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ABSTRACT

Previous studies found that the effect of polygenic scores (PGS) on body mass index (BMI) is at least
partly mediated through eating behaviours, and that PGS can mitigate or elevate the association of dietary
intakes on BMI. However, this evidence has several limitations. For instance, there are few investigations
in child populations or using longitudinal data. Also, the majority of PGS for BMI in studies of children
are constructed from adult genome-wide association studies (GWAS) summary statistics, even though

the genetic architecture of obesity may change throughout life.

To address those limitations, the thesis has three specific objectives: 1) to measure the genetic
susceptibility to obesity in children using two PGS derived from adults and children GWAS summary
statistics, respectively, and compare their association with BMI and discrimination of obesity, 2) to
determine the extent to which the association between adult- and child-derived PGS and BMI is
mediated through eating behavioural traits (over-eating, fussy eating) assessed in early childhood, and
3) to estimate the association between preschool dietary (food and macronutrient) intakes and BMI
(mean and change with age) displayed in childhood and identify the ability of adult- and child-derived

PGS to modify those associations.

The objectives are developed in three manuscripts. In the first manuscript, we showed that a PGS derived
from adult summary statistics has a stronger association with BMI z-scores from 4 to 13 years, compared
to a PGS derived from child summary statistics. Using longitudinal growth curve mediation analysis in
the second manuscript, we observed that over-eating expressed from 2 to 6 years of age mediated the
association between both PGS and BMI z-scores from 6 to 13 years of age. Notably, the proportion
mediated by over-eating decreased as children grew older. Leveraging linear mixed effects models in the
third manuscript, we showed that the association between specific dietary intakes (protein, lipid, and total
energy) and BMI increased with the value of the adult-derived PGS, but not the child-derived PGS.
Overall, this thesis sheds light on the underlying role of dietary habits in genetic susceptibility to obesity

across childhood and teenage years.
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ABBREVIATIONS

BMI — Body mass index.

CEBQ — Child Eating behaviour Questionnaire.

GIANT - Genetic Investigation of Anthropometric Traits consortium.

GREML — Genomic relatedness restricted maximum likelihood.
GWAS — Genome-Wide Association Study.

LD — Linkage disequilibrium.

LDSC — Linkage disequilibrium score regression.

PGS — Polygenic score.

SD — Standard deviation.

TFEQ — Three-Factor Eating Questionnaire.
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CHAPTER 1 - INTRODUCTION

1.1 Problem statement

In recent years, few diseases drew the attention of epidemiologists more than obesity. The World
Health Organization declared a global epidemic of obesity in 1997, due to its dual burden of mortality
and morbidity, combined with a prevalence that is increasing at an alarming rate [1]. Obesity can be
described as an excess accumulation of fat in the body that results in negative health outcomes. Body
mass index (BMI) is the most used method to measure excess adiposity in observational studies due to
its ease of implementation despite limitations regarding the location of body fat and the differentiation
of lean and fat mass [1]. According to the most recent data available, high BMI was responsible for 3.7
million deaths, and the loss of 129 million disability-adjusted life years worldwide in 2021 [2]. The
high health burden of obesity is related to the consequences of excess fat on cardiometabolic health and
the increased risk of several health problems such as Type-2 diabetes, hypertension, cancer, coronary

heart disease, sleep apnea, or mental health issues [1].

The prevalence of obesity and the mean BMI level escalated dangerously worldwide in the last three
decades in both adults and children [3, 4]. The roots of obesity can be tracked down to early
development [5]. Even though recent data suggest that the rise in overweight and obesity in childhood
has tapered off in recent years [6, 7], levels of excess weight are still at distressing heights. For
instance, more than a quarter of children were affected by overweight or obesity in Canada in 2019 [8].
This is concerning since childhood comorbidities are common and can lead to serious long-term health
complications [9]. Obesity prevention efforts should ideally start at a young age considering most cases
of childhood obesity persist into adulthood [10], and difficulties in reversing pediatric obesity in the
long-term [9].

Uncovering the factors related to the occurrence of diseases is a crucial endeavour of epidemiologists,
especially in the context of a major public health issue like obesity, so that prevention measures can be
aimed at relevant targets and tailored to the appropriate individuals at risk. Accordingly, major efforts
have been made to uncover the determinants related to the rapid increase in the prevalence of obesity.

Exposure to food environments encouraging unhealthy dietary habits was identified as a major
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contributor driving the global obesity increase [11]. More specifically, the global food system has
evolved in a way that favorize the availability of energy-dense and highly processed foods due to
improved distribution systems and widespread marketing strategies [11]. This so-called obesogenic
environment leads to obesity by abetting individual behaviours ushering in an unbalance between

energy intake and energy expenditure.

However, not everyone is similarly affected by exposure to an obesogenic environment. The complex
nature of obesity, characterized by the interplay between several environmental and genetic factors,
contributes to this observation. Obesity is strongly heritable, with genetic factors accounting for up to
80% of the variation in BMI [12, 13]. Obesity is polygenic, which means that it consists of hundreds of
individual variants each contributing small increments to heritability [14]. Polygenic scores (PGS) are
often used to assess the genetic susceptibility to obesity in individuals by aggregating the effects of
those variants into a single index. Although there has been a surge of PGS for BMI applied to adult
samples [15], only a few studies examined their use in children. Moreover, the few studies with child
samples employed PGS derived from genome-wide association studies (GWAS) summary statistics
obtained from adults due to lower sample sizes available for children. However, the strength of the
associations between variants and BMI may change over time [16], as the effect of some genetic
variants may emerge throughout development [17]. This highlights the need for investigations
comparing the use of PGS developed using GWAS summary statistics obtained from adult and child

populations.

PGS can be leveraged to broaden the understanding of the mechanisms underpinning genetic
susceptibility to obesity. A common theory describes appetite regulation as a key component
translating the influence of genetic factors on obesity [18]. Within this framework, exposure to an
obesogenic environment facilitating access to energy-dense foods leads to variations in body weight
due to genetic differences in how individuals respond to such an environment [18]. There is empirical
evidence to support this theoretical framework. For instance, the expression of a large proportion of
genetic variants associated with BMI variation is enriched in brain regions related to addiction, reward,
and appetite regulation in adults [19, 20] and children [21]. Additionally, genetic variation for BMI is
higher in individuals living in countries characterized by more obesogenic environments [12], and in
children living in homes characterized by higher obesogenic risk [22]. Those observations are
consistent with the view that genetic factors interact with the environment to create an obesity risk, and

that appetite-related traits play a central role in that process.
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However, evidence is lacking regarding which appetite-related behaviours translate genetic
susceptibility to obesity. Furthermore, it is not clear if specific dietary habits interact with genetic
factors in relation to individual BMI. Mediation and interaction analyses can be leveraged to study
those specific aspects of gene-environmental interplay. Mediation refers to how the effect of an
exposure on an outcome can be mediated through a third variable [23]. In contrast, interaction happens

when the effect of an exposure on the outcome differs depending on the value of a third variable [23].

In recent years there has been the emergence of studies using PGS to examine mediation and
interaction in the context of genetic susceptibility and dietary habits. Indeed, some studies observed
that appetite-related behaviours (e.g., disinhibition, uncontrolled eating, emotional eating and
susceptibility to hunger) mediate a significant portion of the association between PGS and BMI [24,
25]. Other studies found interactions between PGS composed of variants associated with BMI and
dietary intake (e.g., sugar-sweetened beverages, fried foods) in relation to BMI [25, 26]. However,
most of the evidence was gathered using cross-sectional designs with adult study samples. Those
features hinder causal inference and limit generalizability of child populations. This highlights the need
for studies investigating these aspects of gene-environmental interplay using longitudinal designs in

samples of children.

1.2 Thesis objectives

The main research goal of the proposed thesis is to document the interplay between genetic factors and
dietary habits in relation to BMI by examining the extent to which eating behavioural traits translate
(i.e., mediate) genetic susceptibility to obesity and to identify putative dietary intakes that interact with
genetic susceptibility to predict obesity in children and young teens. To answer this question, we
propose a secondary analysis of data originating from a cohort followed since birth in 1997-1998
(Quebec, Canada). It is unclear how BMI-PGS constructed using adult and children’s genetic data
compare across childhood and teenage years. Therefore, two BMI-PGS have been developed to
estimate genetic exposition, one from adult summary statistics and the other from child summary
statistics, before tackling eating behaviours and dietary intake traits. The main research goal can be

further detailed into three specific objectives:
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1) To measure the genetic susceptibility to obesity in children using two PGS derived from
summary statistics from adults and children GWAS, respectively, and compare their association
with BMI and discrimination of obesity.

2) To determine the extent to which the association between adult- and child-derived PGS and
BMI is mediated through eating behavioural traits (over-eating, fussy eating) assessed in early
childhood (i.e., preschool age).

3) To estimate the association between preschool dietary (food and macronutrient) intakes and
BMI (mean and change with age) displayed in school-aged children and identify the ability of

adult- and child-derived PGS to modify those associations.

The thesis is organized in seven chapters, including the present introduction. Chapter 2 presents the
literature review, which includes key concepts relating to obesity, the theoretical framework, and a
summary of existing evidence relating to the thesis objectives. Chapter 3 contains the methods used
throughout the thesis in more detail than discussed in the three scientific articles included in the thesis.
Chapters 4, 5, and 6 present the three manuscripts serving as the results section. Finally, chapter 7
presents a discussion based on the integration of the results with their specific contributions and a look

ahead with suggestions for future research.
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CHAPTER 2 - LITERATURE REVIEW

The following literature review first describes concepts related to obesity, the trait of interest of the
thesis. We offer an overview of the conceptualization of obesity and how it can be measured in
practice, followed by its health consequences. The contribution of genetic factors on variations in body
weight is then discussed through the lens of twin studies and molecular genetic analyses. We also
introduce PGS and the current state of the literature for scores predicting BMI in both adults and
children. We then present an overview of the interplay between dietary factors and genetic
susceptibility to obesity by highlighting the theoretical constructs underpinning this process. Finally,
we look over the current state of the evidence and highlight limitations regarding the role of eating
behaviours in mediating the effect of PGS on BMI and the interaction between dietary intakes and PGS

in relation to BMI.

2.1 Obesity, a health problem with public health ramifications

2.1.1 Defining and measuring obesity

Obesity can be defined as the accumulation of body fat to a level that is detrimental to one’s health [1].
At the individual level, the accumulation of fat is caused by a disbalance between energy intakes and
energy outputs. Energy within the body is carried by the molecule adenosine triphosphate, which is
synthesized using the macronutrients (carbohydrates, proteins, lipids) ingested as food. Variations in
energy intake between individuals arise from differences in the quality and quantity of foods
consumed, which changes depending on factors including age, sex, energy expenditure, genetics, eating

behaviours, and accessibility [27].

