflectiént studergwho chose the higher categories, such
as gaining weight, staying the same, or not trying to do anything about wesggatmore likely
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to be predicted in the underweight group. The blue dots in skipping breakfast represented not
skipping breakfastresultingin a positive SHAP value, showing that not skipping breakfast to
lose weight had a higher likelihood of being predicted as having an underweight perception.
Regarding BMI categorieg,lower value of BMI pushed the model prediction toward
underweight perceptiodditionally, increasing the number of days in muscle training and an
increased physical activity level (lower value in bldag to COVID19 resulted in a positive
SHAP value, meaning students involviaghysical activity were predicted to belong to the
underweight perception group.

The effect of the variables mentioned in the underweight group was similar to that of
about the right weight group. Higher values in weight change intention, including gaining
weight, staying the same, or not trying to do anything, not skipping breakfast to lose amadght,
lower values in BMI categories such as healthy weight, more days in muscle training and
increased physical activity lewaduring COVID-19 contributed towards classifying studeints
the about the right weight perception group. by, the average SHAP values for classifying
the about the right group were overall higher among these predictons therunderweight
group. This suggests that these mentionedaciprscontribute more significantly to predicting
about the right weight perceptio@n the contrary, these variables showed the opposite direction
in the overweight perception groupegarding weight change intention, students who tried to
lose weight (lower feature value in blue) were more likely to perceive themseloesragight.

In BMI, higher BMI categories showed a positive SHAP value, meaning either overweight and
obese or unknown contributed to the prediction as having overweight perception. In addition,
students who chose skipping breakfast to lose weight haditivp SHAP value, indicating they
were more likely to be grouped into the overweight perception group. Students who were
predicted to be in the overweight perception group also spent fewer days in muscle training
exercises and decreased physical actiwilue to COVIBEL9.
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Figure6.5 SHAP summary plot for each weight perception status in RNN

(A) Underweight
MICE_RHN_SHAP summary plat for Underweight

What are you trying to do about your weight? _
i catagories |

Total N of days diet restriction _
Days in muscles training exercises _
| eat breakfast every day _
| can talk about my problems with my family _
Skiped breakfast_Trying to lose weight _
Life changed changed after COVID-19_My anxiety has _
Parents/guardians expect too much of me _
Life changed after COVID-19_Time spent in TV/movies/video games has _
I have a happy home life -
Life changed after COVID-19_My sleep has _

Participatien in school-organized physical activities _

School marks -

COVID-19 now: | am worried about my health -

My physical activity has. . due to COVID-19 _

Generalized Anxiety Disorder Scale _

Total N of days eat fruit in a week -

At least 60 minutes of physical activity per day on average? -

Video games mins per day

0.05 0.08

0.00 0.01 Q.02 0.03 0.04
mean(|SHAP value|) (average impact on model output magnitude)
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MICE_RNM_SHAP summary plot for Healthy weight

(B) About the right weight
What are you trying to do about your weight? | NN

BMi catagories |

Days in muscles training exercises _
Total N of days diet restriction _

| can talk about my problems with my family _
Parents/guardians expect too much of me _
Life changed changed after COVID-19_My anxiety has _
| eat breakfast every day _
Life changed after COVID-19_My sleep has _
Skiped breakfast_Trying to lose weight _
COVID-19 now: | am worried about my health _
| have a happy home life -
My physical activity has... due to COVID-19 -

Life changed after COVID-19_Time spent in TV/maovies/video games has -
Participation in schoaol-organized physical activities -

Total N of days eat fruit in a week _

Life changed changed after COVID-19_Consumption of salty snack/sweet foods -
school marks [

Generalized Anxiety Disorder Scale -

Video games mins per day -

0.04 0.05 0.06

0.o7
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(C)Overweight

MICE_ANN_SHAP surmmary plot for Overweight

What are you trying to do about your weight? _
BMI catagories _
Total N of days diet restriction _
Days in muscles training exercises _
Skiped breakfast_Trying to lose weight _
| eat breakfast every day _

Life changed changed after COVID-19_My anxiety has _
I can talk about my problems with my family -
Parents/guardians expect too much of me -
COVID-19 now: | am worried about my health -
Total N of days eat fruit in a week -
Participation in schoal-organized physical activities -
Life changed after COVID-19_My sleep has -
Life changed changed after COVID-19_Censumption of salty snackfsweet foods -
Life changed after COVID-19_Time spent in TW/movies/video games has -
Average combined HARD and MODERATE physical activity per day -
At least 60 minutes of physical activity per day on average? -
My physical activity has... due to COVID-19 -

School marks -

| have a happy home life -

0.00 0.02 0.04 0.06 0.08
mean{|SHAF value|) (average impact on model output magnitude)



Figure 66 SHAP summary plot for each weight perception status in LSTM

(A) Underweight

a1 catagories |
Skiped breakfast_Trying to lose weight _
Days in muscles training exercises _

Total N of days diet restriction -

My physical activity has... due to COVID-19 -

| can talk about my problems with my family -
School marks .

Parents/guardians expect too much of me .

CESD Depression scale .

Participatien in school-organized physical activities .

Life changed after COVID-19_Time spent in TW/movies/video games has .
Total N of days eat snacks in a week .

| can talk about my problems with my friends .

Life changed after COVID-19_Meet friends in person has .
Life changed after COVID-19_My anxiety has .

| eat breakfast every day .

Total N of days eat vegetables in a week l

Texting and message per day in mins .

Total N of days eat fruit in a week l

MICE_SHAF summary plot for Underweight

What are you trying to do about your weight? [

0.000
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(B) About the right weight

MICE_SHAP sumemary plat for Healthy weight

What are you trying to do about your weight? _
EMI catagories _
Skiped breakfast_Trying to lose weight _
Days in muscles training exercises _
My physical activity has... due to COVID-19 -
Total N of days diet restriction -
Tatal N of days eat fruit in a week -
| eat breakfast every day -

School marks -

| can talk about my problems with my family -

Life changed after COVID-19_Meet friends in persen has .

At least 60 minutes of physical activity per day on average? .
Participation in school-organized physical activities .

Total N of days eat snacks in a week .

Hawve you ever tried a vape? .

| can talk about my problems with my friends .

I have a happy home life .

Average combined HARD and MODERATE physical activity per day .
CESD Depression scale .

Life changed after COVID-19_Time spent in TW/movies/video games has .

0.000 0005 0010 0015 0020 0025 0.030
mean(|SHAP value|) (average impact on model output magnitude)



(C)Overweight

MICE_SHAP summary plet far Oversesght

What are you trying to do about your weight? _
EMI catagories _
Skiped breakfast_Trying to lose weight _
Days in muscles training exercises _
My physical activity has... due to COVID-19 -
Total N of days diet restriction -
| can talk about my problems with my family -
School marks .
Total N of days eat fruit in a week .
Participation in school-organized physical activities .

| eat breakfast every day .

Life changed after COVID-19_Meet friends in person has .

Total N of days eat snacks in a week .

CESD Depression scale .

| can talk about my preblems with my friends .

Parents/guardians expect too much of me .

Life changed after COVID-19_Time spent in TW/movies/video games has .
At least 60 minutes of physical activity per day on average? .

Average combined HARD and MODERATE physical activity per day .

Life changed after COVID-19_My anxiety has .

0,00 0.01 002 0.03 0.04 0.0 006 007
mean(|SHAP value|) (average impact on model output magnitude)
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Figure6.6.1 SHAP beeswarmlot for each weight perception status in LSTM

(A) Underweight

What are you trying to do about your weight?

BMI catagories

Skiped breakfast_Trying to lose weight

Days in muscles training exercises

Total N of days diet restriction

My physical activity has... due to COVID-19

| can talk about my problems with my family

School marks

Parents/guardians expect too much of me

CESD Depression scale

Participation in school-organized physical activities

Life changed after COVID-19 Time spent in TV/movies/video games has
Total N of days eat snacks in a week

| can talk about my problems with my friends

Life changed after COVID-19 Meet friends in person has
Life changed after COVID-19 My anxiety has

| eat breakfast every day

Total N of days eat vegetables in a week

Texting and message per day in mins

Total N of days eat fruit in a week

MICE_LSTM_SHAP summary plot for Underweight
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(B) About the right weight

What are you trying to do about your weight?

BMI catagories

Skiped breakfast_Trying to lose weight

Days in muscles training exercises

My physical activity has... due to COVID-19

Total N of days diet restriction

Total N of days eat fruit in a week

| eat breakfast every day

School marks

| can talk about my problems with my family

Life changed after COVID-19_Meet friends in person has

At least 60 minutes of physical activity per day on average?
Participation in school-organized physical activities

Total N of days eat snacks in a week

Have you ever tried a vape?

| can talk about my problems with my friends

| have a happy home life

Average combined HARD and MODERATE physical activity per day
CESD Depression scale

Life changed after COVID-19_Time spent in TV/movies/video games has

MICE_LSTM_SHAP summary plot for Healthy weight
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(C) Overweight

What are you trying to do about your weight?

BMI catagories

Skiped breakfast_Trying to lose weight

Days in muscles training exercises

My physical activity has... due to COVID-19

Total N of days diet restriction

| can talk about my problems with my family

School marks

Total N of days eat fruit in a week

Participation in school-organized physical activities

| eat breakfast every day

Life changed after COVID-19_Meet friends in person has

Total N of days eat snacks in a week

CESD Depression scale

| can talk about my problems with my friends

Parents/guardians expect too much of me

Life changed after COVID-19 Time spent in TV/movies/video games has
At least 60 minutes of physical activity per day on average?
Average combined HARD and MODERATE physical activity per day

Life changed after COVID-19_My anxiety has

MICE_LSTM_SHAP summary plot for Overweight

-0.2

15¢

01 00 01 02 03
SHAP value (impact on model output)

0.4

High

Feature value



6.5 Discussion

This study investigated the transition in weight perceptionitaqmediction using three
years of linked COMPASS data. The MCM estimated the probabilities of students moving from
different weight perception states, illustrating that most students were more likely to maintain
their past year 6s hgeestgrobabilifes of stagipgtatiabont theviighth t h e
weight. There was a moderate probability of students changing from underweight to about the
right weight or overweight to about the right weight and a very mild probability of moving from
overweight to uderweight or underweight to overweight. This finding was consistent with
similar studies investigating adolescent weight perception transition [176, 177]. Both studies
showed that the weight perception transition was stable. Most adolescents maintassdeh
weight status perception in early and late adolescence. Specifically, Hahn et al. [176] showed
that 15.5% transitioned to overweight in late adolescence, and the transition state from
overweight to not overweight was least expected, further aligmitingour study finding that the
probability of being overweight to underweight was unlikely.

In addition to the weight perception transition probabilities, certain factors were
identified as significantly associated with Year 2 weight perception and the nine weight
perception transition groups in both multinomial logistic regression and time s&iEhine
learning modelsTime-v ar i ant factors such as studentsod BN
days in diet restriction, and muscle training exercises were significantly associated with the Year
2 weight perception and weight perception traasitiThese factors were also discovered in the
SHAP summary plot in the RNN and LSTM model ,
BMI ranked as the top two most important factassociated witlthe model prediction for each
weight perception. Relative to students who were not trying to do anything about their weight,
students who intended to lose weight were more likely to move from underweight to overweight,
remain overweight and move from athdhe right weight to overweight. Moreover, the intention
of gaining weight had a higher likelihood of moving from underweight to about the right weight
perception and maintaining underweight perception. Studies also reported that the attempt to lose
weight happened among adolescents with an overweight percgdid, 178].

Notably, BMI status had a critical contribution to the transitioning of weight perception
statesStudents witlBMI classified as overweight and obese or unknown were more likely to
change from about the right weight to overweight aede more likely to stay in the overweight
perception Meanwhile, underweight BMI students were more likely to remain underw@igét.
results aligned with research that found a positive relationship between BMI status and weight
perception. Participants with higher BMI wereghtisfied with their weight and had higher odds
of perceiving themselves as overweight, while those with lower BMI had lower odds of
perceiving themselves as overweight [179, 180].
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Regarding BMI, diet restriction was predominately significant in group 9, chafrgimg
overweight perception to underweight perception. Increasing the number of days of restricting
diet had higher odds of moving from overweight to underweight perception. Eating less was
reported as a healthy weight control strategy among individualgpetcteive themselves as
overweight. However, this strategy was also indicated as disordered eating, such as fasting and
meal skipping [176, 224, 247].

Moreover, muscle strengthening and toning exercises appeared to have a protective effect
on the weight perception transition group. More days of muscle training exercise resulted in 16%
lower odds of maintaining the overweight perception. Similarly, stsdeho had more days in
muscle training exercises in Year 1 had higher odds of perceivimgvagabout the right
weight in Year 2. This modifiable effect of exercise was observed in several studies, specifically
on maintaining about the right weight amlucing the likelihood of body dissatisfaction [177,
181].

One interesting turning point discovered only from the model with Year 2 weight
perception outcome was the inverse relationship between life changes due to-C@O¥Rhe
level of watching TV/movies and playing video games and weight perception. Suylyritire
decreased level of spending time in screen time in Year 1 had iedriseeedds of perceiving as
overweight. This suggests using social media might have a beneffeiglon weight
perception. Social media, including texting, TV, and video gamad mixed effects on body
image and weight perception. Messages on social media and advertisements on the idealization
of a thin body image were reported in weipplaised internalized stigma, negative gafception,
and higher body dissatisfacti¢®48, 249].0n the contrary, some studies have argued about the
positive influence of social media, especially social movements, regarding progranassthat
awareness of weight bias or promote-seifeptance of various body sizes through TikTok and
Instagram. These medimsed movements were shown to reduce the negativeseffelae thin
ideal context and positivity related to body satisfaction [185,.186]

There are several limitations to this study. Finsanystudents were not included in the
analysis since the weight perception question was only received by 50% in the Quebec survey.
Due to the reduced sample size, the result of this analysis might not be generalized to represent
the whole populatiomcrossall provinces regarding weight perception. Additionally, since this
focuses only on schools that participated in the COMPASS suhaeggeneralizability is also
limited to the students from those sgiecschools It may not be used as an indicator outside of
COMPASS participants. Second, the machine learning models only included theatiame
variables and did not include the demographic variables. Thus, the prediction of weight
perception andssociatedactors might not be comprehensive. As indicated in the statistic
model, baseline characteristics such as gender were significantly associated with weight
perception transition patterriBhere were also limitations to the lack of stratificationlygsia on
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whether factors associated with weight perception varied among diffaseaitand ethnic

groups Future studies should consider performing subgroup analyeesover, the two deep
learning models suffered from the imbalance of samples in weight perception despite the effort
of using class weight during the model prediction procEsste was no other COMPASS cohort
available for external validation to test the model's prediction of weight perception. In the future,
the aim is to explore the predictionwéight perception using additional years of linked data,
rather than just two, to improve model performance and investigate advanced resampling
methods that could retain students' longitudinal records

6.6 Conclusion

The study examined the transition probabilities between three states of weight perception
and the factors associated with the transition. The study further utilized deep learning models to
predict future weight perception, maintaining the temporality @fpttedictors in the previous
two years. Results illustrated that students with higher BMI, intending to lose weight, and
spending more days on diet restriction were more likely to have overweight perceptions, while
muscle training had a protective effeanhd social media might have a mitigating effect on
weight perception. To the bestairrentknowledge, this was the first study that utilized both
approaches to examine weight perception transitions and the prediction of weight perception
over time by observing the associated factors. The results of the study emphasize the importance
of understading the relationship between risk or modifiable factors and weight perception to
overcome negative seghferception on weight and body image. Future studies should consider
assessing mediaased interventions for promoting healthy weight perceptionsraedtigate
the effects of the mentioned predictors on weight perception agemdgror racial and ethnic
groups
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Chapter 7
Final Discussion

This section discusses the main findings from Studies 1Hov8they respontb the research
guestion, thie strengthsandlimitations,contributionsand futurework.

7.1 Study 1 Findings

-Study 1 focused on cl ust er ibehgviowadmeasweethtts 6 pr of i
influenceadolescent health

7.1.1 Study 1 RQ1What factors are associated withthe clustering of student profiles in the
201819 (pre-COVID) and 2020-21 (post-COVID) COMPASS cohorts?

From the ML perspective, Study 1 applietheans clustering two timesmdgenerated
high-level and subevel clusters fronthe COMPASSpre COVID cohort (201819) and post
COVID cohort (202621) and implemented the RF models to identify the important factors
contributing to each cluster.

Based on the top five important variables from the SHAP plots;|bigh clusters
discriminated student groups by their risk of substancgndading using marijuana, access to
marijuana, smoking and tobacco use, and discussion about mental health conditions or
depression in both cohorts. The multi/logistic regression further presented the strength of the
association. Relative to those with mvolvement in substance use and high mental health well
being, students who engagedsirbstanceise, feltdepressed in the last seven days and refused to
discuss their mental health were more likely to be in one clusttire pre COVID high-level
clusters, 0.47% of the students over the total number of complete records (N=32899) were
considered at high risk of substance use compared to students who were considered at no risk of
substance use (73.9%). In thest COVID cohort, only 0.2% of students were in the higgk
cluster relative to the nosk clusterwhich contained the mostudents. In terms of mental
health,among the higkrisk cluster inpreCOVID, 34.2 % of them felt depressed foi7 Slays in
the past week, while 42.9% of students disedrhat they had a happy home life in the krigh
cluster.

Regarding the sublusters without the substance use variables, the major factors that

were importanin forming the subclusters in th@gre-COVID cohort were schodbased
covariates, including physical activity at school, academic performance, bullying, and-weight
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relatedfactors Students who completed their homework on time, seldom skipped classes, had
higher school connectedness sepparticipated in school sports with mdhan5-7 physically
active friends, andid not experience bullying were more likely to be in one-cluister
compared to students who had lower school connectednessveerless activegxperienced
bullied, oftenhadincomplete homework and skipped classes. Among theselsstiers that are
considered lower academic performance and less active, students hadraitierweight or
overweight perception with no intention to stay the same weight. lpogt€COVID cohort sub
clusters, the top five important fact@mphasizedhe impact othe COVID-19 pandemic on life
change, weight status, individual level of physical activity, and mental hreddifed categories.
Students who had overweight and obese or unknown Biheased cannabis use due to
COVID, were less active, increastte numberof days in purchased fast food, and had higher
scores in anxiety and lower scores in flourishing had a significantly higher likelihood of
belongng to one sueluster.

7.1.2What are the similarities or differences of the factors associated with the clustering of
student behaviourpre-COVID -19 and postCOVID -19?

The involvemenof substanceiseand mental healthelated issues were significant
factors in bothithepreCOVID andpostCOVID cohors. Students who were at high riek
substance use and not mental vibeing were clustered in the same group. These factors have
been consistent regardless of flegiodbefore and aftethe pandemic. Weightelated variables
have been significantly associated with the-slisters in both cohorts. Regardless of the effect
of the pandemic, students who intended to change their weight, perceived as either underweight
or overweight, or BMI iderified as overweight and obeseere more likelyto be in clusters
compared to healthy weight BMI atite right weightperception.

For the difference in the covariates, schiadated factorsincluding academic
performance, school connectedness, and physical engagement attsati@significant
association with the clustering. In contrastanges due to COVHL9 substance use, individual
level physical activity, and mental health in terms of flourishing and anxiety were the important
factorsassociated witlthe clustering in theostCOVID cohort.

Comparing with current literature The findings on substance use and mental health issues as

the highl evel ¢l usterdés i mportant factors were cor
small proportion of studesibeing highrisk of substance use, a study reseerglhe pattern of
polysubstance use among COMPASS stuglaisb discovered that the higisk group

constituted the lowest population (11.58)aseline inhe threeyearlinked cohorfpre COVID

compared tanoststudents in low risk (32.5%) [155%imilar tothe mental health factor in the

high-level cluster, his studyalsodiscovered that the higtisk group was significantly associated
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with the highest mean scores the Center for Epidemiologic Studies Depression Revisald S
(CESD)[155]. The postCOVID cohortfurthershowed the clustering substance use, ahng
with research that students with mygblysubstance use maintained this pattern over time.
Weightrelated factors did not vary by the pandemimuth withoverweight and obese BMI with
weight change intention were more likely to be clustered. It was known that overweight
perception was engaged in more weilglss activity [162].Sub-clusters with higher BMI also
did not engage frequently in physical actiyitggardless of the disruption of the pandemic.

The major difference in the ppandemic sueluster was thgariables related to school
activities.Several research studies also sedthe importance of the school environment and
academic performance at schdal our findings, students with higher academic performance and
more participation in schosports were more likely to be clustered together than clusters with
low performance and less actiphysical activity. In Borgavakar & Shrivastavaesearch using
k-means clustering [156], clusters wedentified on academic performance, and the
characteristics in the loyerformance cluster were low grades and incomplete assignments
agreeingwith the Study 1 findings. Additionally, it was mentioned that school engagement is
associated with heahtelatedbehaviours; specifically, students who felt more connected to
schools had higher levels of physical activity, while students who had experienced bullying had
lower levelsof engagement at school [157, 158, 159].

Moreover, thgpostCOVID cohort revealed that COVHD9 increasegubstance usand
these students had higher scores in anxiety and lower scoresflmutisbing scale. This
finding was alsaconsistentvith the scoping review that 48% of the studies repaatedcrease
in cannabis during COVIE19 among the 129 documents, and anxiety was one of the major
contributing factors to the increased cannabis use [160]. Aligning with the studiesntel
health research, the inverse relationship was observed between mental health symptoms of
anxiety and mental health wellness during COMI®) specifically higher mental health
symptoms associated with lower wbking as well as increased prevaleatanxiety during lte
pandemic 161,162]. Additionally, physical activity was also found to decline substantially
during the quantitative period [21@)verall, the important factors frothe pre and post
COVID clusters emphasizdlle school engagement improvement towards adolescent mental
health wellbeing, physical activities and substance use interventions.

7.2 Study 2 Findings

- Study 2 focused on the weigtdlatedmeasureBMI, from the varioudbehavioural measures
mentioned in Study 1



7.2.1 Study 2 Q1What important factors are associated withyouth BMI status in the
202021 COMPASS student cohort using ML classifiers from the CCA and Ml approach?

Study 2 applied supervised learning algoriitmpredict youth BMI status. In bothe
CCA and MI approaches, XGBoost outperformed the SVM model with dimensionality reduction
and the RF model with thtep 50 important variables. In CCA, XGBo@sthievedn an overall
64%accuracy, 63% precision, 64% recall, 63% F1 score, and 78%AR0OICscore. In Ml,
XGBoost had an overall 64% accuracy, precision, recall, F1 sowide/9% of ROEAUC score.
The predicted outcorsenvere BMI status of healthy weight, overwdignd obese, and
unknown. Based on the global SHAP summary plot, the top three variables in all three categories
were weight perception, gender, and weight change intention. Moreover, school marks, age, and
participation in school sports were among theten importanfactorsacrossall BMI statuss.

Among healthy weight and overweight and obese BMI, weight perception was ranked as
the most important factor, while gender was the most critical factor for predicting unknown BMI.
The SHAP plot also provided magnitude for interpretation. Specificallyy stddentsvho
achieved higher school markaddescribed their weight dsing about the right weight
positively contributed to the model predictionresalthy weight compared to the other two BMI
categories. In contrast, perceiving themselves as slighddgwveight and overweight positively
affected the model predictiaf overweight and obed#MI. In addition, havin@ weight change
intention towards losing weight contributemvards thepredicton as overweight and obese
compared to stayinthe same or not trying to change their weight.

Another notal# finding wasthatgendemwasthe most important feature for unknown
weight prediction. Gendsrother than females and males were more likely to be classified as
havingunknown BMI. Regarding weight perceptidhe gender minority group who were
predicted ahiavingunknown BMI perceived themselves as either very underweight or slightly
underweight. In terms of age, older students were less likely to be classified in the unknown BMI
compared to younger studentirough the stratification betwa females and males, the factors
associated with overweight and obese BMI in males wedaged tasports participation and
muscle training compared to females

7.2.2 Study 2 Q2How do the results of ML-generated factors compare with the common
factors leading to childhood obesity in the previous literature? What are the similarities
and differences?

Comparing with the current literatureThe top three important factors, weight
perception, gender, and weight change intenaoaconsistent with findings ithe current
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literature on youth obesity artlde clustering results from StudyWeight perceptions were
significantly associated with the intention of weight change [18Ridy 1 showed that students
with overweight perceptions and the intention of losing weight were more likely to be in one
cluster Meanwhile, seHperception of being overweight was more likely to be associated with
engagement iweight loss activitie§l62, 163, 164]Havingoverweight and obed&MI was

also more likely to tryo lose weight [164]. Moreover, the perception of overweight was found to
bepredictive of increasdweight gain over time ana higheiikelihood ofengagingn

overeating to cope with stress [165].

In terms of gendethe SHAP plotevealedhat males were predicted to be overweight
and obese compared to femalgsstudy observing the prevalence of obesity among boys and
girls in 188 counties found that 65% of them reported a higher obesity rate ifiLB6}:s
However, it should baotedthat due to the nature of saléported BMI femalesaremore likely
to underreport their weight aridereforeobtainalower BMI compared to mald467, 168, 169].
Current media pr omot e seigatcantems, whickeare kbowrdtybe i ma g e
associated with misconceptions of body weight. Adolescents influenced by the social stigma of
body image are more likely to underestimate their body weight and fgggjt

Other than the top three important factors, the findings on school marks, age, and sport
participation were consistent with the current literature. Academic performanbedras
associated with childhood obesity among the 32 studied countries, where Wezitihy students
weremore likely to report good academic performance than obese children [170]. Another
COMPASS study also found thstudents witltoverweight BMI had lower school achievement
[171].

An insightful finding was theelationship between gender, underweight perception, and
unknown BMI. Gendex other than females and males were more likely to be classified as
unknown, and theperceived themselves as underweight or sliginigeweight. This was
supported bysuss et al. [172], who claimed that transgender youth had higher odds of self
perception as annderweight or healthy weight when they were actually overweight and obese
compared to cisgender femal@dthough the exact reason behind the {asclosure of BM{
relatedinformation among gender minorities is unkngwmas been emphasized that body
dissatisfaction and younger age contribute to missing BMI data, and the transgender population
experiences higher body dissatisfaction compared to the cisgender podalasoh74, 175].
Moreover,thoseperceivingthemselvess underweight were more likely rotreport BMI,with
the likelihoodbeingstronger thathat ofthe overweight perception [220jloreover, perceiving
oneself as underweight was more likely to leaddbreporting BMI, with the likelihood being
stronger than that of the overweight perception [220]. Our finding that an underweight
perception was predictive of unknown BMI aligns with this point.
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In summary, our results from the ML approach discoveratittte factors associated with
predicting youth BMI fall into the psychological aspaatong the commonly peesviewed risk
factors listed. Common behavioural fast@uch as physical activity at school were ranked less
important than weight perception and intention to change weightever, physical activity
such as muscle training, was the key faasgsociated with overweight and obese BMI in males.
Studiesindicatethat malesaremore likely b engagen musclebuild activities and gain weight
[174, 255].Sinceweight perceptiomvasthe mosimportantfactorin all BMI categories,
establishing accurate weight perception on this modifiable factor counkfibeealthy weight
managementn the meantime, it would also be wordviewingthe key factors that have a
different influence on males and females when develagilodescenbbesityrelated
interventions.

7.3 Study 3 Findings

- Weight perception was the most important faetesociated witlBMI prediction. Therefore,
Study 3chosethis variable as the main outcome for transitional pattern and time sealsis

7.3.1 Study 3 Q1iHow do the estimated probabilities of weight perception change from
Year 1 (202021) to Year 2 (202122) and from Year 2 (202122) to Year 3 (202223) using
the Markov Chain Model?

For the transition change of weight perception derived from the M@ddistudens
were more likely to stain the same weiglgerceptiorstate over time. From Year 1 to Year 2,
the probabiliy of remainingthe same weight perceptiasthe previous year was 63% for
underweight, 80.11% for about the right weight, and 71.08% for overweight. From Year 2 to
Year 3, the probabilities of stayinmderweight, about the right weight, and overweight were
64.84%, 80.00%, and 76.44%.

Therewasa moderate likelihood of transitioning from underweight to about the right
weight and overweight to about the right weight. The probability of changing from underweight
to about the right weight was 33.53% from Year 1 to Year 2 and 31.77% from Yeaean@3.Y
For the transition from overweight to about the right weight, the transition probability was
25.77% from Year 1 to Year 2 and 20.91% from Year 2 to Year 3.

Moreover, theewas a negligible or small likelihood of transitioning from underweight to

overweight and overweight to underweight. From Year 1 to Year 2, the transition probability
from underweight to overweight was 3.22% and 3.38% from Year 2 to YeéaeJrobability
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of changing from overweight to underweight was 3.16% from Year 1 to Year 2 and 2.66% from
Year 2 to Year 3.