Energy outputs correspond to the resting metabolism, dietary thermogenesis, and the energy expended
due to physical exertion [28]. For the majority of individuals, the basal metabolism is responsible for

the most energy output, but can vary between individuals due to age, sex, genetics, and body
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composition with lean mass leading to higher energy consumption [28, 29]. The most modifiable aspect
of energy output is physical activity, which explains why the proportion of total energy expenditure due
to physical activity can vary from 15% to 50% [28]. Overall, when the energy consumed in the form of
macronutrients exceeds the energy necessary for body functions, the excess energy is primarily stored

in the form of triglycerides in adipose tissue [27].

Obesity is a complex chronic disease characterized by the interplay between multiple demographic
(e.g., age, sex), environmental (e.g., food accessibility, transportation systems), behavioural, and
socioeconomic determinants (e.g., income, education), in addition to genetics. The genetic contribution
to obesity can be classified as either monogenic or polygenic. The monogenic form of obesity is
usually more severe, develops early in life, and is characterized by a low environmental contribution
offset by a large genetic contribution [15]. Genes affecting monogenic obesity are typically rare (minor
allele frequency < 1%) with large effect sizes and high penetrance (e.g., LEP, POMC, MC4R, and
ADCY3) [15]. In comparison, hundreds of common genetic variants (minor allele frequency > 1%)
with small individual effects are involved in the polygenic form of obesity [15]. There is a strong
interplay between the genetic contribution of polygenic obesity and environmental factors. Although
the two forms of genetic risk for obesity have distinct characteristics, both monogenic and polygenic
obesity may be underpinned by similar biological mechanisms. The central nervous system is thought
to have an overlapping role in the development of monogenic and polygenic forms of obesity through
impairments in appetite and reward-related pathways [15, 30]. Monogenic obesity is much rarer than
polygenic obesity, which is the form the most encountered. Considering the interest in the interplay

between genetic and dietary factors in this thesis, the following sections relate to polygenic obesity.

BMI (calculated as weight in kilograms divided by the square of height in metres) is the most
frequently used measure of adiposity in observational studies because of its ease of use and low cost.
However, BMI has its limitations, including the lack of distinction between lean and fat mass, and
being blind as to the location of adipose tissue [31]. Fat mass accumulation is more strongly associated
with nefarious health consequences compared to an excess of lean mass [32]. The distinction between
visceral and subcutaneous fat is also of importance considering the accumulation of visceral fat and
subcutaneous fat present different cardiometabolic risk profiles [33, 34]. This could explain the higher
association with cardiovascular disease prognosis [35] and the higher risk of overall cardiovascular
events [36] found for visceral fat accumulation compared to subcutaneous fat. Incidentally, other

assessment techniques better at measuring abdominal fat, such as waist-to-hip ratio, waist
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circumference, skinfold thickness, and costlier or less accessible techniques (computed tomography,
bioelectric impedance, hydrostatic weighting) are also used to assess the excess of adiposity [25, 32,
37]. Nevertheless, because it has a high correlation with abdominal fat indicators, and has a strong
association with cardiovascular risk in both adults and children [38, 39], BMI remains firmly

established as the most widely investigated measure of obesity despite these constraints [25].

In Canada, the classification of obesity according to BMI in adulthood is in line with the World Health
Organization (WHO). According to their BMI, individuals can be classified as being in a situation of
underweight (<18.5 kg/m?), normal weight (18.5-24.9 kg/m?), overweight (25.0-29.9 kg/m?), or obesity
(>30 kg/m?) [40]. While subcategories are sometimes used for definition with higher distinction [41],
these categories are the most commonly used in observational studies internationally. The classification
of obesity in childhood is slightly more complex considering BMI varies according to age and sex.
Therefore, the classification of obesity in childhood hinges on BMI z-scores calculated according to
reference growth charts for children under 5 years [42] and children and adolescents between the ages 5
and 19 [43]. The WHO recommends cut-offs in BMI z-scores of >2 for overweight and >3 for obesity
in children under 5 years [42], compared to >1 for overweight and >2 for obesity in children of 5 to 19

years [43].

2.1.2 Health consequences of obesity

The WHO declared a global epidemic of obesity in 1997, highlighting the disease as a major public
health problem over the world [1]. The prevalence of obesity has increased drastically in the last few
decades. According to the latest data from the NCD Risk Factor Collaboration, the prevalence of
obesity increased from 8.8% and 4.8% to 18.5% and 14.0% for women and men, respectively, between
1990 and 2022 [3]. Alarmingly, almost half of the adult population of women (45.2%) and men
(44.3%) is now considered at least overweight [3], an increase from 39% of the world’s adult
population in 2016 [4]. In Canada, 61.3% and 58.7% of women and men were affected by overweight
or obesity and 36.0% and 30.5% were affected by obesity in 2022 [3]. There is robust evidence that
obesity is related to increased mortality rates and a high morbidity burden among affected individuals.
In 2021, obesity was among the deadliest health problems, accounting for approximately 3.7 million

deaths and the loss of 129 million disability-adjusted life years, ranking sixth and seventh, among
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attributable risk factors [2]. Compared to individuals with healthy weight, adults with overweight and
obesity have an 11% and 44% increased risk of mortality of all causes [44]. There is additional
evidence that suggests the increased risk of mortality is dose dependent on the increase in body weight,
with the risk of mortality increasing from 29% to 39% for each 5 kg/m? of BMI across North America,
Europe, and East Asia in those with a BMI of 25 kg/m? and over [44]. This is supported by similar
results from a large-scale cohort study where among individuals 40 years and older with BMI of 25
kg/m? and over, a rise in BMI of 5 kg/m? was associated with an increase of 21% in the risk of

mortality from all causes [45].

Although the association between obesity and increased mortality in the general population is well
documented, an “obesity paradox’ has been observed in which obesity appears to be protective among
people with chronic illnesses. This has been observed in cardiovascular, diabetes, cancer, and
respiratory patients [46]. Although there is substantial evidence that this paradox is a biological
plausibility rather than a statistical artifact, many possible methodological explanations have been
considered, such as reverse causation, the limits of BMI as a measure of obesity, the role of

confounding factors, and the presence of selection bias [46, 47].

The high burden of mortality associated with obesity is mostly related to increased morbidity,
especially cardiovascular diseases, Type Il diabetes and kidney diseases, responsible for most of the
mortality due to high BMI [48]. In addition to being more at risk of developing concomitant diseases,
individuals afflicted with obesity present a higher risk of developing multimorbidity [49]. Individuals
affected by obesity have more than 12 times the risk of developing more than two comorbidities
compared to those of normal weight in a large European population of adults [49]. Indeed, higher BMI
is related to a higher risk of several other health issues, including Type-2 diabetes [11, 50-52], various
cancers (e.g., liver, ovaries, prostate, leukemia) [53-55], hypertension [11, 56], and cardiovascular
diseases [57-61]. In addition to non-communicable diseases, obesity is also related to a higher risk of
contracting hospital and community-acquired infections [55], such as COVID-19, where individuals
contracting the disease have a higher risk of hospitalization and severe illness if they are affected by

obesity [15, 62, 63].

Obesity in Canada is less prevalent in childhood and adolescence than in adulthood. Still, more than a
quarter of children are in a situation of overweight or obesity [8]. Contrary to data from adults, the
prevalence of overweight and obesity in children and adolescents seems to have reached a plateau in

recent years [6, 7]. According to the developmental origin of health and diseases hypothesis, the source

8
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of obesity goes back as early as prenatal development [5]. Children classified as having obesity are
around five times more likely than children of a healthy weight to have obesity in adulthood, and as
much as 70% of adolescents with obesity remain affected by obesity by 30 years of age [10],
suggesting that obesity tracks from childhood to adulthood. This translates into an increased risk of
mortality and morbidity reaching adulthood. Indeed, previous systematic review and large-scale
observational studies found that children and adolescents with overweight or obesity were at higher risk
of premature mortality [64] and cardiovascular-related mortality [65]. There is also substantial
evidence that supports the association between childhood and adolescent obesity and an increased risk
of disorders including type-2 diabetes, hypertension, dyslipidemia, ischemic heart disease, coronary
heart disease, and cancer [64, 66, 67], although some highlight the uncertainty in whether the

associations are dependent on adult obesity or not [66].

In addition to weight accumulation over time and the associated risks in adulthood, childhood obesity
may also negatively affect health in the short term. Accumulating evidence points to an association
between obesity and a rise in cardiovascular risk factors (e.g., hypertension, type II diabetes,
dyslipidemia , or high cholesterol levels), obstructive sleep apnea, puberty irregularities (e.g.,
prepubertal acceleration, menstrual irregularities, or polycystic ovary syndrome), and psychological
problems (e.g., low self-esteem, depression, or social isolation) [37]. The high burden related to
childhood obesity highlights the need for early prevention centred around early life risk factors of

obesity and tailored to mitigate the effects of those factors.

2.2 The genetic contribution to obesity

2.2.1 Heritability of obesity

Heritability refers to the proportion of inter-individual variation of a specific phenotype that is
explained by genetic factors [68]. Narrow-sense heritability describes the additive genetic effects (i.e.,
the sum of the effects of the genes affecting a trait), while broad-sense heritability describes all sources
of genetic variations, including dominance and gene by gene interaction effects [69]. Methods used to
estimate the heritability of phenotypes can be divided into two groups: family-based designs and

genomic methods. The first methods used to derive heritability estimates were family-based. Twin
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studies estimate the narrow-sense heritability (additive genetic effects) by assessing and comparing
phenotype variations between monozygotic twins (who share 100% of their genes) and dizygotic twins
(who share on average 50% of their genes) [69]. Twin studies typically follow a model which estimates
the narrow-sense heritability [69]. The model decomposes the phenotype variation into three
components: additive genetic refers to variability explained by genetic effects, common familial
environment describes variability due to environmental determinants shared by both twins, and unique

environmental factors identify distinct effects on each twin [25].

Although there have been debates about the possible overestimation of heritability in twin studies due
to the interaction between genes and environment [70], those studies are still commonly used to
quantify the relative role of genetic factors in phenotype variation in a population. Two recent large-
scale pooled analysis of twin studies from infancy to early adulthood [13], and throughout adulthood
[12] estimated BMI heritability to vary from 40% to 80% throughout the life course. The lowest
estimates of heritability were observed at around 4 or 5 years of age at 40%, which then rapidly
increased until early adulthood (19 years of age) at 80%. It was hypothesized that the parallel rise in
additive genetic effects and decrease in shared environmental factors could reflect the increased role of
children’s autonomy regarding their food selection and preferences [25]. There also seems to be sex-
specific genetic factors affecting BMI, which become more prominent starting at puberty [25]. From a
life course approach, results from longitudinal twin studies suggest that genetic susceptibility to obesity
tracks well across life [25], but also that new variants affecting BMI may emerge after early childhood

[17].