Based on the result,appearedhatthe probability of dynamic weight perception change
did not fluctuate during the twgear period. However, there was a moderate likelihood of
changing to about the right weight in the next year if previously having an overweight or
underweight perception. However, it is unlikely that the students who evadithemselves
underweightvould changéo overweight or overweight to underweight.

7.3.2 Study 3 Q2What factors areassociated with the weight perception in Year 2 and the
weight perception transitional change from Year 1 to Year 2?

The two multhomial logistic models were applied to observe the association between the
Year 1 predict@and the Year 2 weight perception and the Year 1 prediotothe nine
transition groupsindicating the change of weight perception from Year 1 to Year 2.

In the first model with Year 2 weight perception as the outcome, gender, BMI, weight
change intention, talking about their problems with their farsiyycerns aboutealth, life
changed after COVID on social media/playing video games, and weekly rstrsrigth training
in Year 1 were significantly associated with weight perception. Relative to about the right
weight, females were less likely to perceive themselsaesderweight or overweight than
males. Compared to healthy BMI, underweight BMI and oviglieand obese BMdtudents
were more likely tgerceive themselvess underweight and overweight. Students who tried to
gain weight had higher odds pérceiving themselves as underwejgtttile losing weight
intention resulted in higher odds of havingamerweight perception. Additionally, increasing
the number oflays in muscle training exercise decreased the probability of hanimgerweight
perception. Interestimg students whepentiess time a social media after COVH29 had
higher odds opereiving themselves as overweight

In the second modelvith weight transition state from Year 1 to Year 2 as the outcome,
gender, BMI, weight change intention, number of days in food restrictions, and muscle training
were the significant facto@ssociatedvith the transition of weight perception statkemales,
students wittoverweight and obese BMI, trose withunknown BML were more likely to
transition from about the right weight to overweight or maintain overweight from Year 1 to Year
2. Among the studentsying to loseweight, they were more likely to change from underweight
or about the right weight to overweight. Incnegsthe number oflays in food restrictiowas
associateavith higher odds of transitioning from overweight to underweight, whibeedays in
muscle trainingeduced the odds oémaininganoverweidt perception.
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7.3.3 Study 3 Q3in the Deep Learning approach, what are the important factors
associated with predicting weight perception in Year 3 from the previous two yeaps

RNN and LSTM were implemented predict the Year 3 weight perception based on
Year 1 and Year 2 predictors. Theedictors were the timeariant variables, excluding the
baseline characteristics such as gender or ethnicity.

Based on the SHAP analysis from RNN, the top three important features across the
underweight, about the right, and overweight perception were weight change intention, BMI, and
total number of days in diet restriction. Other than the top three features, days in muscle training,
being able to discuss problems with family, and skipping breakfast to lose weight were also
significant factorassociated with thenodel prediction. The same variables were also discovered
in theLSTM model.

The SHAP analysis plot from LSTM was displayed to interpret the magnitude of the
associationFor weight change intention in a higher category, including gaining weight, staying
the same, or not trying to do anything about the weight, students were predicted as underweight
or about the right weight perceptions. Lower or healthy BMI and not sigdpeakfasto try to
lose weight positively contributed to the model's prediction of bentgrweight or about the
right weight perception. In contrast, havingigher BMI, anintentionto loseweight,andan
increased number of days skipping breakfast pushed the model predietanddlassify these
students as having overweight perceidgkdditionally, fewerdays in muscle training eve
predicted to have anverweight perception. The resaudif the deep learning models confirmed
the similar significant variablesssociated witlthe transition of weight perception compared to
the ones mentioned in multinomial logistic regression.

Comparing with the current literatureBased on the MCM, most students tend to retain the
same weight perception over tinthis was consistent with the two studiegestigatingthe
weight perception transition in adolescence in one year of change or from early to late
adolescence [176, 177]. Both studies illustrated that most ymaimdainthe same weight
perception status in early and late adolescdResearclon weight perception using MChM
limited, butexistingstudies on the transition probability of BMI status also confirmed that the
weight statusends to remaiconstanbver time[149, 150].

Both multinomial logistic regressiaand deep learning modéigve showrthat BMI,
weight change intention, and muscle training were the major factors in the traoSiierght
perception. Specifically, overweight and obese BMI with losing weight intentions at baseline
were more likely to transition from about the right weight to overweight or remain overweight.
Similar to theresults of Study 3other studies also reported that the attempt to lose weight
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occurredamong adolescents with an overweightception [162, 178]. Additionallgxisting

literature also found that participants with higher BMI and body dissatisfaction had higher odds
of perceiving themselves as overweight, while those with lower BMI were less likely to perceive
themselves as overweiglif79, 180]. Moreover, muscle training exercise was a protective factor
against overweight perception for both the seegear weight perception and the transition over
time. This physical activithas leen agreedpon as anethodto manage weight among

participants withanoverweight perception, mitigate body dissatisfacteong maintain a healthy
weight perception. The modifiable effect of exerdiss beembserved in several studies,
specificallyfor maintaining about the right weight and reducing the likelihood of body
dissatisfaction [177, 178, 181, 182].

The decreased tingpent watching TV/video games after COVID increasethe
likelihood of anoverweight weight perceptian Year 2 whichdifferedfrom the current
literature on weight perceptiokxisting literature reported that increasing video game time was
associated with an overweight perception or higher BMI among ybd#h 183].Body
dissatisfaction related to social media is linked to the stigmatization of body image among
femaleq198]. However, a review article alswtedthat 40% of the studies observed the
modifiable effect between active video games and youth obesity among 2433 articles, suggesting
academic interest in usirigemas an intervention [184]. Although no positive information has
been found between video games and weight perception, some studies argsjgecthesocial
movementsincluding programsancreased the awareness of weight bias or promoted self
acceptancefovarious body sizes. These methased movementanreduce weight bias and
body dissatifaction [185, 186]. The body appreciation resmgittrom the positive influence of
social media could encourage a more accurate perception of youth weight.

7.4 Strengths

There are several strengtbisthis dissertationkirst, this study comprehensively
examines multiple aspects of student behagias features to generate the results throughout the
three studiesCOMPASS data systeassessedarious elements of studeletvel questionnaires
annually,enabling the studies to apply advanasadellingtechniques to observe student
behaviars. Previous studies used clustering analysis involving single or few aspects of student
characteristics such as admission data, mentéthheagnitive activity or online learning during
the pandemic [111, 154, 187, 188]. None of the studies incorporated different perspectives
including healthy eating, physical activity, substance use, screen time, \nadagjbt status, and
school engagemertt perform clusteringThe COMPASS data system has acquired longitudinal
studentlevel data since 2012, and having annual information provides the capacity to observe
temporal changes in features for time semeslelling such as deep learning models
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The second strength is the comprehensive process of handling missing data, ML data
preprocessing for optimizing model performance and improving ML model interpretiation
both Study 2 and Study 3, multiple imputations by chain equation (MICE) were applied to
handle the missingness using micefoligsary in Python and the MICE package in R under the
assumption of missing at random. Instead of using the standard iterations, the two studies
generated and compared convergence plots to determine the suitalblers of iterations based
on the dataset3he handling of missing data in the BMI category variable was approached with
caution Given thehigh proportion of missingatg using the Ml approachvould not be valid
under this large proportion of missinithereforemissingness was categorizegparatsl and
used in the ML prediction mod#d investigate furthethe factors associated with the unknown
BMI.

In Study 1, feature extractiomas employedo compress data through FAMD to reduce
the dimensionality. This factorial analysis was able to compress both continuous and categorical
data.To retain the most information, 80% of the explained variance ratio was maintained,
followed by component transformatioit is also known that choosing the number of k in the k
means process is challenging [96,99]. Rather than relyimgomgle evaluation method, the
elbow methodsSilhouette coefficient, and DB indexere usedas the main evaluation methods.
The majority agreement from all three methods determined the final numherfiod kmeans
clustering was performed in two trajectortesunderstangdtudent profiles with and without
substance use. MoreovenultinomialLR andRF were built using the-kneans clusters as the
outcome to understand the strength of the association between the important factors on the
student 6s behaviours within eaaiglepreprbcessirige r . | n
strategythis study compared the model performahased orthe F1 score among six ML
classifiers in the dataset with the top 50 important featthreslataset with all variables, atige
dataset with LDA processed before selecting the-pebrmingmodelbeforefit on the testing
dataset

In Study 3, feature selectiomas appliedrom baseline to Year 3. To determine the
number of variables required for the analysis
onesthat achieved highdfl and ROGAUC scores. Selecting the more relevant variables by
training XGBoostmodelallowed a simpler model and redddie issuesf overfitting [189].
Study 3 also tested different combinatiafisidden layers in RNN and LSTM tiesignthe
network model structurd.o further enhance model performance, an attetiiased layer was
added to instruct the model to focus on the most relevant inputs

Lastly, the ML modelareknown for their complexity and the naturelsfingad b | a ¢ k
boxé [190]. SHAP analysis was conducted on th
learning models in Studyt® improve model interpretabilityl his process explained the reasons
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behind the model prediction on each weight status and weight perceptioewing the SHAP
summary plat and SHAP waterfall for individual observatiofi$iis approach can also assist
nontechnical professionals in interpreting the ML results for their decisiaking

The rigorous process of handlining missdejaand applying various techniquiesdata
preprocessing steps ensured the training datasets wereprelsented before the ML
modelling Addi tionally, the vi s s@nproveiatérprebatioa of t he
through SHAP plots, allowingsers to bettannderstandhe meaning behind model predictions.
All the ML preprocessingtepshavebuilt credibility and confidence optimizingthe models.

7.5 Limitations

Input Data: Throughout the studies, the nature of the datasets wagpelited student
survey data. Seffeported weight and heighthich are used to calcula@&MI, contained higher
variabilities andunderestimated the prevalence of tpobesity compared to measured BMI
[191,192]. For weightelated subjective measures, overweight yaoetited to underreport their
weight. Due to the social impression of fideald body image, females are more likely to
underreport their weight, while males are more likely to overreport their height [193]. A similar
pattern hadeenobservedn weight perceptionasmisperception obody weight is common in
adolescents, especially among overweight and obese youth [fli84jlso acknowledgethat
selfreported BMI isnfluenced bysomeweight perceptiosince students were asked to report
their weight without shoes. However, the correlatimeasured between 0 and 1) restult from
Study 2 showed weak correlatiobased on the Cranie® score(0.25).1t would be beneficial
to incorporate objective measamaich as weight and heigiat validatethe selfreported data
results. Although measured BMI is reliable, it is usually not feasible to cdb¢atfrom a large
student population @t thenational level due to time constrairsd required resource$?. A
mitigation plan for addressing the bias in the-sefforted datavould involveusng another
cohort study that contains objective BMI measurement and pernfgsansitivity analysis to see
how much changbetween selfeported and objectilye measured BMI. The details of how to
approach this plaarein the Future Work section.

Moreover, parental data such as pasedit e at i n,gveidht ermaternabevelr
factorswerenot collected from the COMPASS data. The influence of parmdated datas a
representative indicator of the yocwthésamda mtua
formation related to obesity [26, 27]. ML studies focusing on youth obesity that achieved robust
model performance included pareri@lel information such as parsdeducation leveand
occupation [195, 196, 197Ylissing thesaepresetativefactors could result ia lack of
understanithg of how family membe@behavioursnfluencehealthrelated pensectives among
youths.In addition to the lack of familyelated data, input data related to watching TV and
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surfing the internet does not specify whether these activélage to social media udeata
collection onfbrowsing and scrolling through social meal@nly started in the 20222 survey
This could lead to undefined information on whetbecial media activitiesnpactedhealth
related behaviours among yourththe previous cohort year.

The input data was also subject to inconsistencies in data collection. The more
comprehensive gendand racial and ethnicategoriesvere only implemented starting the
202223 cohort, but not in earlier years likee2020-21 cohort, resulting in gaps in the linked
data.Due to the different distributioapproachn Quebeaelative to the other provinces, only
50% of theér students received weight perception questiorYear 3 This inconsistency has
resulted in missingataand reduced sample sizeghim the linked datasefdditionally, the
results of the ML modedpplyonly to COMPASSparticipants The generalizability of the ML
modesk in all threestudiesneeddo be validatedisingotheryears of COMPASS dataseEor
example, e first study employed only the CCA approach, and the clustering result needs to be
compared with another p@OVID cohort orpostCOVID cohort.Sinceonly certain provinces
are included in the COMPASS stufity the survey years used in this thegitberta, British
Columbia, Ontario, and Quebec), ttesultof the ML model may not represent other geographic
locations in Canada thhawve not participated in the COMPASS stuldye to the passive
consent model, some of the school boards, including Waterloo, Toronto anad/&eehlso not
included in the studyresultingin the loss osome key information on the students from these
regions.

Lastly, this studyacksstratification by subgroupsuch agienderminorities and
comparisons acrossfferentracial and ethnic group®ue to the small sample sizes in some
categories and the potential risk of overfitting, stratification by these subgroups was not
performed. For example, gender minestaccounted for only 3.8% of the overall population
and all of them hado BMI. Similarly, the gendeminoritiesrepresented 2.3% of the overall
sample in Study 3. Regarding ethnicitypstparticipants wer&Vhite, comprising 79% in Study
2 and 72% in Studg. Given these distributia stratification could have compromised the
statistical power and increased the risk of overfittegainsubgroups usinthe ML approach.

As an experimental observatiddtudy 2revealedhe difference among the critical factors

associated with BMI prediction in males and femadgsen these two groups' comparable

sample sizesStudy 3 included gender and ethnicity @svariates to account for their effects

associated with Year 2 weight perception and the change of weight perception ovBaset:

on Study 206s experiment on BMI obsarvedsomet i on amo
differencesdetween the associated factors. The boxplot for the unknown BMI also showed that
gender minorities had the highest positive SHARIein this categoryindicatingit could be

worth exploringwhat other factors are critical. However, due todkgemely small sample

sizes, the BMI prediction focusing on gender minorities not performed.
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The limited representation adcial and ethnic grouptue to the extremely imbalanced
samples\(Vhite vs. noAWhite) could result in a lack of understanding of how cultural
background affects BMI or weight perception. A study analyzing NHANES data from 1999 to
2016 found that among children aged 2 to 19, White and Asian children had significantly lower
obesity prealence compared to their Hispanic, African or other race peers [256]. In a Canadian
study, the prevalence of obesity in children and youth is also higher among the Aboriginal
population (First Nations offeserve, Inuit and Métis) [257]. According to tledfseported data
from the Aboriginal People Survey in 2006 among aged 6 to 14 years participants, the obesity
prevalence was high, resulting in 16.9% in Métis, 20.0% in theesBrve First Nations and
25.6% among InuifThese statisticshow thatacial and ethnic grougse importanandshould
be considered in terms of the prevalence of overweight and obesity among youth populations.
Besides BMI, one study explatr¢he misperception of weight among adolescents, measuring
their objective weight and wehg perceptionslt illustrated that African Americans had a higher
probability of underestimating their weight relative to Whites. This effect was particularly
observedcamongoverweight and obese girls and boys [258]. Despite the limitation of the
majority of theWhite populations in the COMPASS survey, the data collection efforts, if
possible, should emphasize recruitment to increase samples fromagiaéand ethnic groups
in order to address potential cultural differences or other factors that icéltiee BMI status.

ML model perspectiveAlthough kmeans clustering is flexible and efficient in
computation, kmeans clustering performance is sensitive to complex data structures, especially
outliers. Since it randomly selects the initial centroid and only detects spherical clusters, the
quality of clusters could be questioned [115, 199]. Studydlementedseveral evaluation
methods to select the initial k an@pliedFAMD to reduce data dimensionalitiowever,
heterogeneity was still detected within the cluster, mggsime suelusters were not
discernibleltwass us pect ed that mul ti pl ereated gifecalttesforof st u
the kmeans clustering to detect webkparated clusters due to the complextyd each student
may have various responses in healthy eating, physical activity, screen time or school
engagement. Thet udent 6s substance | evel wdesrlyt he most
separated the higlevel clusters.

Another limitation in Study 2 is the impact of missingnes$8MI status. Although
missing was categorizexbanunknowncategory achievingpromisingpredictive power may not
be practicablue to the complex nature of missingness in BMI. BMI can be élissing at
Random (MAR) oMissing not aRandom (MNAR). MAR refers tmissing data thatepends
on the observed data, while MNAR relates to the observed data and the missing values
themselves [200]. Even though multiple imputation is valid under the assumption of MAR, the
missing pattern of BMI could be MNAR [201]. For instance, participaiits missing BMItend
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to havehigher BMI [201].Therefore, the model's performance in predicting the missingness in
BMI as a separate category is challenging, and a more advanced model, suchsapseisied
learning, would be needed to tackle this isJuee details of how to approach this plan are in the
Future Work section.

The last limitatiorof the ML apprach is thause oftemporal sequenaaodels like
LSTM. LSTM is designed for long sequential prediction with multiple time steps [133]. The data
in Study 3 only contained twiime stepswhichmay notfully capture theassociatiorof
predictorsandweight perception over time. For future research, it would be worikidering
using fouryearlinked data and observinghether BMI or other important factors found in Study
3 are still thamportantvariablesin weight perceptin over time. Howevesteps beyond four
may not be practical fahe COMPASS data system as studevasld graduate after Grade 12.
For futurestudies, the LSTM or RNN model should include static variables such as
demographics to provide a more nuanced understanding of the effects on weight perception over
time. Stratification among genda@acial and ethnic grouphould also be performed to capture
the dynamic change in weight perception over time.

7.6 Contribution to Public Health

This dissertation also adds noyetlb the currenpublic healthresearch on youth
behaviour profiles, childhood obesignd the transition of youth weight pertiep over time.
Each studgs result igderived fromthe previous oneStudy 1 revealed the key fact@ssociated
with clustering before and after COVALD, adding more depth to youth behaviour research and
filling the gapsn understanding he di f ferences and similarities
beforeand after the pandemic. Compared with ML studies in childhood obesity the
literature reviewnonehaveincluded the unknown BMI as a separate outcome class for building
the predictive model. In Study 2, the important variables such as weight perception and gender
associated with unknown BMI would provide critical messages for public health professionals to
examine the association between the factors and missing BNheTmesknowledge, Study 3 is
the first to predict future youth weight perception and account for the temporal effieet of
previous year6s predictors. The results of al
health professionals and various stakeholdafesrmingthem of early intervention plans for
body dissatisfaction at school amgprovingyouth selfesteem and body acceptanaéjch can
lead to healthy dieting anidcreasedn physical activity.

Study 1 revealed thategardless of the pandemic, substance use remained the most
distinctive variable among the youth population. Althoughptfogortionof students was
relatively small compared to the rest of the population, it is necessary for the schoohsittcip
addresghis behaviourA previous study on risk profiles of substamsesamongCOMPASS
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students emphasized the likelihood of transitioning from single use of substances tdevigher

use [155]It appearghat students with moderate risk of substance use could have a tendency
towards high riskhighlighting the need for school engagement progr&efore quarantine,

students were clustered based on their academic performance, school connectedness and peer
relationship. This further suggests that schdmgsed intervention could be effective since

students spend most of their time at school

Study 2 and Study 3 resuklowthat BMI and weight perception aredirectional
factors meaning how studenperceive their weight status anditheelf-reported BMlaffect
each othemterchangeably. Rather than focussalely on single behavioat factors such as
nutritional eating or physical activity lelt is suggested that reducing body dissatisfaction
may be a critical step for establishing healthy weight managefm the transitional
probabilities, most students intendediaintainthe same weight perception asthe previous
state. Thus, it could be beneficial to implement positive social media programs that promote self
acceptancef body image starting in Grade 9. Moreover, initiattngchoolbased curriculum on
accurately perceiving weight status a&df-measuring weight and heigtduldhelp reduce
weight misperception. Targeting misconcepsiohweight status is necessary to prevent eating
disorders and improve physical activity engagem&dtressing overand underreportingould
enable more targeted intervention programs to prevent childhood obesity

For public healthpolicymakers, stakeholders from The Public Health Agency of Canada
and school principalas the potential audiendhisthesis addresses the limitation of ML by
providing inoperable plots to justify the associated factors andshelport their initiativedt
would also be valuable for health policymakers to understarkkthaspects of targeting current
public health campaigns and comptrese witlthe current policy focusn weightrelated
behaviour For public health professionalthis thesisoffersan overallview of themost
important factors in predictinBMI and weight change intentipproviding information fortheir
decisionrmaking in refining public health and intervention strategies, considering national or
provincial initiatives to reduce weight mispercepti@iven that youth frequently use
smartphones, promoting s&fteem through social media campaigns could be worth exploring.
For school principals, the factors ranked in order of importance for BMI and weight perception
prediction can inform whether schaaitivities focused on improving adolescent health are
effective and guide necessary adjustmentss €an help ensure that interventions effectively
address the needs of the student population within schools

7.7 Contribution to ML Research

The three studies have demonstrated the potential of utilizinghbtellingin student
level survey data to research yoo#haviousrelated public health concerns. While applying
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advanced techniques is feasible, building a {gjghlity training dataset is crucial regardless of
whether a supervised or unsupervised learning model is used. Future research uspgrsedf

data should proceed with caution. The survey questionsnpiesene year may not exist in

another province or be consistent across different years, and high proportions of missing certain
variables (e.g., BMI) may require a combination of techniques to handle them. Besides internal
validation to prevent model oxféting, such as crosgalidation, researchers are encouraged to
compare the model's performance with that of other cohorts to evaluate its feasibility

It would also beeasonable toonductstratified analygasamong provinceparticipating
in the COMPASS studto accountor different effects ormodel predictionn BMI and weight
perception This approach allowf®r a more targeted early intervention f@rious youth
populations. In summaryhe ML approach is a powerful todlowever,due to the complexity
of youth obesity and the potential bias in gelported data, multiple ML modedgpproachand
validation strategies should be employed to ensure generalizaRégardinga meaningful
message to the ML data scientist as the audience, the strategies utilized in thisublesis
resampling to overcontée imbalancs, handliningmissing datahrough multiple imputatios
improving model performancbky experimentingvith optimal training datasets and neural
networks architectureerve as valuable resources for future adfialytic projectsn adolescent
health.

7.8 Future Work

From the data collection perspective, prowahteaders, public health, and medical
professionals should work together to link measured BMI with theeetfrted level data.
Nationatlevel efforts such as increasing funding for data surveillamezuld benefit the
inclusion of the familjevel or home environment data. Including the ptalatiet behaviour
and information allow$or theinvestigation of more potential factors contributing to childhood
obesity With the measured BM4§ sensitive analysis can be performed to evaluate intervention
efforts in changingBMI among different age groupSurvey data collection can also be
standardized to enhance consistency across distributed questions and reduce missingness

From the ML perspective, there are sevemdigationsfor improving future related
studies oradolescent healtiRegarding future research usingnieans clusteringhebelow steps
can be used to improve homogeneity within the clusteringetginonly relevant variables from
eachbehavioural measur&or exampleremove detailed questions on the mode of use and
opinions on the risk of marijuana and keep only whether participants have used marijuana in the
past days when assessing substance use baha&)i&stablish clustengithin eachbehavioural
measurend select variables that better represent sadsurd¢o overcome the variance and
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noise on kmeans. This would help overcorsieident heterogeneignd improve the cluster
guality by focusing on one main theme at a time. For instgmgesjcal activities are used as the
main theme, and variables are chosen bas¢keosedentary lifestyli@dicators 3) Utilize more
advanced clusteringgchniquedo reduce the effect of outliersuch as densitpased or fuzzy
clustering [115, 155].

Future research addressing the bias inreglbrted unknown BMI, due to the high
proportion of missing data, could use advanced ML models like Sgpervised learning
models Example stepscludel) Apply supervised learning to train the model with known BMI
label, 2) Use the trained model with labelled data to predict the missing category in BMI, 3)
Combinethe training dataset of the labelled data with the predicted unlabelled dattrdin
the combined dataset through another classifier and compare the model performance with the
baseline modalsing onlylabelled data.

Additionally, benchmarking against another study that uses objective measures for
sensitivity analysis, or employing inverse probability weighting, could help address bias in self
reported data. For example, Model 1 could usersplbrted BMI, and Model®s B MI coul d
adjusted based on objective measures. Suppose the average BMI in the objective measure was
higher in females by-3 kg. Then, Model 2 could add 2 kg to each observation and explore
whether the factors associated with BMI prediction remanseme. Missingness probabilities
can also be calculated by categorizing missing as 0 and not missing as 1. Using a logistic
regression model, these probabilities can be calculated, and lower weights can be assigned to
observations with lower probabiliseof missingness. Implementing these weights in the ML
model ensures the model gives more attention to data with a lower probability of being.missing

For future longitudinal research in time series analysis;year linked datasets could be
used to capture changes in factors related to students' weight perception. ML efforts could also
be applied to compare the effect of interventions on weight pevoegr BMI before and after
implementation. In addition to time series analysis, stratification by gemael and ethnic
groupsshould be conducted if more samples from minority groups can be collected. Observing
the different effects within these syroups while considering cultural differences is essential

7.9 Conclusion

This thesis employed a rigorous process using unsupervised and supervised learning ML
models. Utilizing the COMPASS dataset, the predictive model explored multiple perspectives of
studentlevel behaviars, focusing on BMI and weight perception. Building the ML predictive
model crosssectionally and longitudinally enhances current adolescent research on BMI
prevalence and weight misperception by considering valiehaviouradomains among
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students. The research has provided valuable insights for both the public health and ML
communities oradolescenstudies. This thesis also acknowledges the limitations ofeetfrted
data, including the impact of missing BMI on ML models and bias in data, while outlining
directions for further enhancement of advanced ML models and more exploratory analyses on
ceriain subgroups to mitigate bias. This thesis has demonstrated the potential of implementing
ML analytics to support public health initiativesdainform stakeholders to focus on more

critical factors to build targeted interventions to improve adolescent health, ultimately
contributing to a healthier future for younger generations
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Appendix A: The COMPASS Data Dictionary forRepresenative
Domains
Weight-Related Measures

BMI : Self-reporedweight was askediHow much do you weigh without your shoes on?
(Please enter your weight @ither poundor kilogramsp . -Sep ért hei gdow was as
tall are you without your shoes on? (Please enter your height in either feet andmches
centimetres). The derived BMI category is based on the WHO guidelines for adesyears of
schootaged children and adolescents and calculated from the valid resp@eseRiVI
(numeric version), andge[52. The response categories were fAUN
Wei ght 0o, AOverweighto, and fAObeseo.

Weight PerceptionWe i ght perception was assessed by
describe your weight?0. The response categor.i
under wei ght o, AAbout the right weighto, #ASIig

Weight Change IntentionThe question was asked i Whi ch of the f ol |l ov
trying to do about your weight?0 The response
AStay the same weight, o and Al am not trying

Demographics

Age, grade, and sex were reported. Ethnicity was assessasttibg,i What r ace bes:
describes you?0 The response categories were

Easterno, ASouth Asiano, fAWhiteo, AAnother ca
Ot her measures include i ncoouosealygédabhomeaktohow muc
spend on yourself or to save?0, the response

to $200, n$21 to $400, n$41 to $1000, AMore t
each weeko.

Healthy eating

Skipping breakfast fil f you do not eat breakfast ever

(Mark all that applyo. The response options w
for breakfasto, fAThe bus comes too edfedlyo, fl
sick when |1 eat breakfast o, Al 6m trying to | o
AOt her o.
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Lunchatschool Al n a usual school week (Monday t
do the following? Eat lunchatschedl unch packed and brought from

options were fiNoneo, Al dayo, A2 dayso, A3 da
Snacks consumption Al n a usual school week (Monday

do you do the following? Eat snacks purchased

response options were ANoneo, Al dayo, @2 day
Sugary-drinks consumption. Al n a wuswual school week ( Mon

many days do you do the following? Drink sugareetened beverages (squap, KootAid,

Gatorade, etc.) Do notinclude diet/sujar e e dr i nks 0. The response o0f

dayo, A2 daystg4g ddyday and A5 dayso.