Compared to twin studies, genomic methods to estimate heritability generally rely on unrelated
individuals that were genotyped [69]. Those methods include, but are not limited to, linkage
disequilibrium (LD) score regression (LDSC) [71], and genomic relatedness restricted maximum
likelihood (GREML) [72]. LDSC and GREML estimate the proportion of variance explained in a trait
by common variants assessed in a GWAS [69]. An analysis using LDSC in GWAS summary statistics
from over 1 million participants of European ancestry estimated a BMI heritability from common
variants of 18.8% [73]. In comparison, a study using GREML-LDMS, a variant of GREML correcting
for LD and allele frequency bias, estimated the BMI heritability from common variants to be 27% [74].
This result is not surprising considering heritability estimates for common variants obtained from
GREML are consistently higher compared to LDSC [75]. The gap between the heritability estimated

through twin studies and the heritability related to common variants is commonly referred to as missing
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heritability, which could be explained by a variety of factors, such as the influence of rare variants, the
overestimation of heritability in twin designs, gene-environment interactions, or epigenetic processes
[74, 76, 77]. Notably, there is a strong relationship between the GWAS sample size and the proportion

of variance explained by variants [78].

Overall, combined evidence from twin studies and genomic analyses supports the presence of a large
genetic influence on the development of obesity. Despite highlighting the substantial role of genetic
factors, heritability estimates, on their own, cannot identify the specific genetic variants associated with
traits. To that end, genetic association studies were conducted to identify specific genetic variants
affecting variation in BMI. Genetic association studies can be broadly defined as either hypothesis-
driven or hypothesis-free. Those two approaches will be presented in the next two sections in the
context of BMI. Considering the hypothesis-free approach is at the centre of this thesis and because it
has far outpaced the hypothesis-driven approach in terms of discovery, it will be discussed in more

detail.

2.2.2 Candidate gene approach to obesity genetics

One of the first approaches used to identify specific common genetic variants associated with a change
in body weight was the candidate gene association approach. This type of study is hypothesis-driven in
the sense that variants located in genes relevant to specific biological pathways are tested for their
association with the trait of interest. Initiated in the mid-1990s for obesity traits, candidate gene
association studies tested variants located in hundreds of genes thought to have a role in obesity risk
based on previous biological studies in humans or animal models [15]. However, akin to the mythological
figure Sisyphus rolling a massive boulder up a mountain, just for the boulder to roll down every time
repeatedly, despite the years of efforts invested in candidate gene studies, only a handful of variants were
ever validated for their association with obesity traits. Indeed, due to small sample sizes and their
minuscule contributions, most genetic variants tested failed replication, limiting the overall impact of
this type of study in the field [15]. Nevertheless, candidate gene methods can still be helpful in the present
era of molecular genetics, where thousands of genetic variants are associated with specific traits to study

specific pathways and more complex mechanisms governing the association between variants and traits.
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2.2.3 Molecular genetic approach to obesity genetics

Considering the genetic component of obesity is mainly characterized by the interplay of thousands of
variants across the genome, each with minor effects, association studies need to be properly powered to
identify those small individual effects. The introduction of efficient genotyping technologies has
facilitated the study of associations between genetic variants and various traits. As a result, GWAS are
now common in investigating the genetic architecture of an extensive array of traits, such as differences
in BMI. The first variant identified via GWAS for its association with BMI was a common variant on
the F'TO gene (rs9939609) [79], a region now well recognized for its role in obesity etiology. The variant
showed relatively high effect size with homozygous carriers of the effect allele having 67% higher odds
of obesity compared to homozygous non-carriers in the study [79]. This first GWAS had only ~5,000
participants, which explains why other loci with small effects on BMI were not identified. Additional
variants located on genes such as TMEMI18, MTCH2, MAP2KS5, ADCY9 were identified in the
subsequent years using gradually larger GWAS meta-analysis [80-82].

Since then, large databases and consortia have been leveraged to provide enough statistical power to
appropriately identify small effects attributed to variants across millions of association tests run in
parallel. For example, the latest update of the Genetic Investigation of Anthropometric Traits consortium
(GIANT) (n~ 340 000) has been analyzed on its own [19], as well as in conjunction with the UK biobank
(n ~ 700 000) [14] to identify 97 and 941 variants, respectively, independently associated with BMI,
collectively accounting for ~2.4% and ~6.0% of the variance of BMI when those variants are aggregated.
Genetic association studies of BMI are now common — as of 2024, the GWAS Catalog includes 357
GWAS of BMI [83].

We also note that other than BMI, other obesity-related traits can be used to represent adiposity, even
though these GWAS tend to have lower sample size considering the higher resources necessary for their
implementation. Notably, GWAS of body fat percentage [84-86] and adipose tissue [87] have been
completed and their results can hint at possible mechanisms overlooked by GWAS centred on BMI. For
instance, variants identified in those GWAS, but not previous analyses of BMI have links to insulin
resistance and adipose tissue differentiation, which suggest a unique contribution to the accumulation of
subcutaneous body fat specifically [84, 87]. However, an important caveat of the current corpus of

GWAS is that most studies published to date have been performed in samples of European ancestry [88],
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a tendency that has increased in recent years with the availability of large-scale biobanks of participants

of European ancestry. Results obtained from those studies may not be generalizable to other populations.

Additionally, most of GWAS published have been conducted in adult populations, with only a few
association studies looking at children and adolescents. Since some variants affecting BMI may emerge
throughout the life course [17], investigating genetic variants related to BMI in childhood should be
prioritized. The first efforts at replicating the associations found in adults showed that most, but not all,
BMI-related variants identified in childhood and adolescents were also associated with BMI in adulthood
[89]. Since most variants associated with BMI were identified in adult populations and because
information on genetic susceptibility to obesity in childhood could offer hints at possible early
prevention, GWAS have also been conducted directly among children. Although they are few and have
smaller sample sizes than their adult counterparts, these studies also identified the variants with the
largest effect sizes on BMI, and new associations showcasing possible differences in genetic

susceptibility across the lifespan [21, 90-97].

The largest GWAS meta-analysis in children to date included 41 studies for a total of 61,111 children
aged between 2 and 10 years old [21]. The study identified 25 variants significantly associated with BMI;
only two of these were not previously known as BMI-related variants, which suggested that the biological
underpinnings of childhood genetic obesity are largely similar to that in adulthood, and that genetic
factors may contribute in large part to the tracking of obesity from childhood to adulthood. This aligns
with the observation that the 25 variants associated with BMI were differentially expressed in the brain
[21], similar to a consistent observation in adult GWAS [19]. The study also observed a strong genetic
correlation between childhood BMI and other anthropometric traits (BMI in adulthood, waist-to-hip
ratio, and body fat percentage), and to a lesser extent with cardiometabolic traits (type-2 diabetes,
diastolic blood pressure, and coronary artery disease), which may contribute to the association observed
between childhood BMI and nefarious cardiometabolic outcomes later in life [21]. Individually, the
hundreds of BMI-related variants identified throughout the years do not have substantial effects on BMI.
However, taken together, they could substantially predict the BMI of individuals, which led to the
representation of genetic susceptibility as the amalgam of effects of many variants. For example, a score
including all 25 variants was found to explain 3.6% of the variance in BMI in a cohort of 1169 children

aged seven years old [21].
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2.3 Using polygenic scores to measure genetic susceptibility to obesity

2.3.1 Defining polygenic scores

In the past decade, thousands of genetics variants have been identified to be significantly associated
with a wide range of complex diseases by genome-wide association studies [98]. Since the individual
effects of those common variants are small in magnitude, PGS have been introduced to represent
genetic susceptibility to a trait by aggregating the effect of multiple genetic variants. Those scores
provide more power than assessing exposition to genetic variants individually and for some diseases
the risk conferred by being in the upper tail of its distribution can be compared to established clinical
risk factors [98]. Contrary to studies relying on genetic indices within a population, such as twin
designs, PGS can infer genetic risk of individuals. PGS are now a common tool to study genetic

susceptibility with almost 700 publications reported in the PGS Catalog [99] as of December 2024.

PGS can be leveraged for various purposes that can be sorted into two categories: 1) knowledge-driven
utility, which refers to the acquisition of a better understanding of the biological underpinnings of the
development of a disease, and 2) clinical utility, which describes how genetic risk can be used to
achieve better clinical outcomes. Examples of the application of PGS related to acquiring better
knowledge of a specific disease of trait include the study of gene-environment interactions, the
investigation of mechanisms connecting genetic susceptibility to variation in the trait of interest, or
Mendelian randomization studies [100]. Most complex diseases are characterized by the interplay
between genetic and environmental factors [101]. For example, the increase in BMI associated with
higher genetic risk is mitigated in individuals reporting higher physical activity and lower television
watching [102]. Additionally, PGS can be used to represent genetic susceptibility in individuals and
help distinguish between different forms of pleiotropy (i.e., genetic factors associated simultaneously
with more than one trait). Biological pleiotropy describes the phenomenon where genetic factors are
associated with multiple traits independently, whereas mediated pleiotropy refers to mechanisms in
which a trait is an intermediary between the association of genetic variants and another trait [103].
Although other types of investigations, such as twin designs, can share evidence that traits are

genetically correlated, PGS are unique in that they can ascertain the specific type of pleiotropy.
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There is potential for PGS to be successfully used in the course of disease and in multiple aspects of
clinical care, such as disease risk prediction, diagnosis, treatment decision-making, or prognosis [101].
The clinical implementation of PGS starts with the validation in large samples using statistical genetics
and epidemiological methods [98]. As highlighted recently [98], this phase has grown more robust in
recent years. First with significant methodological advances (PGS construction methods) [104] and the
implementation of large-scale data banks [105], and second with the development of the PGS Catalog
[99], an open resource of published PGS, and the Polygenic Risk Score Reporting Standards [106]
providing a more standardized approach to reporting results from PGS analyses. However, the
translation of PGS to the clinical utility of PGS has several limitations regarding the designing of valid
pipelines to calculate and synthesize the PGS information for individuals, and the physician-patient
management decisions [98]. For instance, PGS for complex diseases, including obesity, do not
currently have the predictive ability to have a meaningful clinical role in identifying individuals at
higher disease risk individually [101]. There are also concerns that the over-representation of PGS for
European ancestry may exacerbate health disparities [88], and that using genetic information to incite

behaviour changes in patients may not be effective [107].