Protein consumption A Yesterday, from the time you wc
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, | egumes (be
ANoneo, Al servingo, A2 servingo, A3 servingo
Vegetable consumptiom Yest erday, from the time you wo

to bed, how many servings of vegetables and fruits did you have? One 'Food Guide' serving of
vegetables and fruit includes pieces of fresh vegetable or fruit, salad or raw leafy greens, cooked

leafy green vegetables, dried or canned or fro
response options were fiNonedo, Al servingo, #f2
servingo, fA6 servingad MDP Her mom@o sefi@i agoVvin

Physical Activity

Physical activity at school A Do y ou p a rschod, ngorahow, oriafter bef or e
school physical activities organized by your school? (e.g., intramurals; momp et i ti ve cl u
The responses were AYeso, ANoo, and ANone off

Level of Physical Activity A Mar k how many minutes of MODE
you did on each of the last 7 days. This includes physical activity during physical education
class, lunch, after school, evenings, and spare time. Do not include time spent doing hard
physical activii e s 6. The same question applied to the
continuous variable from this question combined the hours (0, 1, 2, 3, and 4) response and
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minutes (0, 15, 30, and 45) to calculate the total amount of time spent on HARD or
MODERATE activities as well as average time per week (total amount of time/7).
Sedentary Lifestyle

Surfing internet The surfing internet (continuous) per minute was derived from the
guestions fiHow much time per day do you wusual

the internet; Hour s o, and AHow much time per
actvi ti es? Surfing the internet; Minuteso. The
and minutes in (0, 15, 30, and 45). The same

Mi nutes per dayo, AWat ching T\phoneMVMinutespers per d
dayo.

Schoolrelated Measures

School connectednes# was calculatethased on questionsiml f eel ¢l ose to
school o, dAl feel | am part of my school o, #fl
my school treat me fairlyé, o0l feel safe in m

me.d he responses weflelstrongly agre@ i 2agre®, i 3disagreé, andf 4strongly
disagree [53]. The connectedness score was calculated on a revised scale, ranging from 6 to 24

Academic Achievement i On aver age, what marks do you
only one)o. The -066pfo00mest iWgBrogs i Mo%it 8 Oy% Bs ) o0,
79% (mostl 6 9C6 )(,mofs&d %5 906 )(,mofis5t00% Ds) 6, and B¢
Fs)o.

Bullying: The bullying domain includes questions on ways students were bullied, the

reasons for being bullied and bullying freque
in what ways were you bullied by other students? (Mark all that apply) | havearobhb#ied in

the | ast 30 dayso. The responses were fiYesOo a
ANoO) .

Mental Health

Generalized Anxiety Disorder-item Scalg54]: It was assessed based ondhestions

AOver the | ast 2 weeks, how often have you be
AFeeling nervous, anxious, or on edgeo, ANOt
too much about differ enti ntghisnog sroe,s tfl Tersosu btlheatr e
ABecoming easily annoyed or irritableo, NnFeel

The resporsdotweare 8 d or,aHi 1Oagsohahf® the dayso
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Nearly every dayo. The scores sum the score f
range between 0 to 21.

Flourishing Scale[ 55 ] : It was assessed based on the
with the following statements?06 among dl | ead
relationships are supportive and rewardingbo,
activities 0 , Al actively cont rbiebiuntge otfo otthhee rhsadp,p ifinle s:
and capable in the activities that are i mport
Al am optimistic abouteomy Tfhuet urees®,0 nfsRReso pMeea er i
AAQgr eeo, ANei ther agree nor disagreeo, ADi sag

Substance Use

This domainasked about the frequency of the below substance use activity in the last 30
days or last 12 months, age at first use, and substance use as risky behaviour.

AlcoholUse An exampl e question from the drinki

|l ast 12 months, how often did you have a drin
response categories were Al have nelastel2 dr unk
mont hso, @Al have only had a sip of alcohol 0,
ti mes a montho, AOnce a weeko, A2 or 3 ti mes

CannabisUse An exampl e question from the use fr

12 months, how often did you use marijuana or
response categories were Al have nevenl2Zused m
mont hs o, ALess than once a mont ho, AOnce a mo
or 3 times a weeko, fi4 to 6 times a weeko, an

Smoking and Tobacco Usé&n example question from the use frequency was assessed

as Aln the | ast 12 months, how often did you
categories were nl have never smoked a cigare
mont heavedonly had a few puffs of a cigarette:
mont ho, A2 or 3 times a montho, AOnce a weeko
and AEvery dayo.

OpioidUse A Have you used or tried any of the f
A) Oxycodone (oxy, OC, APO, OxyContcategoriesper c s,
were fANo, I have never done thiso, AYes, I h a
have done this, but NOT in the | ast 12 mont hs
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COVID-19

This domain only appeared in and after the 202Gurvey. This domain included
guestions about overall concern regarding COXH) feelings about the COVHD9 pandemic,
and impact of COVIB19 on personal life, and knowledge about COMI®

Impact of COVID190 A How has your | ife-199Nastraged becalt
haséodo, the response categories were fAlncrease
ADecreasedod. The same type of questions were

spent with my frend in person, time spent in video games, social media, cigarette use, vaping,
alcohol and cannabis use.

Knowledge of COVID19: fA Pl ease indicate which of the
COVID-19 you think are true. (Mark all the apply) The use of hand sanitizer (e.g., Purell) helps
prevent the transmissionof COVMD9 0. The response categories WwWe
answerd 0 ( The question net answered is considere
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Appendix B: Study 1 Supplementary Materials

Table 9.1 Cohort 2018019 Input Variable for Clustering Analysis

201819 Variable

Question

Data Type

Missing
Percentage

Category

CESD

Depression Revise(
Scale (CESD RL0)

floato4

14.57

IMental Health

[PEMSKLA1

How do you usually
travel to androm
school? (If you use
[two or more modes
of travel, choose thg
one that you spend
most time doing)
From school

category

10.93

[Demographics

GAD7

Anxiety Disorder
(GAD7)

float64

8.34

IMental Health

[IDERS

Difficulties in
EmotionRegulation
Scale (DERS)

float64

7.56

IMental Health

OSUPRTD1

How supportive is

our school of the
following? Giving
students the suppo
they need to resist
quit tobacco

category

7.08

School
Connectedness

OSUPRTEL1

How supportive is

our school of the
following? Giving
students the suppo
they need to resist
quit drugs and/or
alcohol

category

7.02

School
Connectedness

IMHEEELI1

On how many of th¢

last 7 days did you

feel the following
ays? | felt lonely.

category

6.51

IMental Health

IMHFEELG1

On how many of th¢
last 7 days did you

feel the following

category

6.50

[Mental Health

20t




ays? My sleep wa
restless.

OSUPRTC1

How supportive is

our school of the
following? Making
sure no one is bullig
at school

category

6.42

School
Connectedness

(MHFEELH1

On how many of th¢

last 7 days did you

feel the following
ays? | was happy

category

6.32

IMental Health

IMHEEELD1

On how many of th¢
last 7 days did you
feel the following
ays? | felt that
everything | did wag
an effort.

category

6.14

IMental Health

IMHFEELE1

On how many of th¢
last 7 days did you
feel the following
ays? | felt hopeful
about the future.

category

6.07

IMental Health

[FLOURISH

Flourishing
Scale_selperceived
success

float64

6.02

IMental Health

IMHFEELJ1

On how many of th¢

last 7 days did you

feel the following
ays? | could not g

"going".

category

5.99

IMental Health

(MHFEELF1

On how many of th¢

last 7 days did you

feel thefollowing
ays? | felt fearful.

category

5.94

IMental Health

OSUPRTB1

How supportive is
our school of the
following? Making
sure students have
access to healthy
foods and drinks

category

5.73

School
Connectedness

IMHFEELC1

On how many of thg
last 7 days did you

feel the following

category

5.52

[Mental Health

20¢€




ways? | felt
depressed.

OSUPRTAL

[How supportive is
your school of the
[following? Making
sure there are
opportunities for
students to be
hysically active

category

0.47

School
Connectedness

[PTOSKLA1

How do you usually
travel to and from

school? (If you use
two or more modes
or travel, choose th
one that you spend
most time doing) Td
school

category

5.31

[Demographics

OLIKEDA1

hat is the highest
level of education
ou would like to
get?

category

5.03

Academic
Achievement

OCONCTC2

How strongly do yo
agree or disagree

ith each of the
following
statements? | am
happy to be at my
school.

category

4.96

School
Connectedness

IMHFEELB1

On how many of thg
last 7 days did you
feel the following
ays? | had troubleg
keeping my mind of
hat | was doing.

category

4.96

IMental Health

SEVRQTA1

Have you ever tried
to quit smoking
cigarettes?

category

4.91

Smoking &
Tobacco Use

OCONCTEZ2

How strongly do yo
agree or disagree
ith each of the
following
statements? | feel

safe in my school.

category

4.91

School
Connectedness
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OMTHMKA1

In your current or
most recent Math
course, what is you
approximate overal
mark? (Think about
last year if you have
not taken math this
ear)

category

4.79

Academic
Achievement

OWILLEA1

hat is the highest
level of education
ou think you will
get?

category

4.78

Academic
IAchievement

OENGMKA1

In your current or
most recent
French/English
course, what is you
approximate overal
mark? (Think about
last year if you havg
not taken English
this year)

category

4.76

Academic
Achievement

OCONCTD2

[How strongly do yo
agree or disagree
with each of the
[following
statements? | feel tf
[teachers at my
school treat me
ffairly.

category

4.76

School
Connectedness

IMHFEELA1

On how many of th¢
last 7 days did you
feel the following

ays? | was
bothered by things
that usually don't
bother me.

category

4.75

IMental Health

OCONCTF2

[How strongly do yo
agree or disagree
with each of the
[following
statements? Getting
good grades is

important to me.

category

4.66

School
Connectedness

20€




(MBUL30A1

In the last 30 days,
how often have you
been bullied by othg
students?

category

4.61

[Bullying

(MBLG30A1

In the last 30 days,
how often have you
taken part in bullyin
other students?

category

4.60

[Bullying

GGAMBLA1

In the last 30 gays,
did you gamble
online for money?

category

4.55

Screen

OCONCTB2

[How strongly do yo
agree or disagree
with each of the
[following
statements? | feel |
am part of my
school.

category

4.54

School
Connectedness

[HEMTOFC1

|in a usual school
week (Monday to
Friday), on how
manydays do you d
the following? Eat
lunch at school
lunch packed and
brought from home

category

4.36

[Healthy Eating

[DVHRDAVE

Average HARD
activity per day
(Hard activity total /
7)

float64

4.28

[Physical Activity

OCONCTA2

[How strongly doyou
agree or disagree
with each of the
following
statements? | feel
close to people at n|
school.

category

4.27

School
Connectedness

AFNTNLAL

Have you used or
tried any of the
following
medications TO GH
HIGH? B) Fentanyl

(china white,

category

4.20

Opioid Use

20¢




synthetic heroin,
china girl)

[IDVOCONCT

School
Connectedness
Score

float64

4.14

School
Connectedness

OINCOMA1

How often do you g
to class without you
homework
complete?

category

4.03

Academic
Achievement

[HEMTOFB1

In a usual school
eek (Monday to
Friday), on how
many days do you (¢
the following? Eat
breakfast provided
ou as past of a
school program

category

3.99

[Healthy Eating

OMISSHA1

In the last 4 weeks,
how many days of
school did you miss
because of your
health?

category

3.95

Academic
Achievement

OSKIPOA2

In the last 4 weeks,
how many classes
did you skip when
ou were not
supposed to?

category

3.93

Academic
Achievement

GSMSKLA1

[Did you attend this
school last year?

category

3.92

[Demographics

[HMEATSA1

Yesterday, from the
time you woke up
until the time you
went to bed, how
many servings of
meats and
alternatives did you
fhave? One 'Food
Guide' serving of
|meat and alternativ
includes cooked fis
chicken, beef, pork,
or game meat, eggs

[nuts or seeds ganufcategory

3.80

[Healthy Eating

21C




butter or nut butterg
legumes (beans), a
tofu.

AOXYCDA1l

Have you used or
tried any of the
following
medications TO GH
HIGH? A)
Oxycodone (oxy,
OC, APO,
OxyContin, percs,
Jroxies, OxyNEQO)

category

3.80

Opioid Use

[HFRVEGA1

Yesterday, from the
time you woke up
until the time you
went to bed, how
Jmany servings of
vegetables and fruil
did you have? One
'Food Guide' servin
of vegetables and

[fruit includes pieceq
of fresh vegetable ¢
fruit, salad or raw
leafy greens, cooke
leafy green
\vegetables, dried ol
canned or frozen
[fruit, and 100% fruit
or vegetable juice.

category

3.79

[Healthy Eating

[HGRAINA1

Yesterday, from the
time you woke up
until the time you
went to bed, how
many servings of
grain products did
ou have? One 'Fog
Guide' serving of
grain products
includes bread,
bagels, flatbread
such as tortilla, pita
cooked rice or past;

and cold cereal.

category

3.67

[Healthy Eating

211




[HMILKSA1

Yesterday, from the
time you woke up
until the time you
went to bed, how
many servings of
milk and alternative
did you have? One
'Food Guide' servin
of milk or milk
alternatives include
milk, fortified soy
beverage,
reconstituted
powdered milk,
canned (evaporated
Imilk, yogurt or kefir
(another type of
cultured milk
|product), and
cheese.

category

3.66

[Healthy Eating

[HESTOSD1

On a usual weeken
(Saturday and
Sunday), on how
many days do you (¢
the following? Eat
snacks purchased
from a vending
machine, corner
store, snack bar, or
canteen

category

3.45

[Healthy Eating

[HEMTOFD1

In a usual school

eek (Monday to
Friday), on how
many days do you (¢
the following? Eat
lunch at school
lunch purchased in
the cafeteria

category

3.42

[Healthy Eating

[HESTOSC1

On a usual weeken
(Saturday and
Sunday), on how
many days do you (
the following? Eat
foods purchased at

category

3.38

[Healthy Eating

212




fast food place or
restaurant

[HESTOSB1

On a usual weeken
(Saturday and
Sunday), on how
many days do you (
the following? Eat
lunch

category

3.36

[Healthy Eating

[HESTOSF1

On a usual weeken
(Saturday and
Sunday), on how
many days do you (¢
the following? Drink
high energy drinks
(Red Bull, Monster,
[Rock Star, etc.)

category

3.25

[Healthy Eating

[HESTOSH1

On a usual weeken
(Saturday and
Sunday), on how
many days do you (
the following? Drink
coffee or tea withou
sugar

category

3.24

[Healthy Eating

MOPTIMI1

How much do you
agree with the
following
statements? |
generally recover
from setbacks
quickly

category

3.23

IMental Health

AEVRETB1

[How old were you
when you first had §
drink of alcohol that
was more than a
Sip?

category

3.23

Alcohol Use

[HESTOSE1

On a usual weeken
(Saturday and
Sunday), on how
|many days do you (
the following? Drink
sugarsweetened
beverages (soda pd
Kool-Aid, Gatorade

etc.) Do not include

category

3.22

[Healthy Eating

215




diet/sugaifree
drinks

MFAMSUB1

|[How much do you
agree or disagree
with the following
statements?My
|parents/guardians
expect too much of
Ime

category

3.22

IMental Health

[HESTOSG1

On a usual weeken
(Saturday and
Sunday), on how
many days do you (¢
the following? Drink
coffee or tea with
sugar (include
cappuccino,
frappuccino, iced
tea, icedcoffees,
etc.)

category

3.16

[Healthy Eating

[HEMTOFH1

[In a usual school
week (Monday to
Friday), on how
many days do you (¢
the following? Drink
sugarsweetened
beverages (sodaop,
Kool-Aid, Gatorade
etc.) Do not include
diet/sugaifree
drinks

category

3.14

[Healthy Eating

APRSCPA1

Have you used or
tried any of the
following
medications TO GH
HIGH? C)Other
prescription pain
relievers (codeine,
morphine, Tylenol
3)

category

3.09

Opioid Use

[HEMTOFI1

In a usual school
eek (Monday to
Friday), on how

many days do you {category

3.04

[Healthy Eating

214




the following? Drink
high-energy drinks
(Red Bull, Monster,
|Rock Star, etc.)