2.3.2 Polygenic scores of body mass index in adulthood

There is already an extensive repertoire of PGS predicting either continuous body weight variables or
the risk of obesity in adults. However, the literature surrounding such scores in children and
adolescents is less prominent. Therefore, the present section will offer a brief overview of PGS of
obesity in adults before offering a more exhaustive look at the existing scores in children and
adolescents. The first attempts to construct genetic scores aggregated the individual effects of a few
variants identified through GWAS by simply summing the risk alleles into a score. Those scores often
counted only a dozen variants associated with BMI and explained less than 1% and the variation in
BMI [80, 108]. This is considerably low, considering the proportion of variation explained by common
variants was recently estimated at 23.4% [71]. In 2017, a review of the literature relating to genetic
scores composed of BMI variants identified through GWAS identified seven such studies [109].
Although the largest PGS counted 97 individual variants, the score only explained 2.7% of the variance

of BMI [19], reflecting the limited success of PGS predicting obesity-related traits.
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Since then, developments in molecular genetics and the creation of large biobanks have allowed the
completion of several large-scale GWAS, such as the GIANT meta-analysis [19] which was then
amplified with UK biobank data [14], and the identification of more than 1000 independent variants
associated with BMI-related traits [15]. Already 91 scores have been registered in the PGS Catalog [99]
in December 2024. Those PGS have been reported or evaluated in a total of 29 different studies
published from 2017 to 2024. The GIANT meta-analysis of 238 944 adults [19], data from the UK
biobank of 453 169 adults [110], and the combination of GIANT and UK biobank data of 681 275
adults [14] were used to construct most of the PGS. Noticeably, the more recent scores [111-116]
tended to not focus exclusively on the prediction of BMI, but were rather more methodological studies
with various objectives, such as improving prediction in admixed populations, or comparing different

PGS construction methods with various traits.

Due to different procedures used to construct each PGS, the number of variants retained in each score
varies from 14 to over 7 million. Most PGS were developed using a variation of pruning and
thresholding methods, which selected genome-wide significant variants, resulting in scores with
hundreds of variants. A few other scores opted to use more recent statistical shrinkage techniques, such
as LDpred [117], lassosum [118], PRS-CS [119], or SBayesR [120], resulting in scores with a high
number of variants. When reported, the proportion of variance explained by the PGS was generally
higher in PGS with a higher number of variants using more recent construction methods. For example,
a study [121] built a repository of PGS for 27 exposures (including BMI) using four different PGS
construction methods. The scores achieving the highest proportion of variance explained (9.7% to
10.3%) were those which included just over 1 million variants using PRS-CS and lassosum, while other
scores achieved proportions below 8.1% [99]. This aligns with two other PGS developed using LDpred
including approximately 2 million variants each, which showed a proportion of variance explained of

8.5% [16] and 13.1% [122].

2.3.3 Polygenic scores of body mass index in childhood

Contrary to the effervescence of PGS of BMI developed for adult samples, scores involving children
and adolescents are scarce. Studies involving a PGS predicting BMI in the context of children and
adolescent populations range from a few thousand participants [123-128] to more than 300 000
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individuals [16]. Some studies used prospective designs, which allowed for the investigation of the
effect of PGS on changes in BMI, or the difference in the strength of the associations throughout
childhood. Two studies used both summary statistics from adults and children to compare their
association with BMI [128, 129]. The other studies used exclusively GWAS summary statistics from
adult samples. More specifically, data from the GIANT meta-analysis [19] and a meta-analysis of data
from the GIANT consortium and the UK biobank [14] are commonly used for this purpose.

Studies differed in one major way: whether they used pruning and thresholding, or statistical shrinkage
techniques to develop the PGS. Most of the studies constructed a PGS based on pruning and
thresholding to include only variants with independent associations with BMI above a specific
threshold of statistical significance. A prospective study [126] where 1037 individuals were followed
from birth to 38 years old constructed a PGS including 29 variants associated with BMI from the
GIANT consortium [81]. The increase in one standard deviation (SD) in the PGS was significantly
associated with both higher mean BMI and higher BMI growth throughout childhood (3 to 13 years).
Notably, weight gain between birth and the age of 3 mediated the association between the PGS and
obesity risk in adulthood [126]. The scores built in Coleman et al. [123] and Sanz-de-Galdeano et al.
[127] used GWAS summary statistics from the GIANT meta-analysis [19], albeit with different
statistical significance thresholds of 0.0032 and 1 x 10°® resulting in scores of 2321 and 97 individual
variants, respectively. The PGS developed in Coleman et al. explained 4.7% of the variance in BMI in
3414 children of 11 years old and the score was significantly associated with an increase of 0.21
log(BMI) (p = 1.59 x 10”7) and an increase of BMI from 11 to 16 years old (B = 0.09, p =4.96 x 10°).
In comparison, the proportion of variance of BMI explained by the PGS developed by Sanz-de-
Galdeano et al. increased slightly from 4.2% at 15.4 years to 4.9% at 21.7 years in 2730 individuals.
One other prospective study [124] constructed a PGS of 941 variants based on a threshold of 1 x 10®
from the GWAS summary statistics of the meta-analysis of the GIANT consortium and the UK
biobank [14].The PGS explained 6.5% of the variance of BMI in 1289 individuals at 16 years and, like
previous studies, it remained relatively stable between 5.8% and 6.6% from 11 to 22 years old.
Individuals in the highest decile of genetic risk had more than a six-fold increase in the odds of having
overweight or obesity compared to those in the lowest decile at 16 years (OR = 6.41, 95% CI: 2.95—
15.56, p <0.001).

In contrast to the pruning and thresholding methods used in the studies presented above, Khera et al.

[16] and Hiils et al. [125] both used the same PGS opting for the statistical shrinkage technique LDpred
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[117]. The score, referred to here as PGS-Khera, included over 2.1 million variants weighted with the
effects from the GIANT meta-analysis [19]. In 7861 children followed from birth to 18 years old in
Khera et al., the weight difference between the bottom and top decile increased with age. At birth that
difference was only 0.06 kg (p = 0.02), while it grew to 3.5 kg (p <0.0001) at 8 years old and 12.3 kg
at 18 years (p < 0.0001). Overall, PGS-Khera explained 11% of the variance of BMI in 3098 children
aged 2 to 16 years in a second study [125]. The proportion explained increased throughout childhood
from 2% at 2 years to 18% at 14 years. Furthermore, an increase in one SD of the PGS-Khera was
associated with an increase of 0.33 kg/m? (95% CI: 0.30, 0.37), and individuals with PGS-Khera within
the top decile had 3.63 times higher odds (95% CI: 2.57, 5.14) of being classified with obesity
compared to those in other deciles. The results from these studies suggest that PGS composed of a high
number of variants can explain a larger proportion of variance compared to PGS including a limited

number of variants based on specific thresholds.

Supporting those results, a study [128] constructed four different PGS derived from GWAS summary
statistics from a large meta-analysis [14]. The different scores included 144,588 variants, 13,137
variants, and 1,610 variants (significance threshold = none, p<0.001, and p<1x10®), in addition to the
same PGS-Khera composed of over 2 million variants used in previously discussed studies [16]. The
proportion of variance in BMI z-scores explained by each score gradually increased from 2 to 12 years
old in a sample of 9254 children. The highest estimates were observed at 11-12 years old with 9%, 7%,
9%, and 12% of variance explained for the p<0.001, p<I1x107® no threshold, and PGS-Khera,
respectively [128]. This aligns with the studies presented above showing that PGS developed using
statistical shrinkage methods tend to have a better ability to predict BMI in childhood, compared to
PGS using pruning and thresholding.

Finally, studies have used PGS derived from summary statistics from both adult and child data to
investigate if those scores predicted BMI in a similar fashion when the target sample is composed of
children. A secondary analysis from a recent study [129] observed that PGS derived from GWAS
summary statistics in adult [14] and child populations [97] behaved differently in 28,681 Norwegian
children from birth to 8 years old at 12 time points. Both scores showed the same overall pattern where
the initial BMI z-score discrepancy between infants at high (tenth decile) vs. low genetic risk (first
decile) at birth was small and then slowly increased with age. The main difference is that while there is
a rise in the discrepancy in BMI z-score between the tenth and the first decile of both PGS starting at 3

years, the growth in discrepancy was more pronounced for the adult-derived PGS [129]. For
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comparison, the difference in the BMI z-score between the tenth and the first decile of the adult-
derived PGS increased from 0.36 at 3 years to 0.80 at 8 years, while the difference increased from 0.31
to only 0.41 for the child-derived PGS [129]. These results suggest that genetic factors affecting adult
adiposity already characterize the genetic architecture of obesity as early as 3 years old. It is important
to note that the GWAS used for the adult-derived PGS was composed of more than 10 times the sample
size of the GWAS used for the child-derived PGS, which could lead to higher precision of effect size
detected in adult vs. child studies. This aligns with similar results reported by a study [128] described
earlier where BMI z-scores of 9254 children were examined from 2 to 12 years in relation to PGS
derived using different construction methods. In addition to the four scores described in the previous
section obtained from adult GWAS summary statistics, the study also examined a score based on
summary statistics from children [97]. However, the child-derived PGS only explained 1-2% of
variance in BMI z-scores from 2 to 12 years, a lower estimate compared to its adult-derived

counterparts, which could achieve up to 7-12% explained BMI variance [128].

Overall, we highlight three main takeaways from studies predicting BMI in children target samples
using PGS: 1) that the association between PGS and BMI increases throughout childhood , 2) that PGS
construction methods using statistical shrinkage techniques allowing for the inclusion of a high number
of variants achieve better predictions of BMI in childhood, compared to pruning and thresholding
methods, and 3) that PGS derived from adult summary statistics tend to predict BMI with higher

precision than PGS derived from child summary statistics.

2.4 Interplay between dietary habits and genetic susceptibility to obesity

2.4.1 Conceptual framework: the behavioural susceptibility theory

Although the predominance of an obesogenic environment illustrated by increased access to energy-
dense food and the promotion of sedentary lifestyles is thought to be a major determinant in the
increase in obesity rates in recent years [11], it does not account for variations in obesity outcomes in
individuals exposed to similar environments [24]. This observation contributed to a shift in the

conceptualization of obesity etiology. The central nervous system is now recognized as a centre for
19



Genetics of obesity risk and dietary habits Danick Goulet

energy balance regulation, with neurodevelopmental dysfunctions leading to obesity [30]. This aligns
with the behavioural susceptibility theory, attributed to Professor Jane Wardle [130]. The theory posits
that genetic susceptibility to obesity is translated through neurological functions regulating appetite,
observed as variations in eating behaviours [131]. Thus, variations in body weight between individuals
exposed to similar obesogenic environments are driven by different genetically determined eating

behaviours.