(MFAMSUC1

[How much do you
agree or disagree
with the following
statements? | can
talk about my
problems with my
family

category

3.04

IMental Health

[HEMTOFE1

In a usual school
eek (Monday to
Friday), on how
many days do you (¢
the following? Eat
lunch purchased at
fast food place or
restaurant

category

3.02

[Healthy Eating

[HEMTOFG1

In a usual school
eek (Monday to
Friday), on how
many days do you (
the following? Eat
snacks purchased
from a vending
machine, corner
store, snack bar, or
canteen off school

category

3.01

[Healthy Eating

[HEMTOFJ1

|property

In a usual school
week (Monday to
Friday), on how
many days do you (¢
the following? Drink
coffee or tea with
sugar (include
cappuccino,
frappuccino, iced
tea, icedcoffees,
etc.)

category

2.98

[Healthy Eating

I[HESTOSA1

On a usual weeken
(Saturday and

Sunday), on how

category

2.82

[Healthy Eating

21¢




many days do you (¢
the following? Eat
breakfast

APRHRDA1

Do you think it

ould be difficult or
easy to get pain
relievers
(Oxycodone,
Fentanyl, codeine,
etc.) if youwanted
some?

category

2.78

Opioid Use

[HEMTOFF1

many days do you (¢
the following? Eat
snacks purchased
from a vending
machine in your
school

In a usual school
eek (Monday to
Friday), on how

category

2.77

[Healthy Eating

[HEMTOFA1

Friday), on how
many days do you (¢
the following? Eat

In ausual school
eek (Monday to
breakfast

category

2.77

[Healthy Eating

[HEMTOFK1

many days do you (¢
the following? Drink
coffee or tea withou

In a usual school
eek (Monday to
Friday), on how
sugar

category

2.74

[Healthy Eating

How much do you
agree or disagree
ith the following
statements? | can
(MFAMSUD1

talk about my
problems with my
friends

category

2.52

IMental Health

[DVACTAVE

verage combined
HARD and
MODERATE

physical activity per

float64

2.39

[Physical Activity

21¢




day (combined
activity total / 7)

[PA LEVEL

respondents who
meet the guidelineg
for at least 60
minutes of physical
activity per day

category

2.39

[Physical Activity

AHWHRDA?2

Do you think it
ould be difficult or
easy for you to get
marijuana if you
anted some?

category

2.27

Cannabis Use

IMFAMSUA1

How much do you
agree or disagree
ith the following
statements? | have
happy home life

category

2.24

IMental Health

[PHRDTPAZ2

ere the last 7 day
a typical week in
terms of the amoun
of physical activity
that you usually do

category

2.23

[Physical Activity

[PEDUCAAL

re you taking a
physical education
class at school this

ear?

category

1.98

[Physical Activity

[HDSCWTA1

Ily-|ow do you descril
our weight?

category

1.92

Weight

[PSFRNDA2

Your closest friendg
are the friends you
like to spend the
most time with. Hov
many of your closes
friends are physical
active?

category

1.92

[Physical Activity

[HWEGHTA1

hich of the
following are you
trying to do about

our weight?

category

1.83

\Weight

[PSTRENA3

On how many days
in the last 7 days di
ou do exercises to

strengthen or tone

category

1.80

[Physical Activity
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ushups, siups, or

our muscles? (e.g
p
eighttraining)

[PSPORTCS

Do you participate i
beforeschool, noon
hour, or after schoo
physical activities
organized by your
school? (e.g.,
intramurals, non
competitive clubs)

category

1.69

[Physical Activity

AOFTMJA2

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

category

1.61

Cannabis Use

[PSPORTDS

Do you participate i
competitive school
sports teams that
compete against
other schools? (e.g

unior varsity or
|{/arsity sports)

category

1.56

[Physical Activity

[PSPORTD4

Do you participate i
league or team spo
outside of school?

category

1.54

[Physical Activity

ADRINKA1

In the last 12

months, how often
did you have a drin
of alcohol that was

Jmore than just a sigcategory

1.53

Alcohol Use

SUSECGA2

[Have you ever tried
an electronic
cigarette, also know
as an ecigarette?

category

1.52

Vaping & &
Cigarette Use

GMONEYA1

/About how much
money do you
usually get each
week to spend on
yourself or to save?
(Remember to

linclude all money

category

1.45

[Demographics
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from allowances an
jobs like baby
sitting, delivering
apers, etc.)
On how many of th¢
last 30days did you Vaping & &
SECG30A1 use an igarette? |category 1.39 Cigarette Use
t any time during
the next year do yo
think you will smoks Smoking &
SSUSNYA1 a cigarette? category 1.37 Tobacco Use
Your closest friends
are the friends you
like to spend the
most time with. Hov
many of your closes
friends smoke Smoking &
S5FRNDA1 cigarettes? category 1.35 Tobacco Use
If one of your best
friends was to offer
you a cigarette, Smoking &
SSUSFOA1 would you smoke itjcategory 1.34 Tobacco Use
Are you female or
SEX3 jmale? category 1.11 [Demographics
|\/\/hat grade are yoy
GRADE in? category 1.10 [Demographics
Smoking Smoking &
IDSUSCEPT Susceptibility category 0.93 Tobacco Use
On how many of thg
last 30 days did yoy
smoke one or more Smoking &
SLST30A1 cigarettes? category 0.87 Tobacco Use
Have you ever
smoked 100 or mor|
hole cigarettes in Smoking &
SHUNDOA1 our life? category 0.85 Tobacco Use
Talking on phone :
[PPHON Minutes per day [float64 0.81 Screen Time
I\/\/atching TV :
[PTVMO Minutes per day [float64 0.81 Screen
lVideo Games :
|PVIDE Minutes per day [float64 0.81 Screen Time




[PHMWK

Doing Homework:
Minutes per day

float64

0.81

Screen Time

[DTDSCRNT

Total daily sedentar|
activity, with
homework excludeq

float64

0.81

Screen Time

[PSURF

Surfing Internet :
Minutes per day

float64

0.81

Screen Time

[PTEXT

Texting, messaging
Minutes per day

float64

0.81

Screen Time

[PSLEP

Sleeping : Minutes
er day

float64

0.81

Sleep

[DTDSEDNA

Total daily
sedentary

float64

0.81

Screen Time

SPUFFOA1

|Have you ever tried
cigarette smoking,
even just a few

category

0.77

Smoking &
Tobacco Use

AGE

uffs?
How old are you
today?

category

0.73

[Demographics

AEVRMJB1

How old were you
hen you first used

marijuana or

cannabis?

category

0.44

Cannabis Use

ASDRNKC1

In the last 12
months, how often
did you have 5
drinks of alcohol or
more on one
occasion?

category

0.33

Alcohol Use

GETHNCH1

How would you
describe yourself?
Latin

merican/Hispanic |category

0.00

[Demographics

GETHNCM1

How would you
describe yourself?
Other

category

0.00

[Demographics

IMBULLGC1

In the last 30 days,
hat ways did you
bully other students
(Mark all that apply
erbal attacks (e.g.

teased, threatened category

0.00

[Bullying

22C




spread rumours
about them)

(MBULLGD1

|in the last 30 days,
what ways did you
[bully other studentg
(Mark all that apply
Cyberattacks (e.qg.,
sent mean text

messages or sprea
rumours about then
on the internet)

category

0.00

[Bullying

(MBULLGE1

[In the last 30 days,
what ways did you
|oully other studentg
(Mark all that apply
Stolefrom them or
damaged their
jthings

category

0.00

[Bullying

[HSKBRKI1

If you do not eat
breakfast every day
hy do you skip
breakfast? Other:

category

0.00

[Healthy Eating

[HSKBRKH1

If you do not eat
breakfast every day

hy do you skip
breakfast? There is
nothing to eat at
home

category

0.00

[Healthy Eating

[HSKBRKG1

If you do not eat
breakfast every day

hy do you skip
breakfast? I'm trying
to lose weight

category

0.00

[Healthy Eating

[LANGUAGE

language

Questionnaire
administered.

category

0.00

[Demographics

[PROVINCE

Province in which
the school resides

category

0.00

[Demographics

[DVMDRAVE

verage
MODERATE
activity per day
(Mod_activity_total

7)

float64

0.00

[Physical Activity
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GETHNCL1

How would you
describe yourself?
hite

category

0.00

[Demographics

GETHNCC1

How would you
describe yourself?
Black

category

0.00

[Demographics

[BMI_ACAT

|BMI catagories

category

0.00

Weight

[HSKBRKF1

If you do not eat

breakfast every day
hy do you skip

breakfast?I feel sick
hen | eat breakfag

category

0.00

[Healthy Eating

[HSKBRKE1

hy do you skip
breakfast? I'm not
hungry in the

If you do not eat
breakfast every day
morning

category

0.00

[Healthy Eating

[HSKBRKD1

If you do not eat

breakfast every day
hy do you skip

b

reakfast? | sleep ifcategory

0.00

[Healthy Eating

[HSKBRKC1

hy do you skip
breakfast? The bus

If you do not eat
breakfast every day
comes too early

category

0.00

[Healthy Eating

[HSKBRKB1

hy do you skip
breakfast? | don't
have time for

If you do not eat
breakfast every day
breakfast

category

0.00

[Healthy Eating

[HSKBRKA1

hy do you skip

If you do not eat
breakfast every day
breakfast? | eat

breakfast every daylcategory

0.00

[Healthy Eating

(MBULLGB1

bully other studentg
(Mark all that apply

In the last 30 days,
hat ways did you
Physical attacks

category

0.00

[Bullying

22z




(e.g., beat up,
pushed, or kicked
them)

GETHNCN1

escribe yourself?

How would you
d
sian

category

0.00

[Demographics

(MBULLDC1

[In the last 30 days,
what ways were yo
[oullied by other
students? (Mark all
[that apply) Verbal
attacks (e.g., gettin
teased, threatened,
having rumours
spread about you)

category

0.00

[Bullying

(MBULLGA1

[In the last 30 days,
what ways did you
[bully other students
(Mark all that apply
|l did not bully other
students in the last
30 days

category

0.00

[Bullying

(MBRHLPD1

If you had concerng
regarding your
mental health, are
there any reasons
why you wouldn't
ftalk to anadult at
school (e.g., a scho
social worker, child
and youth worker,
counsellor,
psychologist, nurse
teacher, or other st
person)? (Mark all
that apply) Prefer tg
handle problems
myself.

category

0.00

IMental Health

(MBRHLPB1

If you had concerns
regarding your
mental health, are
there any reasons
hy you wouldn't

talk to an adult at

category

0.00

[Mental Health
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school (e.g., a scho
social worker, child
and youth worker,
counsellor,
psychologist, nurse
teacher, or other std
person)? (Mark all
that apply) Worried
about what others
would think of me
(e.g., I'd be too
embarrassed)

If you had concerng
regarding your
mental health, are
there any reasons
why you wouldn't
ftalk to an adult at
school (e.g., a scho
social workerchild
and youth worker,
counsellor,
psychologist, nurse
teacher, or other stz
person)? (Mark all
that apply) | would
have no problem
talking to an adult a
school about my

(MBRHLPA1 jmental health. category 0.00 [Mental Health

[In the last 30 days,

did you use any of

[the following? (Mar

all that apply) Roll-

your-own cigarettes Smoking &
SEVTRYK?2 (tobacco only) category 0.00 Tobacco Use

lin the last 30 days,

did you use any of

[the following? (Mar

all that apply) Loos¢

tobacco mixed with Smoking &
SEVTRYO?2 marijuana category 0.00 Tobacco Use

In the last 30 days, \VVaping & &
SEVTRYP1 did you use any of |category 0.00 Cigarette Use
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[the following? (Mar
all that

apply) Ecigarettes
(electronic cigarette
[that look like
cigarettes/cigars,
but produce vapour|
instead of smoke)

SEVTRYL2

In the last 30 days,
did you use any of
the following? (Mar
all that

apply) Smokeless
tobacco (chewing
tobacco, pinch,
snuff, or snus)

category

0.00

Smoking &
Tobacco Use

SEVTRYG4

In the last 3@ays,
did you use any of
the following? (Mar
all that apply)
Nicotine patches,
nicotine gum,
nicotine lozenges, ¢
nicotine inhalers

category

0.00

Smoking &
Tobacco Use

SEVTRYH7

In the last 30 days,
did you use any of
the following? (Mar
all that apply)
Hookah (wateipipe)
to smoke tobacco

category

0.00

Smoking &
Tobacco Use

SEVTRYHS8

In the last 30 days,
did you use any of
the following? (Mar
all that apply)
Hookah (wateipipe)
to smoke herbal
sheesha/shisha

category

0.00

Smoking &
Tobacco Use

SEVTRYN2

In the last 30 days,
did you use any of
the following? (Mar
all that apply) Blunt
raps (a sheet or
tube made of tobac

category

0.00

Smoking &
Tobacco Use
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used to roll cigaretts
tobacco)

SEVTRYJ2

In the last 30 days,
did you use any of
the following? (Mar
all that apply) |
have not used any
these things in the
last 30 days

category

0.00

Smoking &
Tobacco Use

AMJTYPD1

If you have used
marijuana or
cannabis in the last
12 months, how did
you use it? (Mark a
that apply)- | have
not used marijuana
or cannabis in the
flsat 12 months

category

0.00

Cannabis Use

AMJITYPC1

If you have used
marijuana or
cannabis in the last
12 months, how did
you use it? (Mark a
that apply)- | have
used it by eating or
drinking it (e.g., Iin
brownies, cookies,
candies, tea)

category

0.00

Cannabis Use

AMJTYPB1

If you have used
marijuana or
cannabis in the last
12 months, hovdid
ou use it? (Mark a
that apply) | have
used it by vaping it

category

0.00

\VVaping & E
Cigarette Use

AMJITYPA1

If you have used
marijuana or
cannabis in the last
12 months, how did
you use it? (Mark a
that apply)- | have
used it by smoking
(e.g., inajoint, a

[pipe, a bong)

category

0.00

Cannabis Use

22¢




(MBRHLPC1

If you had concerng
regarding your
mental health, are
there any reasons
why you wouldn't
ftalk to an adult at
school (e.g., a scho
social worker, child
and youth worker,
counsellor,
psychologist, nurse
teacher, or other stz
person)? (Mark all
that apply) Lack of
trust in these peopk

ord would get
Oout.

category

0.00

IMental Health

(MBRHLPE1

If you had concerns
regarding your
mental health, are
there any reasons
why you wouldn't
ftalk to an adult at
school (e.g., a scho
social worker, child
and youth worker,
counsellor,
psychologist, nurse
teacher, or other st
person)? (Mark all
that appy) Don't
think these people
would be able to
[help.

category

0.00

IMental Health

(MBULLDE1

[In the last 30 days,
what ways were yo
[oullied by other

students? (Mark all
[that apply) Had

someone steal from
you or damage you
[things

category

0.00

[Bullying

(MBRHLPF1

If you had concerng

regarding your

category

0.00

[Mental Health
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mental health, are
there any reasons
why you wouldn't
ftalk to an adult at
school (e.g., a scho
social worker, child
and youth worker,
counsellor,
psychologist, nurse
teacher, or other st
person)? (Mark all
that apply) Wouldn'
know who to
approach.