The assumptions that 1) appetite-related traits mediate the association between genetic susceptibility
and body weight, and that 2) there is an interaction between genetic factors and the environment in
relation to body weight early in development are important premises underlying the behavioural
susceptibility theory [18]. Conceptually, mediation and interaction investigations answer different but
complementary questions regarding the association between exposure and outcome. Mediation is
described as the “[...] phenomenon whereby a cause affects an intermediate and the change in the
intermediate goes on to affect the outcome [...]” (p.8) [23]. Mediation investigations aim to explain
“how” a cause (an exposure in an observational setting) affects an outcome [23]. In the context of the
interplay between genetic susceptibility to obesity and the environment, the cause refers to genes
associated with obesity, and the intermediate, often called mediator, refers to eating behaviours. In
comparison, interaction is described as the “[...] phenomenon whereby one exposure, characteristic, or
a state somehow alters the effect of a different exposure, characteristic, state, or cause [...]” (p.9) [23].
Interaction analyses examine questions related to “for whom” or “in what context” an exposure affects
an outcome [23]. Contextualizing the interaction process around the behavioural susceptibility theory,
the phenomenon refers to genetic factors altering the effect of the environment on body weight.
Mediation and interaction analyses can be leveraged to add evidence supporting the behavioural
susceptibility theory and gain a better understanding of the biological underpinnings of the

development of obesity in early life.

2.4.2 Evidence supporting the behavioural susceptibility theory

Results from twin studies support the premise that BMI and eating behavioural traits share a common
genetic architecture. Recently reviewed [ 18], twin studies in adults found in all [132, 133] but one

[134] occasion a significant genetic correlation between BMI and appetite-related traits. Those results
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were also observed in children in a study [135] of 2402 twin pairs observing genetic correlation

between body weight and appetite at 3 months.

Supporting those observations, gene expression investigations have provided additional evidence that a
large portion of the influence of genetic factors on body weight relies on neurological processes related
to addiction and reward. Notably, the expression of genetic variants identified through large-scale
GWAS has been shown to be enriched in regions of the central nervous system (hypothalamus,
pituitary gland, hippocampus, and limbic system) known to be responsible for appetite and emotion
regulation [19]. More specifically, a recent expression investigation of various variants identified
through previous GWAS identified the substantia nigra and insula as key regions of the central nervous
system where gene expression was the most enriched [20]. Furthermore, genetic colocalization
revealed 60 brain proteins whose concentration could be linked to genetic variants associated with BMI
[136]. Those proteins were in brain regions related to reward sensation associated with dietary intake
and the regulation of appetite and satiety. As the authors of the investigation pointed out, a few of those
proteins could be linked directly to cortex gene expression levels [136], suggesting that investigating
protein concentrations could reveal mechanisms beyond those identified through gene expression.
Overall, the current evidence clearly supports the presence of a shared genetic influence between BMI

and appetite.

The presence of gene-environment interplay in relation to obesity was initially supported by twin
designs examining differences in responses to interventions between sets of monozygotic twin pairs
performed in the nineties. For example, following investigators found 3.4 and 6.8 times more variance
in weight between twin pairs than between brothers and sisters following overfeeding and energy
deficit protocols, respectively [137]. This strongly suggested that genetic factors could affect individual
responses to environmental stimuli. Twin studies can further provide evidence supporting the presence
of an interaction between genetic susceptibility and an obesogenic environment in relation to body
weight at the population level by examining genetic variation in different contexts. Socioeconomic
factors can be an indicator of exposure to obesogenic environments since it can affect access to a
healthier choice of foods or lead away from or toward behavioural choices influencing the development
of obesity. For example, Canadians living in neighbourhoods characterized by higher unemployment,
lower income, and with a higher percentage of renters are more likely to be exposed to fast-food

establishments [138, 139], which can lead to higher observed consumption of fast food in these groups

21



Genetics of obesity risk and dietary habits Danick Goulet

[140]. Additionally, Canadian children attending schools considered to be of low socioeconomic status

have access to almost double the density in fast-food restaurants [141].

LLewellyn and colleagues [ 18] recently reviewed evidence showing that adults and children living in
situations of lower socioeconomic quality generally have higher genetic variation in BMI. Notably, the
genetic variation of BMI is higher in adults living in North America and Australia vs. East Asia [12],
living in countries with higher gross domestic product [142], and characterized by lower educational
attainment [143, 144]. Similarly, the genetic variation of BMI is higher in children living in North
America and Australia vs. East Asia [13], with parents with lower educational attainment [145], and
living in high-risk obesogenic homes [22]. This evidence aligns with observations from large-scale
twin studies showing that variation in BMI explained by genetic factors changes drastically across the
life course, especially in childhood [13]. Socially, children usually gain independence as they age,
which increases their vulnerability to the environment and enhances their susceptibility to their genetic
profile [131]. Overall, the results from twin studies presented above support the presence of gene-
environment interaction in relation to BMI at the population level. Nonetheless, analyses at the
individual level would strengthen the evidence. For instance, the identification of a significant
interaction between a PGS and other risk factors (socioeconomic status [102], and consumption of

western-styled diet [146]) in relation to BMI solidify the corresponding results from twin studies.

2.5 Eating behaviours and their role in translating genetic susceptibility to obesity

The previous section established the conceptual framework surrounding the interplay between genetic
factors and the environment in relation to obesity and laid out existing evidence supporting the
behavioural susceptibility theory. While we have also presented evidence supporting the importance of
the central nervous system, and more specifically appetite, in translating genetic susceptibility to
obesity, a next step would be to examine if this can be observed at the individual level, and to
determine what observable eating behavioural traits can mediate the effects of genetic factors on body
weight. As demonstrated in section 2.3, PGS can be used to quantify genetic susceptibility directly in
individuals. Therefore, this section describes the most common measurement tools for eating
behaviours and then presents the existing evidence regarding eating behaviours as putative mediators of

the association between PGS and BMI.
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2.5.1 Measuring eating behaviours

The Three-Factor Eating Questionnaire (TFEQ), devised by Albert Stunkard and Samuel Messick
[147], is the most widely used questionnaire and evaluates three dimensions of eating behaviours
(cognitive restraint, disinhibition, and susceptibility to hunger) displayed in adulthood [147]. The final
questionnaire included cognitive restraint (21 items), disinhibition (16 items), and susceptibility to
hunger (14 items) [147]. The cognitive restraint behaviour referred to the restriction of food intake by
conscious mechanisms, while disinhibition behaviour related to the action of over-eating in response to

external incentives and susceptibility to hunger describes the perceived sensation of hunger [147].

Different versions of the questionnaire were created by other investigators with validations in other
populations. For example, the TFEQ-R18 is a reduced version of the initial TFEQ that was refined in a
population of Swedish participants with obesity [148]. The resulting questionnaire was reduced to 18
total items that related to three factors. Cognitive restraint was composed of six items that were
originally also part of the cognitive restraint factor of the TFEQ. Uncontrolled eating combined nine
items from the disinhibition and susceptibility factors of the original TFEQ. Emotional eating was
composed of three items that were originally part of the emotional subscale of disinhibition [148]. The
TFEQ-R18 was later validated in normal weight populations [149] and is commonly used to assess

eating behaviours in adulthood.

The Child Eating behaviour Questionnaire (CEBQ) [150], developed by Jane Wardle, is the first
extensive measure characterizing the appetite of children and is meant to be administered to parents
and effectively measures eight behaviours (scales) related to appetite. The questionnaire was developed
using an approach where the scales of interest were chosen to represent theoretical constructs supported
by the literature, compared to a purely empirical approach. Eating style constructs of interest were
initially selected by examining the existing literature, including other questionnaires (mostly for
adults), such as the TFEQ, which allowed the selection of six constructs of interest: satiety
responsiveness, responsiveness to food cues, emotion eating, general interest in eating, speed eating,
and food fussiness [150]. The constructs responsiveness to social factors, distractibility, emotional
undereating, and desire for drinks were then added for a total of 10 constructs following parental

interviews [150].
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The questionnaire was then refined across multiple samples using principal component analysis, which
resulted in a final version of the CEBQ including eight scales composed of a total of 35 individual
items. The questionnaire is composed of four “positive eating response scales”, namely food
responsiveness, enjoyment of food, emotional over-eating, and desire to drink [150]. Similarly, satiety
responsiveness, food fussiness, slowness in eating, and emotional undereating represent “negative
eating response scales” [150]. A subsequent validation analysis reported that the appetite traits
measures using the questionnaire persist from early to late childhood [151], and that the scales are

associated with objectively measured eating behaviours [130].

2.5.2 Empirical evidence: eating behaviours mediating the effect of a PGS on BMI

Most of the evidence examining the association between a PGS and BMI in adults used the TFEQ or
some of its variations (e.g., R18, or R21) to measure eating behaviours (uncontrolled eating, emotional
eating, cognitive restraint, disinhibition, or susceptibility to hunger) and their role as an intermediate
variable. The sample size for those studies varied from 768 [152] to 5863 [153] adult participants.
Analyses of three different PGS in two different studies showed that high uncontrolled eating and high
emotional eating measured using the TFEQ at least partly mediated the association between the PGS
and BMI [153, 154]. Uncontrolled eating mediated respectively 6% and 12% of the effect of PGS in a
French cohort (n=2154) and a United Kingdom cohort (n=3515) [154]. In comparison, the meta-
analysis of two Finnish cohorts (n = 4632 and 1231) estimated that uncontrolled eating mediated 16%
of the association between a PGS and BMI [153].

Similarly, both studies observed that associations between PGS and BMI were mediated by emotional
eating in the magnitude of 11% and 10% in the French and United Kingdom cohorts [154], and 13% in
the Finnish meta-analysis [153]. Another study [155] did not find significant mediation of emotional
eating between a PGS comprising close to one million variants and BMI in a Finnish cohort (n = 1055).
However, the percentage mediated (10.3%) was similar to that observed in the studies conducted on
emotional eating in the cohorts from France and the United Kingdom [153, 154]. This could be
explained by how the emotional eating variable was constructed via principal component analysis

rather than a specific questionnaire.
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Another study performed with a cohort of 768 Canadians [152] obtained similar results for
disinhibition and susceptibility to hunger. In the study, disinhibition and susceptibility to hunger
mediated respectively 9% and 4% of the association between a PGS and BMI. The concordant results
with emotional and uncontrolled eating is not surprising considering the authors of the original article
note that different versions of the TFEQ use similar items to measure uncontrolled eating, disinhibition
and susceptibility to hunger, and that the subscale emotional susceptibility to disinhibition is identical
to emotional eating [152]. Interestingly, the authors also noted that the subscale emotional
susceptibility to disinhibition was not a significant mediator on his own [152], contrary to the results
observed in the studies mentioned above. This could reflect the smaller proportion of mediation
observed for emotional eating compared to uncontrolled eating, albeit this time with a lower sample

size.

The only study using a prospective design alongside eating behaviours measured using the TFEQ
identified that disinhibition and susceptibility to hunger mediated the association between a PGS and
BMLI, but that disinhibition was the main driver behind the mediation process [156]. The study
observed that 34% of the association between the PGS and BMI was mediated by disinhibition over a
follow-up of 20 years in 2464 adults from the United Kingdom [156]. Comparatively, susceptibility to
hunger was only responsible for 10% of the association between the PGS and BMI. Those proportions
are notably higher in magnitude than those observed in the study performed in Canadians. This could
be explained by the higher sample size and the usage of a prospective design allowing for more precise

estimations.

Cognitive restraint can also be investigated using the TFEQ. However, the association between PGS
and BMI was not found to be mediated by cognitive restraint in the French and United Kingdom
cohorts [154], and the Canadian cohort [152] mentioned earlier. Finally, a study of two UK cohorts of
adults (n = 1,219 and 1,468) using the TFEQ-51 observed that the indirect effect of a PGS on BMI was
higher through disinhibition and its subscales compared to external or internal hunger [157]. Overall,
those results suggest that uncontrolled eating plays a substantial role in mediating the association
between genetic susceptibility to obesity and higher body weight in adults, and that changes in appetite
level in response to external cues (disinhibition) play a larger role, compared to internal cues
(susceptibility to hunger). Although there is evidence that emotional eating plays a role in this

mediation process, the evidence is less solid.
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Few studies examined the potential role of eating behavioural traits as mediators of genetic susceptibility
to obesity measured with PGS in children [158-160]. The CEBQ was used in two of those studies to
specifically investigate food prone behaviours (enjoyment of food, food responsiveness, emotional over-
eating), and food avoidant behaviours (slowness in eating, and satiety responsiveness). Satiety
responsiveness mediated the association between a PGS and BMI z-scores in 10-year-old children (n =
2258) from the United Kingdom, with the addition of the behaviour reducing the association between the
PGS and BMI z-score from 0.177 to 0.167 [158]. On the other hand, a prospective study of 995
Norwegian children observed that the five behaviours of enjoyment of food, food responsiveness,
emotional over-eating, slowness in eating, and satiety responsiveness collectively did not mediate the
effect of a PGS on BMI from 6 to 8 years [159]. Slowness in eating, the only behaviour found to be
significantly correlated with the PGS, was not a mediator when considered individually [159]. Examining
the role of appetitive traits in genetic susceptibility to higher BMI in French children followed from birth
to 5 years old, another study found that those with higher PGS were more likely to have a high appetite
at 2 years, as measured by a single question [160]. The association between the PGS and BMI z-score
from 2 to 5 years was mediated by higher appetite at two years. Notably, the proportion mediated
continuously decreased from 47% at two years, to 35% at three years, 28% at four years, and 24% at five

years [160].

As presented above, there is evidence supporting the hypothesis that eating behaviours are partly
mediating genetic susceptibility to obesity, but this literature still has crucial limitations. For instance,
most of that evidence was observed in adult samples. Furthermore, the studies related to children
observed mixed findings with appetite behaviours identified as mediators in some [158, 160], but not
all instances [159]. Although there is supporting evidence suggesting that children’s eating behaviours
can track into adulthood [161], more studies following eating behaviours throughout life are needed to
confirm this statement. In the meantime, investigators should not assume that results pertaining to
eating behaviours in adulthood also apply to children. Additionally, a few studies used a prospective
design. This is especially important in the context of mediation analyses where the temporality of
events is crucial. Indeed, at its simplest, a mediation analysis calls for a defined sequence of events
where an exposure affects a mediator, which in turn affects the outcome of interest. A prospective
design ensures that these events happen in order where cross-sectional designs can fail to account for
reverse causation. Finally, aside from one PGS including ~1,000,000, all other PGS that were used in
the mediation analyses presented in the previous section were constructed using fewer than 100

variants. Considering obesity is a polygenic disease where hundreds of variants are known to contribute
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to variations in body weight, a wide array of biological mechanisms are involved in the development of
obesity. In addition to explaining less overall variation in body weight, only including a few dozen
variants also risks limiting the range of possible mechanisms captured by those variants. Thus, there is
an advantage to using PGS construction methods leveraging the whole genome to include more

variants associated with obesity.

2.6 Interaction between dietary intakes and genetic susceptibility to obesity

As was presented in section 2.4, twin studies on the heritability of BMI support the presence of gene-
environment interactions in relation to body weight on a population level. PGS can be helpful in
identifying those interactions at the individual level. Several studies using PGS to measure genetic
susceptibility to obesity have already observed that environmental factors (e.g., TV watching, physical
activity and sleeping habits) can interact with PGS to influence BMI [24, 102]. Considering that the
appetitive control pathway is a major part of the biological underpinnings of obesity [15], dietary habits
are good candidates to represent a proximal dimension of the environment. Therefore, this section
relates to prior investigations pertaining to the role of dietary intakes as moderators of the association
between a PGS (exposure) and BMI (outcome). The term moderation is often used interchangeably
with the phenomenon of interaction. In this thesis, the term moderation is used specifically to describe
the process whereby the presence of an exposure modifies (or moderates) the effect of another
exposure on the outcome of interest. Importantly, the presence of an interaction between two variables
implies that the moderation of effect works both ways. For instance, although the moderation process
of interest in this thesis relates to the PGS as a moderator of the effect of dietary intakes on BMI, some
studies discussed below viewed the interaction with dietary intake as the moderator of the effect of a
PGS on BMI. For this section, we categorized studies based on dietary intake variables. Dietary scores
refer to any composite score that is not specific to the consumption of a specific dietary component.
Food intakes relate to the consumption of specific types of food or drinks (e.g., fruits, or sugar-
sweetened beverages). Macronutrient intakes refer to the total consumption of energy or macronutrients

(lipids, proteins, and carbohydrates) and their subtypes.
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2.6.1 Empirical evidence: Interaction of PGS and dietary scores in relation to BMI

Although dietary scores do not differentiate between specific aspects of the diet, they can be
informative in aggregating the effects of multiple dietary factors into a single score and characterizing
the diet as a whole. In general, there is evidence suggesting that a high genetic risk could strengthen the
effect of dietary intakes on BMI, but as was recently pointed out [26], some dietary scores may be
better suited to identifying interactions. Three dietary quality scores (the Alternative Healthy Eating
Index, the Dietary Approach to Stop Hypertension, and the Alternate Mediterranean Diet) composed of
individual items from a semiquantitative food frequency questionnaire, with higher scores defining a
healthier diet, were used in two different prospective investigations with a total of 14,046 adults [162],
and 31,058 adults [163]. The first study found that an increase in a diet quality score (Alternative
Healthy Eating Index-2010 and Dietary Approach to Stop Hypertension, but not Alternate
Mediterranean Diet) was associated with a decrease in BMI over four years [162]. The decrease in BMI
was stronger in participants with higher values of the PGS, suggesting that the benefits of a healthier
diet are more prominent in individuals at higher genetic risk of obesity. The reduction in BMI
associated with a one SD increase in the Alternative Healthy Eating Index-2010 score was lower (-0.12
kg/m?) in those of low genetic risk compared to those of high genetic risk (-0.18 kg/m?). Similarly, the
association between the Dietary Approach to Stop Hypertension score and a reduction in BMI was
lower in those of low genetic risk (-0.14 kg/m?) compared to those of high genetic risk (-0.19 kg/m?)
[162]. This indicates that the benefits (lower BMI) of a healthier diet are increased in individuals of
high genetic risk. The other study found that the association between a PGS and change in BMI
(measured every four years) was lower in participants with healthier diets from all three scores,
suggesting that a healthier diet may mitigate the effect of genes on obesity [163]. However, we note
that two additional studies of Chinese (n = 7817) [164] and Swiss (n =3033) [165] adults did not find a
significant interaction between the Alternative Healthy Eating Index-2010 and a PGS in relation to
BMI. The mixed results for the Alternate Mediterranean Diet align with other components of the
literature where some studies observed an interaction between a PGS and a Mediterranean diet in

relation to adiposity measures [166], while others did not [165].

Another dietary score composed of individual items obtained from a food frequency questionnaire
found evidence that the protective effect of a healthier diet is stronger in genetically susceptible
individuals. The decrease in BMI associated with higher scores of a healthy plant-based diet index,
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based on 17 individual food items, almost doubled from the lowest quartile of genetic risk to the
highest quartile in more than 100,000 adults from the UK biobank [167]. This aligns with another
study, where the inverse association between the Healthy Eating Index and BMI was found to be
strengthened in individuals with higher values of a PGS in a Canadian adult study (n = 6,087) [168].
Notably, the Healthy Eating Index was found to be one of the most reliable diet scores interacting with
genetic susceptibility to obesity in a recent systematic review [26]. On the other hand, the analysis of
68,317 adults of European ancestry from 18 cohorts did not find that a diet composite score could
modify the association between a PGS and BMI, with the modification going in either direction [169].
Using factor analysis, another group developed four dietary scores describing different styles of diet
(Western-style diet, Korean-style diet, rice-based diet, and plant-based diet) and compared the effect of
a PGS on BMI according to those diet scores in a Korean hospital-based cohort of over 50,000
individuals [146]. The odds ratio of obesity for high PGS compared to low PGS significantly decreased
from 1.46 to 1.39 in those of low and high plant-based diet, respectively. Similarly, the genetic
association significantly increased from 1.47 to 1.62 in those of low and high fried food diet,
respectively [146]. Finally, a significant interaction was observed between a PGS and eating a
Mediterranean diet for an association with both BMI and waist circumference in a European sample of
605 adolescents [170], adding evidence for younger individuals that different dieting styles can
influence the association between genetic susceptibility and obesity. Overall, the current body of
evidence seems to largely confirm that having a healthier diet can diminish the effects of genetic
susceptibility on obesity, and, conversely, that the beneficial effects on BMI of a healthier diet are
accentuated in individuals at higher genetic risk of obesity. However, it remains to be determined if

specific types of food drive this interaction.

2.6.2 Empirical evidence: Interaction of PGS and food intake in relation to BMI

A recent review and meta-analysis [26] of the studies examining the interaction between PGS and
dietary intakes in relation to anthropometric outcomes revealed that sugar-sweetened beverage and fruit
and vegetable intakes were among the dietary factors with the most evidence supporting moderating
effects. A study of three large prospective cohorts from the United States (n = 33,097) found that the
consumption of sugar-sweetened beverages modified the association between a PGS and BMI and the

risk of obesity four years later [171]. The association between an increment of 10 alleles and BMI and
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the risk of obesity increased from 1.00 and 1.19 for an intake of less than one serving per month to 1.78
and 3.16 for one or more serving per day, respectively [171]. Those results were adjusted for lifestyle
factors, including total energy intake, suggesting the observed interaction is independent of energy
intake. Those results aligned with a cross-sectional study of 26,726 adults of European ancestry [172].
The association between an increment of ten alleles and BMI increased from 0.83 kg/m? in participants
with seldom to low sugar-sweetened beverage intake, compared to 1.31 kg/m? in participants with
medium to high sugar-sweetened beverage intake [172]. These results were also adjusted for energy
intake. Complementary to those results, the consumption of soft drinks was found to interact with a
PGS to influence yearly changes in waist circumference in 4765 adults [173]. The increase in one allele
per serving of soft drink per day was associated with an increase of 0.05 cm per year, adjusted for

lifestyle factors, including total energy intake [173].