(MBULLDD1

[In the last 30 days,
what ways were yo
[oullied by other
students? (Mark all
[that apply) Cyber
attacks (e.g., being
sent mean text
messages or having
rumours spread
about you on the
linternet)

category

0.00

[Bullying

SCHOOLID

SchoollD

category

0.00

|Demographics

(MBULLDB1

lin the last 30 days,
what ways were yo
[oullied by other
students? (Mark all
[that apply) Physical
attacks (e.g., gettin
beaten up, pushed,
kicked)

category

0.00

[Bullying

(MBULLDA1

In the last 30 days,

hatways were yoy
bullied by other
students? (Mark all
that apply) | have n
been bullied in the
last 30 days

category

0.00

[Bullying

SSUSMTAL

Do you think in the
future you might try

smoking cigarettes?

category

0.00

Smoking &
Tobacco Use
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SUSECGB1

Have you used-e
cigarettes for any o}
the following
reasons? (Mark all
that apply) | have n
used ecigarettes

category

0.00

Vaping & &
Cigarette Use

SUSECGC1

Have you used-e
cigarettes for any o}
the following
reasons? (Mark all
thatapply) Curiosity

to try something
new

category

0.00

Vaping & &
Cigarette Use

SUSECGD1

Have you used-e
cigarettes for any of
the following
reasons? (Mark all
that apply) | can uss
e-cigarettes in placq

here smoking is n
allowed

category

0.00

\Vaping & E
Cigarette Use

SUSECGE1

Have you used-e
cigarettes for any o}
the following

reasons? (Mark all
that apply) To smok
fewer cigarettes

category

0.00

Vaping & &
Cigarette Use

SUSECGF1

cigarettes for any of
thefollowing
reasons? (Mark all
that apply) To help
me quit smoking
cigarettes

category

0.00

Vaping & &
Cigarette Use

SUSECGG1

Have you used-e
cigarettes for any o}
the following
reasons? (Mark all
that apply) | have
used ecigarettes for
someother reason

‘Have you used-e

category

0.00

Vaping & &
Cigarette Use

SEVTRYA2

In the last 30 days,
did you use any of

the

category

0.00

Smoking &

Tobacco Use

22¢




following? (Mark all
that apply) Pipe
tobacco

SEVTRYBS5

[In the last 30 days,
did you use any of
[the following? (Mar
all that apply)
Cigarillos or little
cigars (plain or
[flavoured)

category

0.00

Smoking &
Tobacco Use

SEVTRYBG6

[In the last 30 days,
did you use any of
[the following? (Mar
all that apply) Cigar
(not including
cigarillos or little
cigars, plain or
[flavoured)

category

0.00

Smoking &
Tobacco Use

(MBRHLPG1

If you had concerns
regarding your
mental health, are
there any reasons
why you wouldn't
ftalk to an adult at
school (e.g., achoo
social worker, child
and youth worker,
counsellor,
psychologist, nurse
teacher, or other st
person)? (Mark all
that apply) There is
no one | feel
comfortable talking
Jto.

category

0.00

[Mental Health

scanlD

scanlD

category

0.00

|Demographics

TableS12 Cohort 2022021 Input Variable for Clustering Analysis

Variable (2020-21) Question

Data Type

Missing
Percentage

Category
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CESD

[Depression Revised
Scale (CESD RL0)

float64

15.7

IMental Health

SEVTRYM1

In the last 30 days,
did you use any of tf
[following? (Mark all
that apply) Heated
tobacco product (a
device that heats
tobacco instead of
burning it, such as
IQOS or Heatstick)

category

14.61

Smoking &
Tobacco Use

SEVTRYO2

In the last 3@ays,
did you use any of tf
[following? (Mark all
that apply) Loose
tobacco mixed with
marijuana

category

14.61

Smoking &
Tobacco Use

SEVTRYBG6

In the last 30 days,
did you use any of tf
[following? (Mark all
that apply) Cigars
(not including
cigarillos or little
cigars, plain or
[flavoured)

category

14.61

Smoking &
Tobacco Use

SEVTRYBS

In the last 30 days,
did you use any of tf
[following? (Mark all
that apply) Cigarillos
or little cigars (plain
or flavoured)

category

14.61

Smoking &
Tobacco Use

SEVTRYG4

In the last 30 days,
did you use any of tf
[following? (Mark all
that apply) Nicotine
patches, nicotine
gum, nicotine
lozenges, or nicoting
inhalers

category

14.61

Smoking &
Tobacco Use

SEVTRYJ2

In the last 30 days,
did you use any of tf
following? (Mark all
that apply) | have

not used any of theqcategory

14.61

Smoking &

Tobacco Use
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things in the last 30
days

| Cigarillos or little
cigars (plain or
[flavoured)

| Cigars (not
including cigarillos o
little cigars, plain or
[flavoured)

| Loose tobacco
mixed with
marijuana

| Heated tobacco
product (a device th
heats tobacco instea
of burning it, such aj
IQOS or Heatstick)
| Smokeless tobacg
(chewing tobacco,
pinch, snuff, or snus
| Nicotine patches,
nicotine gum,
nicotine lozenges, o
nicotine inhalers

| | have not used an
of these things in thg
last 30 days

SEVTRYL2

In the last 30 days,
did you use any of tf
[following? (Mark all
that

apply) Smokeless
tobacco (chewing
tobacco, pinch, snuf
or snus)

category

14.61

Smoking &
Tobacco Use

CKNOWLJ1

[Please indicate whig
of the following
statements about
COVID-19 you think
are true. (Mark all th
apply) COVID-19 is
only dangerous for
the elderly

population.

category

14.51

COVID
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CKNOWLF1

[Please indicate whid
of the following
statements about
COVID-19 you think
are true. (Mark all th
apply) Hand washin
[for at least 20
seconds (with soap
and water) helps
prevent the
transmission of
COVID-19

category

14.51

COVID

CKNOWLH1

[Please indicate whig
of the following
statements about
COVID-19 you think
are true. (Mark all th
apply) When a persg
coughs, the use of g
mask can reduce thg
droplet transmission
of COVID-19.

category

14.51

COVID

CKNOWLI1

[Please indicate whig
of the following
statements about
COVID-19 you think]
are true. (Mark all th
apply) COVID-19 is
only found in
individuals who sho
symptoms and signg
of disease.

category

14.51

COVID

CKNOWLG1

|IPlease indicate whig
of the following
statements about
COVID-19 you think]
are true. (Mark all th
apply) The use of
hand sanitizer (e.qg.,
[Purell) helps preven
the transmission of
COVID-19.

category

14.51

COVID

(MBULLDC1

In the last 30 days, i

what ways were yoycategory

14.12

|Bullying
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bullied by other
students? (Mark all
that apply) Verbal
attacks (e.g., getting
teased, threatened,
having rumours
spread about you)

(MBULLDA1

In the last 30 days, i
what ways were you
bullied by other
students? (Mark all
thatapply) | have no
been bullied in the
last 30 days

category

14.12

|Bullying

(MBULLDD1

In the last 30 days, i
what ways were you
bullied by other
students? (Mark all
that apply) Cyber
attacks (e.g., being
sent mean text
messages or having
rumours spread abo
you on the internet)

category

14.12

|Bullying

(MBULLDF1

In the last 30 days, i
what ways were yol
bullied by other
students? (Mark all
that apply) Social
bullying (e.g., being
purposefully
excluded from a
group, being
humiliated byothers
with gestures or
graffiti)

category

14.12

|Bullying

(MBULLDE1

In the last 30 days, i
what ways were yol
bullied by other
students? (Mark all
that apply) Had
someone steal from
you or damage your

things

category

14.12

|Bullying
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(MBULLDB1

In the last 30 days, i
what ways were you
bullied by other
students? (Mark all
that apply) Physical
attacks (e.g., getting
beaten up, pushed,
kicked)

category

14.12

[Bullying

[DVHRDAVE

Average HARD
activity per day (Har
activity total / 7)

float64

13.6

|Physical Activity

GAD7

Anxiety Disorder
(GAD7)

float64

13.15

IMental Health

[IDERS

Difficulties in
Emotion Regulation
Scale (DERS)

float64

12.89

IMental Health

CLIFCND1

[How has your life
changed because of
COVID-19? My
anxi ety h

category

12.82

COVID

CLIFCNI1

How has your life
changed because of
COVID-19? My
physical activity
hasé

category

12.74

COVID

CLIFCNH1

[How has your life
changed because of
COVID-19? My time
spentsurfing/posting
on social media
hasé

category

12.65

COVID

CLIFCNC1

[How has your life
changed because of
COVID-19? My

| onel i nes

category

12.65

COVID

CLIFCNO1

[How has your life
changed because of
COVID-19? My
consumption of salty
snack(e.g., chips)
and sweet foods (e.
candy, ice cream,

cake) has

category

12.62

COVID
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CLIFCNJ1

[How has your life
changed because of
COVID-19? My

sl eep has

category

12.61

COVID

CLIFCNG1

[How has your life
changed because of
COVID-19? Time
spent watching
TV/movies or playin
vi deo gam

category

12.57

COVID

CLIFCNF1

[How has your life
changed because of
COVID-19? Time
spent communicatin
with my friends
onl i ne ha

category

12.54

COVID

CLIFCNE1

[How has your life
changed because of
COVID-19? Time
spent with my friend
i n person

category

12.5

COVID

CLIFCNB1

[How has your life
changed because of
COVID-19? My

boredom h

category

12.47

COVID

CLIFCNA1

[How has your life
changed because of
COVID-19? My

stress ha

category

12.3

COVID

[FLOURISH

[Flourishing
Scale_seHperceived
success

float64

11.56

IMental Health

[DVOCONCT

School
Connectedness Sco

float64

11.49

School
connectedness

[IPA LEVEL AVG

respondents who
meet theguidelines
[for at least 60
minutes of physical
activity per day on
average

category

11.46

|Physical Activity

[DVACTAVE

Average combined
HARD and

MODERATE

float64

11.46

|PhysicalActivity
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physical activity per
day (combined
activity total / 7)

OMARKSA1

On average, what
marks do you usuall
get in school?
(Choose only one)

category

11.33

Academic
IAchievement

OLIKEDA1

\What is the highest
level of education
you would like to
get?

category

11.07

Academic
IAchievement

SEVRQTA2

[Have you ever tried
to quit smoking
cigarettes?

category

10.83

Smoking &
Tobacco Use

AMJITYPAL

If you have used
marijuana or cannal
in the last 12 month;
how did you use it?
(Mark all that apply)
- | have used it by

smoking it(e.g., in a
joint, a pipe, a bong

category

10.64

Cannabis Use

AEVRETB1

[How old were you
when you first had a
drink of alcohol that
was more than just :
Sip?

category

10.39

Alcohol Use

MOPTIMI1

[How much do you
agree with the
[following statements
| generally recover
from setbacks
quickly

category

10.28

IMental Health

AFNTNLAL

[Have you used or
tried any of the
[following
medications TO GE]
[HIGH? B) Fentanyl
(china white,
synthetic heroin,
china girl)

category

10.21

Opioid Use

QCHEFFF1

For each of the

following behaviourg

category

10.12

Cannabis Use
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please indicate the
extent to which you
believe an individua
would be exposed tg
risks to his or her
physical health: S/h¢
smokes cannabis
(marijuana, hashish
regularly

QCHEFFE1

For each of the
following behaviours
please indicate the
extent to which you
believe an individua
would be exposed tq
risks to his or her
physical health: S/h4
has tried cannabis
(marijuana, hashish
[few times

category

10.12

Cannabis Use

QCHEFFD1

For each of the
following behaviours
please indicate the
extent to which you
believe an individua
would be exposed tq
risks to his or her
physical health: S/hg
smokes eigarettes
regularly

category

10.07

\Vaping & E-
Cigarette Use

APRSCPA1

[Have you used or
tried any of the
[following
medications TO GE]
HIGH? C)Other
prescription pain
relievers (codeine,
morphine, Tylenol 3

category

10.02

Opioid Use

MFAMSUB1

How much do you

agree or disagree
ith the following

statements?My

parents/guardians

category

9.94

[Mental Health
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expect too much of
me