However, other studies contradicted those findings. A prospective study of 14,046 health professionals
in the United States did not find a significant interaction between a PGS and servings of sugar-
sweetened beverages and fruit juice per day for an association with BMI change over 4-year intervals
[162]. Similarly, a cross-sectional study of 46,526 adults from the United Kingdom found that the
association between a PGS and BMI was not different between participants with the consumption of 0
fizzy drinks daily and those with at least one drink daily [102]. Additionally, the quality of beverages
was not found to moderate the association between a PGS and BMI in an Iranian study (n = 202) [174].
Finally, a study was performed in Finnish children (n = 1142), where the intake of various foods,

including sugary juice drinks, did not interact with a PGS in relation to BMI [175].

Other types of foods have also been investigated, including fruits and vegetables, fried foods, and
meats. The prospective study of health professionals presented earlier [162] also investigated fruits,
vegetables, and meats. The study observed that an increase in 10 alleles per one SD in servings of fruits
and vegetables per day was associated with a decrease of 0.05 and 0.04 kg/m? in BMI every 4 years
[162] adjusting for total energy intake. On the other hand, no interaction was found for the
consumption of fish and processed meats [162]. The interaction between PGS and fruit and vegetable
intake was replicated by the same group of researchers a year later. The association between a 10-allele
increment and BMI change every 4 years was -0.02 kg/m? in participants with a high increase in fruit
and vegetable consumption, compared to 0.09 kg/m? in participants with a high decrease in
consumption, adjusting for lifestyle factors, including total energy intake [176]. Finally, conflicting

results have been observed for a putative interaction between fried foods and genetic susceptibility. A

30



Genetics of obesity risk and dietary habits Danick Goulet

prospective investigation of three cohorts (n = 37,423) observed that the association between an
increment of 10 alleles and BMI and risk of obesity 3-4 years later increased from 1.10 kg/m? and 1.61
for an intake of less than one serving of fried food per week to 2.20 kg/m? and 2.72 for four or more
servings per week, respectively [177]. However, a cross-sectional study of 46,526 adults found that the
association between a PGS and BMI was not different between participants with a consumption of 0

meals of fried food daily and those with at least one daily meal [102].

2.6.3 Empirical evidence: Interaction of PGS and macronutrient intake in relation to BMI

Few studies have examined potential interactions between genetic susceptibility to obesity measured by
PGS and macronutrient intakes. Those studies show mixed results and mostly use cross-sectional
designs. Notably, a cross-sectional study of 711 adults from Spain [178] used body fat mass percentage
measured using bioelectric impedance to measure body weight and to classify obesity instead of BMI.
The study found a significant interaction between a PGS and proteins (total, animal, and vegetable),
lipids (total, saturated fatty acids, and polyunsaturated fatty acids), carbohydrates (total and complex),
and total energy intake in association with body fat percentage and obesity risk [178]. All
macronutrient analyses were adjusted for total energy intake, suggesting that the interactions observed

were not due to an increase in energy consumption.

However, although a higher consumption of energy, proteins, lipids, and carbohydrates were
significantly associated with higher BMI and risk of obesity (not adjusted for total energy intake) in
three Korean cohorts (n = 35,094), no interaction was observed with two different BMI-PGS [179].
The lack of significant interaction between genetic susceptibility measured using a PGS and protein
and lipid consumption was also noted in the cross-sectional study of 46,526 adults [102] mentioned
previously, although this time macronutrient intake was measured as a percentage of energy consumed.
Similarly, energy intake and the proportion of proteins, carbohydrates, and lipids ingested were not

found to interact with a PGS in a Chinese study (n = 7817) [164].

Finally, a higher consumption of fat (total, saturated, and monounsaturated) in relation to the total diet
was observed to interact with a PGS to affect BMI, adjusting for total energy intake in a cross-sectional
study combining 2,817 adults [180]. Overall, the mixed nature of the results may be explained by the
low number of studies and individual differences between them. Specifically, differences in how
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energy intake is taken into consideration, or demographic differences between study samples could

explain how results between studies varied.

The evidence presented in the present section supports the hypothesis that the effect of dietary intakes
on BMI can be moderated by individual differences in genetic susceptibility (and vice versa), but there
are still important limitations. First, much of the evidence was gathered from studies using adult
samples. Considering the dietary choices made in adulthood may differ from those in childhood based
on differences in individual independence between those periods [25], there need to be additional
studies performed specifically in childhood. Second, more studies using prospective designs are
needed, as cross-sectional designs are unable to account for the possible bidirectionality [181] of the
association between dietary intakes and BMI. Third, most of the PGS used in the studies presented
above were constructed using pruning and thresholding methods restricting the number of variants
included. Using statistical shrinkage techniques to incorporate considerably more variants may allow
the observation of stronger associations of PGS with BMI and diminish the chance of missing

important biological mechanisms related to genetic susceptibility to obesity.
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CHAPTER 3 - METHODS

Danick Goulet

All the data used throughout this thesis came from longitudinal assessments gathered from the Quebec

Longitudinal Study of Child Development (QLSCD). This section will introduce the methodological
aspects necessary to examine all three of the thesis objectives. The finer points of the methods are
expanded upon in the three manuscripts presented in the Results section (Chapters, 4, 5, and 6). The
current section covers additional details about the recruitment and the data collection process of the
QLSCD, details how the main outcome of the thesis (BMI) was devised, presents a bigger picture of

the PGS construction process, introduces the eating behaviours and dietary intake variables under

study, and discusses the data analysis techniques employed.

Box 1. Restatement of the three thesis objectives

Objective 1: To measure the genetic susceptibility to obesity in children
using two PGS derived from adults and children GWAS summary
statistics, respectively, and compare their association with BMI and

discrimination of obesity.

Objective 2: To determine the extent to which the association between
adult- and child-derived PGS and BMI is mediated through eating
behavioural traits (over-eating, fussy eating) assessed in early childhood

(i.e., preschool age).

Objective 3: To estimate the association between preschool dietary (food
and nutrient) intakes and BMI (mean and change with age) displayed in
school-aged children and identify the ability of adult- and child-derived

PGS to modify those associations.
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3.1 The Quebec Longitudinal Study of Child Development (QLSCD)

3.1.1 General description

The QLSCD is a prospective cohort study of 2120 children born in 1997-1998 in the province of
Quebec, Canada. At its conception, the aim of the study was initially to document childhood
development and adaptation difficulties in the first five years of life [182]. The study then continued to
further investigate the relation between developmental characteristics of children or their environment
and biopsychosocial outcomes from childhood to early adulthood. The study united a large number of
researchers and experts from various interdisciplinary fields related to childhood development [183].
Since its creation the study has contributed to a growing library of journal articles detailing the
relationship between early life characteristics (e.g., internalizing and externalizing behaviours, parental
environment, or peer victimization) and later developmental outcomes (e.g., educational achievement,

substance use, suicidal ideation, cognitive development or psychosocial development) [183].

Details about the QLSCD recruitment process and follow-up until age 21 years are available in a cohort
profile [183], with important information summarized in the following lines. The children part of the
QLSCD were born between October 1997 and July 1998. The children were randomly sampled based
on living areas and birth rates based on the Master birth register to be representative of the Canadian
Province of Quebec born in those years. An initial sample of 2940 families was selected based on
inclusion criteria (mother’s pregnancy lasted for 24 to 42 weeks and mothers could speak either French
or English). From the initial sample of 2940 families, 2120 were part of the final longitudinal sample.
Families from the initial sample were lost due to not being found (n = 172), being excluded (n = 93),
being unreachable (n = 14), refusing to participate (n = 438), or being part of an oversampled

population from Montérégie (n = 103).
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3.1.2 Data collection

The participants were followed annually or biannually from ages 5 months to 25 years at the latest data
collection wave in 2023. Data collection waves at 17 months, 29 months, and 41 months will
henceforth be referred to as 1 year, 2 years and 3 years for simplicity. Another data collection wave
happened between the ages of 45 months and 56 months and will be referred to as 4 years. The data
was collected through various questionnaires. From 5 months to 17 years, parents (usually mothers)
filled questionnaires by themselves or by interviewers (paper or informatic). From 7 years onward,
participants also directly filled out paper or informatic questionnaires, with online questionnaires being
the norm starting at age 15 years. Teachers, school administrators, brothers and sisters also answered
questionnaires on occasions. A complete list of the questionnaires used in the QLSCD, and technical

documentation are publicly available on the study website (www.jesuisjeserai.stat.gouv.qc.ca). The

data collected varied in themes, from developmental characteristics in early childhood to academic
achievement and overall health outcomes later in childhood, and transition into adulthood at the latest
waves of data collection. The three objectives of this thesis relate to BMI or obesity as the outcomes of
interest and involve the use of genomic data. Therefore, the following sections relate to anthropometric
and genetic data collections and variable construction. Then, we detail eating behaviour and dietary

intake measures, since these are the focus of the second and third thesis objectives, respectively.

3.2 Outcome variables: anthropometric measures

Height and weight were measured through different means throughout the QLSCD. From ages 5
months to 3 years height and weight were reported by the parents. From ages 4 years to 13 years
trained technicians directly measured the height and weight of the participants using a standardized
protocol. From 15 years onward, the participants reported their height and weight themselves. Given
that self-reported measures of height and weight tend to underestimate the actual BMI [184], and that
parents of children with overweight have a tendency to underestimate their children’s weight [185],
using BMI derived from reported height and weight measurements may lead to biased association

estimates. Therefore, BMI values for this thesis were derived from direct measurements available at
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ages of 4, 6,7, 8, 10, 12, and 13 years old. BMI z-scores were calculated using the World Health
Organization Growth reference data [42, 43] in order to account for developmental changes based on
age and sex. Weight categories were calculated based on the World Health Organization classification
for children under 5 years [186] and for children and teens between 5 and 19 years [43]. Overweight
was defined as having a BMI above 2 SD for children under 5 years of age, and above 1 SD for
children aged between 5 and 19 years of age. Similarly, obesity was defined as having a BMI above 3
SD for children under 5 years of age, and above 2 SD for children between 5 and 19 years of age.

Due to the longitudinal nature of the study, a portion of participants naturally drop out of the study
through time. The description of participants with BMI data available at the specified collection waves
is presented in Appendix 2. The number of participants with BMI data decreased from 1529 (72% of
the initial QLSCD sample) on the four-year-old collection wave, to 1229 (58% of the initial QLSCD
sample) at the 13-year-old collection wave. Overall, compared to all QLSCD participants, participants
with BMI at later time points had higher representation of girls, had mothers with higher education,
lived in households with higher income, and had mothers with a higher probability of being born in
Canada. In terms of body weight, participants with BMI at later collection waves were characterized by

higher BMI and higher proportions of overweight and obesity.