ARISKBB1

In the last 30 days,
how many times hay
you done the
[following? Rode
in/on a vehicle wher
the driver (you or
someone else) had
been usingnarijuang
or cannabis

category

9.93

Cannabis Use

QCHEFFC1

For each of the
following behaviours
please indicate the
extent to which you
believe an individua
would be exposed tq
risks to his or her
physical health: S/hg
has triede-cigarettes
a few times

category

9.87

Vaping & &
Cigarette Use

[tot fruit

Total number of day|
of Eat fruit (fresh,
canned, dried, or
[frozen) in the past
week

float64

9.83

|Healthy Eating

[tot vege

Total number of day|
of Eatvegetables

(raw or cooked, fres
canned, or frozen) ir
the past week

float64

9.83

|Healthy Eating

[tot restrict diet

Total number of day|
of Restrict/alter your
[food intake with the
intention of changing
your weight/shape i
the past week

float64

9.83

|Healthy Eating

[tot_snacks

Total number of day|
of eat snacks
purchased from a
vending machine,
corner store, snack
bar, or canteen in th

past week

float64

9.83

[Healthy Eating
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[tot water

Total number of day|
of drink water in the
pastweek

float64

9.83

|Healthy Eating

[tot fast food

Total number of day|
of Eat food
purchased at a fast

[‘jod place or

restaurant in the pag
eek

float64

9.83

|Healthy Eating

AOXYCDA1

[Have you used or
tried any of the
[following
medications TO GE]
[HIGH? A)
Oxycodone (oxy, O(
APO, OxyContin®,
percs, roxies,
OxyNEO®)

category

9.78

Opioid Use

(MFAMSUD1

[How much do you
agree or disagree
with the following

statements? | can tg
about my problems
with my friends

category

9.75

IMental Health

(MFAMSUC1

[How much do you
agree or disagree
with the following

statements? | can tg
about my problems
with my family

category

9.74

IMental Health

APRHRDA1

[Do you think itwould
be difficult or easy tq
get pain relievers
(Oxycodone,
[Fentanyl, codeine,
etc.) if you wanted
some?

category

9.72

Opioid Use

AHWHRDA?2

[Do you think it woulg
be difficult or easy

marijuana if you

I\f:/)r you to get

anted some?

category

9.56

Cannabis Use
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MFAMSUA1

[How much do you
agree or disagree
with the following

statements? | have i
happy home life

category

9.43

IMental Health

ARISKBA1

In the last 30 days,
how many times hay
you done the
[following? Rode
in/on a vehicle wher
the driver (you or
someone else) had
been drinking
alcohol

category

9.42

Alcohol Use

AEVRMJB1

[How old were you
when you first used
marijuana or
cannabis?

category

9.03

Cannabis Use

AMJTYPD1

If you have used
marijuana or cannal
in thelast 12 monthg
how did you use it?
(Mark all that apply)
- | have not used

marijuana or cannal
in the last 12 month;

category

8.73

Cannabis Use

AMJTYPB1

If you have used
marijuana or cannak
in the last 12 month;
how did you use it?
(Mark all that apply)
- | have used it by
\vaping it

category

8.73

Vaping & &
Cigarette Use

AMJITYPC1

If you have used
marijuana or cannal]
in the last 12 month
how did you use it?
(Mark all that apply)
- | have used it by
eating or drinking it
(e.g., inbrownies,
cookies, candies, te

category

8.73

Cannabis Use

[HSKBRKG1

If you do not eat

breakfast every day

category

8.67

[Healthy Eating
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why do you skip
breakfast? I'm trying
to lose weight

[HSKBRKA1

If you do not eat
breakfast every day
why do you skip
breakfast? | eat
breakfast every day

category

8.67

|Healthy Eating

[HSKBRKB1

If you do not eat
breakfast every day
why do you skip
breakfast? | don't
have time for
breakfast

category

8.67

|Healthy Eating

[HSKBRKH1

If you donot eat
breakfast every day
why do you skip
breakfast? There is
nothing to eat at
home

category

8.67

|Healthy Eating

[HSKBRKC1

If you do not eat
breakfast every day
why do you skip
breakfast? The bus
comes too early

category

8.67

|HealthyEating

[HSKBRKD1

If you do not eat
breakfast every day
why do you skip

breakfast? | sleep injcategory

8.67

[Healthy Eating

[HSKBRKE1

If you do not eat
breakfast every day
why do you skip
breakfast? I'm not
hungry in the
morning

category

8.67

|Healthy Eating

[HSKBRKF1

If you do not eat
breakfast every day
why do you skip
breakfast?l feel sick

when | eat breakfas{category

8.67

[Healthy Eating

ASDRNKC1

In the last 12 month
how often did you

have 5 drinks of

category

8.55

Alcohol Use
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alcohol or more on
one occasion?

AOFTMJA2

In the last 12 month
how often did you
use marijuana or
cannabis? (a joint,
pot, weed, hash)

category

8.53

Cannabis Use

ADRINKA1

In the last 12 month
how often did you
have a drink of
alcohol that was mo
than just a sip?

category

8.41

lAlcohol Use

[PSPORTCS

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

category

8.28

|Physical Activity

[PSTRENA3

On how many days
the last 7 days did
you do exercises to
strengthen or tone
your muscles? (e.g.
pushups, situps, or
weighttraining)

category

8.28

|Physical Activity

SECGGTA1

\Where do you usual

pods, guice or e
liquid)? (Choose onl
one)

get vapes (including|

category

8.2

Vaping & &
Cigarette Use

SUSECGC?2

Have you used a va
for any of the
following reasons?
(Mark all that apply)
Curiosity / to try
something new

category

\Vaping & E
Cigarette Use

SUSECGB2

Have you used a va
for any of the
following reasons?

(Mark all that apply)

category

\Vaping & E
Cigarette Use
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| have not used a
vape

SUSECGD?2

Have you used a va
for any of the
following reasons?
(Mark all that apply)
| can vape in places
where smoking is ng
allowed

category

Vaping & &
Cigarette Use

SUSECGH?2

Have you used a va
for any of the
following reasons?
(Mark all that apply)
It's cool / a lot of
peole | know use
them

category

\Vaping & E
Cigarette Use

SUSECGF2

Have you used a va
for any of the
following reasons?
(Mark all that apply)
To help me quit
smoking cigarettes

category

\Vaping & E
Cigarette Use

SUSECGI2

Have you used a va
for any of the
following reasons?
(Mark all that apply)
To relax or relieve
stress and anxiety

category

\Vaping & E
Cigarette Use

SUSECGJ2

Have you used a va
for any of the
following reasons?
(Mark all that apply)
For the nicotine high

category

\Vaping & E
Cigarette Use

SUSECGK2

Have you used a va
for any of the
following reasons?
(Mark all that apply)
| really like the
flavours

category

\Vaping & E
Cigarette Use

SUSECGG2

Have you used a va
for any of the
following reasons?

(Mark all that apply)

category

Vaping & &

Cigarette Use
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| have used a vape 1
some other reason

SECGSHA1

\When you vape, hoy
often do you share
the device with
someone else or us
someone else's vap

category

7.98

Vaping & E
Cigarette Use

SLP_AVG

Average length of
sleep per night in a
week

float64

7.94

Sleep

SLP_GUIDE

[Respondents who
meet the guidelines
[for at least 8 hours ¢
sleep per day (on
average)

category

7.94

Sleep

SECG30A2

On how many of the
last 30 days did you
use a vape?

category

7.92

\Vaping & E-
Cigarette Use

[PSPORTDS

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

category

7.88

|Physical Activity

SUSECGA3

[Have you ever tried
\vape, also known as
an ecigarette? (e.g.,
JUUL, Vype, Suorin
Smok)

category

7.87

Vaping & &
Cigarette Use

[DSUSCEPT3

Smoking
Susceptibility- Threg
[Measures

category

7.86

Smoking &
Tobacco Use

[PSPORTD4

[Do youparticipate in
league or team spor
outside of school?

category

7.75

|Physical Activity

SLST30A1l

On how many of the
last 30 days did you
smoke one or more
cigarettes?

category

7.69

Smoking &
Tobacco Use

SPUFFOA1

Have you ever tried

cigarette smoking,

category

7.64

Smoking &
Tobacco Use

24%




even just a few
puffs?

[PSLPEZA1

[During the past
week, what time hay
you usually turned
out the light and gon
to slomepé
weekends? (Select
the time using the
drop-down lists for
hour, minutes and
AM/PM) - AM/PM

category

7.02

Sleep

[PSLPDZA1

[During the past
week, what time hay
you usually turned
out the light and gon
t o slomepé
weekdays? (Select
the time using the
drop-down lists for
hour, minutes and
AM/PM) - AM/PM

category

6.82

Sleep

[PWAKEZA1

[During the past
week, what time hay
you usually woken U
i n the noo
weekends? (Select
the time using the
drop-down lists for
hour, minutes and
AM/PM) - AM/PM

category

6.79

Sleep

[PWAKDZA1

[During the past
week, what time hay
you usually woken U
i n the noo
weekdays? (Select
the time using the
drop-down lists for
hour, minutes and
AM/PM) - AM/PM

category

6.64

Sleep

[DTDSEDNA 12

Total daily sedentar

float64

5.76

Screen Time

[PTEXT 12

Texting, messaging

float64

[Minutes per day

5.76

Screen Time

24¢




[DTDSCRNT 12

Total daily sedentar)
activity, with
homework excluded

float64

5.76

Screen Time

[PSURF 12

Surfing Internet :
[Minutes per day

float64

5.76

Screen Time

[PHMWK 12

Doing Homework:
Minutes per day

float64

5.76

Screen Time

[PVIDE_12

Video Games :
[Minutes per day

float64

5.76

Screen Time

[PTVMO 12

I\Natching TV :
Minutes per day

float64

5.76

Screen Time

[PSLPQTA1

[During thepast week
how would you rate
your sleep quality
overall (how well yo
sleep)?

category

5.14

Sleep

[HDSCWTA1

[How do you describ
your weight?

category

3.56

[Height & Weight

GMONEYC1

\Where do you get
money to spend on
yourself or to save?
[My parents/guardian
give me money (e.g
an allowance)

category

3.38

[Demographics

GMONEYB1

\Where do you get
money to spend on
yourself or to save?
do not usually get af
money to spend on
myself or to save

category

3.38

[IDemographics

GMONEYE1

\Where do you get
money to spend on
yourself or to save?
get paid cash for
occasional work
(babysitting, mowing
lawns, shovelling
snow, etc.)

category

3.38

[Demographics

GMONEYD1

\Where do you get
money to spend on
yourself or to save?
get a pay cheque

[from a job (working

category

3.38

[Demographics

247




evenings or weeken
at a restaurant, storg
etc.)

OWEIGHA1

[How much do you
weigh without your
shoes on? (Please
enter yourweight in
either pounds OR in
kilograms)

category

3.21

JHeight & Weight

[HWEGHTA1

\Which of the
[following are you
trying to do about
your weight?

category

3.15

JHeight & Weight

OHEIGHA1

[How tall are you
without your shoes
on? (Please enter
your height in either
[feet and inches OR
centimetres)

category

2.83

JHeight & Weight

QCHCOMF1

\Would you say that
you and your family
are more or less
comfortable
[financially than the
average student in
your class?

category

2.73

[Demographics

QCOBEDA1

In your house, do ya
have your own
bedroom?

category

2.35

[IDemographics

GATHOMA1

Including you, how
many people are
currently living at
your home?

category

2.33

[Demographics

GMONEYA1

About how much
money do you usual
get each week to
spend on yourself o
to save? (Remembsg
to include all money
from allowances ang
jobs like babysitting,
delivering papers,

etc.)

category

2.32

[Demographics

24¢




QCHNGRA1L

[Do you sometimes ¢
to bed hungry
because there is not
enough money to by
[food?

category

2.27

[IDemographics

CCURRIAL

\What form of
curriculum delivery
are you currently
participating in?

category

1.71

[Demographics

GETHNCM1

How would you
describe yourself?
Other

category

1.65

[Demographics

GETHNCL1

[How would you
describe yourself?
\White

category

1.65

[IDemographics

GETHNCH1

[How would you
describe yourself?
[Latin
IAmerican/Hispanic

category

1.65

IDemographics

GETHNCC1

[How would you
describe yourself?
[Black

category

1.65

[Demographics

GETHNCN1

[How would you
describe yourself?
Asian

category

1.65

[Demographics

SEX4

Are you female or
male?

category

1.47

[Demographics

AGE

How old are you
today?

category

1.37

[Demographics

GSMSKLA?2

[Did you attend this
school last year?

category

0.95

[Demographics

provincel

province

category

|Demographics

[LANGUAGE

Questionnaire
language
administered.

category

[Demographics

[PSURFHA3

[How much time per
day do you usually
spend doing the
[following activities?
Surfing the internet;
[Hours

category

Screen

[IDVMDRAVE

Average

float64

IMODERATE activity

|Physical Activity

24¢




per day
(Mod_activity_total /
7)

[DSUSCEPT?2

Smoking
Susceptibility- Two
[Measures

category

Smoking &
Tobacco Use

[BMI AcaT

|BMI catagories

category

\Weight

CLIFCNN1

[How has your life
changed because of
COVID-19? My
cannabi s

category

COVID

CLIFCNM1

[How has your life
changed because of
COVID-19? My

al cohol u

category

COVID

CLIFCNL1

[How has your life
changed because of
COVID-19? My
vaping ha

category

COVID

CLIFCNK1

[How has your life
changed because of
COVID-19? My
cigarette

category

COVID

[PSURFMA2

[How much time per
day do you usually
spend doing the
[following activities?
Surfing the internet;
[Minutes

category

Screen

ARISKBD1

In the last 30 days,
how many times hay
you done the
[following? Used
marijuana or cannal
when you were all b
yourself

category

Cannabis Use

ARISKBC1

In the last 30 days,
how many times hay
you done the
[following? Drank
alcohol when you
were all by yourself

category

Alcohol Use

SCHOOLID

School ID

float64

[IDemographics

25C




scanlD

ScanlD

float64

0

Demographics
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FigureS1.1 (A-C) 20182019: SHAPsummaryplot for high levelclusters

A. SHAP summary plot for higlevel Cluster0
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B. SHAP summary plot for high level Cluster 1
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C. SHAP summary plot for high level Cluster 2
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A. SHAP summary plot foBub Cluster O
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FigureS12 (A-E) 20182019: SHAPsummaryplot for sub clusters inhigh-level cluster O
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B. SHAP summary plot for Sub Cluster 1
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C.
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D. SHAP summary plot for Sub Cluster 3
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E. SHAP summary plot for Sub Cluster 4
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FigureS13 (A-D) 20182019: SHAPsummaryplot for sub clusters inhigh-levelcluster 2

A. SHAP summary plot for Sub Cluster O
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B. SHAP summary plot for Sub Cluster 1
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C. SHAP summary plot for Sub Cluster 2
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D. SHAPsummary plot for Sub Cluster 3
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FigureS14 (A-D) 20202021: SHAPsummaryplot for high-levelcluster

A. SHAP summary plot for Higkevel Cluster O
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B. SHAP summary plot for Higfevel Cluster 1
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C. SHAP summary plot for Higlevel Cluster 2
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