3.3 Genetic variables: polygenic score construction

A major part of the thesis is the construction of two PGS to represent the individual genetic
susceptibility to increased BMI. Those two scores are then used to address all three of the thesis
objectives and are an essential part of the three presented manuscripts. A general description of the two
PGS was given in the manuscripts, but this section aims to provide a more complete picture of the
construction process. More specifically, the section describes the overall process used to construct
those scores, details about the genetic quality control process applied to the target sample (QLSCD
participants), a description of the GWAS summary statistics chosen, a discussion about the choice of

summary statistics, and an overview of the specific construction procedure (PRS-CS).
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3.3.1 General construction process of a polygenic score

Construction of a PGS usually follows a basic structure, requiring two primary sources of information:
GWAS summary statistics that are generally publicly available and include individual associations
between variants and the trait of interest, and target data that are usually not publicly available and
include individual genotype information [104]. The PGS is first constructed using the summary
statistics (variants and their effect size) to identify and weight variants associated with the trait of
interest to be included in the score, a process often referred to as PGS “training”. Until recently, most
PGS included variants pruned from LD for independence and selected those that passed a p-value
threshold, generally referred to as pruning and thresholding. That method is still widely used to
construct PGS across common diseases, but other procedures have recently emerged. For instance,
statistical shrinkage methods adjust for the uncertainty in the estimation of variant effect size in
analyses with a large number of variables to shrink small effect coefficients toward zero [187].
Statistical shrinkage often relies on Bayesian statistical approaches and includes methods like LDpred
[117], SBayesR [120] or PRS-CS [119]. These methods allow the inclusion of variants from the entire
genome while allowing for a wider range of genetic architectures. Those methods have been shown to
outperform other procedures and work better with large sample sizes [119]. The development of the
PGS then needs to consider LD by either including only independent variants, or by accounting for the
correlation between variants using LD reference data for the population of interest [104]. The score is
then calculated in the study (training) sample with available phenotypic and genotypic data, which is
used in conjunction with demographic and other non-genetic variables to form the risk model to be

fitted appropriately.

3.3.2 Target data and genetic quality control

Biological material was collected for a subsample of 992 participants when they were 10 years of age.
DNA was extracted from blood or saliva samples and the genotype of 978 participants was derived
using the Illumina Infinium PsychArray-24 Beadchip. There were three rounds of genetic quality

control. The first round included exclusion criteria for variants (minor allele frequency below 0.01, and
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genotyping rate below 0.98), and exclusion criteria for individuals (call rate below 0.95, gender
mismatch, genetic duplicates, cryptic relatives, genetic outliers, and heterozygosity deviations). The
second round was performed in remaining individuals only to exclude additional variants (non-
autosomal variants, call rates below 98%, minor allele frequency below 5% and Hardy-Weinberg
Equilibrium p-values below 1 x 107). The final round of exclusion for variants occurred after the
imputation process (minor allele frequency below 1%, Hardy-Weinberg Equilibrium p-values below 1
x 10, and INFO metric below 0.8). Imputation aims to multiply the number of variants available by
leveraging the correlation between variants. The imputation process was completed using Phase 3 of
the 1000 genomes project reference data [188] and the programs SHAPEIT v2 (r837) [189] and
IMPUTE2 [190]. A total of 816 participants and 8,465,216 variants, most of them imputed, passed all

three steps of quality control and imputation.

3.3.3 The importance of the choice of genome-wide association study summary statistics for

polygenic score construction

Choosing the most appropriate input GWAS summary statistics is crucial, as it can have substantive
effects on how it affects the trait of interest. In addition to the statistical power of the discovery GWAS,
the predictive power of a PGS may be reduced when there are differences between the PGS target
population and the discovery GWAS population [191]. Those differences can be related to the genetic
background or encompass non-genetic determinants of trait variability (e.g., sociodemographic
characteristics, or phenotypic assessment). For instance, PGS are not easily transferable across
ancestries due to stratifications in allele frequencies, LD, and environmental exposures [88]. For
example, pairs of PGS for height have a stronger correlation when the discovery GWAS are both of
European ancestry (r > 0.73), compared with pairs of European and African ancestries (r < 0.31) [192].
Generally, PGS have lower predictive ability when discovery and target samples come from different
ancestries [88, 192, 193]. For example, the same PGS constructed using discovery GWAS of European
ancestry explains a higher variance of BMI in a target population of European descent (5.8%),

compared to African American descent (1.5%) [88].

Careful consideration must also be given to non-genetic factors that could affect phenotypic variability
between the discovery and target samples. For instance, phenotypic assessment, be it the definition of
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the phenotype measured, or how the phenotypes are empirically measured, should ideally be as similar
as possible [191]. For example, most of the GWAS for obesity-related traits use BMI to represent the
accumulation of adipose tissue. However, those PGS may not be best suited to measure other similar
obesity-related traits. A PGS constructed using BMI-associated variants explained more variance of
BMI (10.8%) compared to waist circumference (8.8%) in children aged 2-16 years [125]. Indeed, the
specific variants associated with these adiposity measures and their individual effects may differ
substantially. For instance, a PGS constructed with a GWAS for BMI had only a moderate correlation
with a PGS for waist circumference (0.36 to 0.44), and a null correlation with a PGS for waist to hip

ratio (0.00 to -0.04) in three independent cohorts [173].

Considering genetic factors are known to interact with environmental factors in complex diseases,
differences in sociodemographic characteristics between discovery and target samples may also limit
the prediction of a PGS. Most samples used in recent GWAS originate from large biobanks.
Considering participants in those biobanks are volunteers, they may be generally healthier compared to
some PGS target populations, such as hospital-based cohorts or samples from socioeconomically
deprived communities. This could result in differences in baseline characteristics between discovery
and target samples, or the presence in the target sample may be dependent on specific factors, which
could hamper the resulting PGS prediction [88]. Looking at a more concrete example of specific
demographic factors that can influence phenotype variability, although there is overlap in genetic
variants associated with BMI in childhood and adulthood, the effect of some variants may change with
age. Interestingly, two different studies showed that PGS derived from adult discovery samples
explained a higher proportion of BMI variance in early childhood (birth to 8 years, and 2 to 12 years),
compared to PGS derived from child discovery samples [128, 129]. While this observation could be
explained by more precise effect estimates in adult discovery samples due to a larger number of
participants, this could also reflect that genetic variants related to adult BMI may already emerge after
the adiposity rebound around 5 or 6 years of age [129]. This last example highlights that the choice of
GWAS summary statistics to use in the development of a PGS is complex and requires careful
considerations in light of the target sample and the known underlying mechanisms characterizing the

genetic component and the interplay with environmental factors.
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3.3.4 Description of the genome-wide association study summary statistics chosen

An important part of this thesis was to construct two PGS based on GWAS summary statistics from
both adults and children. Considering the discussion from the last section, the discovery GWAS needed
to assess BMI and be composed of individuals from European ancestry. At the time of PGS
construction, the adult and child GWAS chosen had the highest sample size that corresponded to those
characteristics. The adult GWAS chosen combined ~700,000 adults of European ancestry in a meta-
analysis of UK Biobank participants and the GIANT consortium [14]. The study tested a total of
16,652,994 variants and identified 941 that were independently associated with BMI and explained
6.0% of BMI variance in an independent sample [14]. Similar to previous evidence [19], the genes

associated with BMI were involved in the development of the nervous system.

The child GWAS chosen combined ~60,000 children aged 2-10 years old of European ancestry in a
two-stage meta-analysis of 40 individual studies [21]. The study tested a total of 8,228,795 individual
variants across the 40 studies. A total of 47 variants were significantly associated with BMI in the
discovery phase, and 25 of those also reaching statistical significance in the combined meta-analysis,
including a replication sample. The study observed a total proportion of BMI variance explained by all
the variants tested of 23% and a high genetic correlation between childhood and adult BMI (rg = 0.76)
[21]. The lesser number of variants identified compared to the adult GWAS is indicative of the lower
statistical power compared to the adult GWAS. Importantly, the prediction accuracy of PGS increases
as GWAS sample size grows [117], which is important to keep in mind when comparing the adult-
derived and child-derived PGS. The summary statistics of both GWAS were publicly available and
were retrieved from the GIANT consortium website and the GWAS Catalog [83] (study ID:
GCST90002409).

3.3.5 PRS-CS procedure

The PRS-CS [119] procedure was used to construct the two PGS. PRS-CS was chosen to construct the
two PGS because approaches relying on shrinkage procedures typically achieve better prediction

accuracy compared to pruning and thresholding approaches [117]. Furthermore, PRS-CS improves
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other Bayesian shrinkage procedures by 1) allowing the inclusion of diverse genetic networks using
continuous shrinkage priors (instead of discrete mixture priors) on genetic effect sizes and 2) modelling
local LD patterns more efficiently by updating effect sizes for markers in LD in concert rather than
separately [119]. A summary of the procedure is given here, but readers interested in additional details

are directed to the original article presenting the complete methodology [119].

The method introduces a prior for the variant effect sizes, which has a global and local component. The
local shrinkage parameter follows an absolutely continuous density function (the Strawman-Berger
prior). More specifically, this type of prior is a gamma-gamma prior with a=1 and b=1/2 specifications.
The global scaling parameter shared for all variants controlling for the degree of spareness in the model
can either be 1) inferred from a small number of values tested in an independent data set and chosen
based on its predictive performance, or 2) found directly in the data (auto option) using a fully
Bayesian approach with a standard half-Cauchy prior (¢p*/2~C*(0, 1)) applied to the parameter. The
authors of the method suggest that the automatic approach is optimal with a large sample size, and that

fixing the parameter at 0.01 can be sufficient for highly polygenic traits [119].

The process of constructing the two PGS was performed on the Digital Research Alliance of Canada
(alliancecan.ca) servers, formerly known as Compute Canada. The steps are based and adapted from an
internal description of the use of PRS-CS for constructing a PGS of educational attainment with
QLSCD data. First, the GWAS summary statistics file was modified to reflect the formatting used in
PRS-CS. Second, the PRS-CS procedure was applied to the GWAS summary statistics file, the target
genotypic files, and the 1000 genomes reference panel [188] with the auto global scaling parameter.
Third, the variant effects were coded to all be positive by flipping the alleles with negative effects.
Fourth, the PGS was finalized by adjusting the weights based on the imputation dosage and by
combining each chromosomal score into a single final PGS per individual. The final adult-derived PGS
contained 613,732 variants and the final child-derived PGS contained 689,789 variants. Additionally,
both scores were adjusted by the first 10 principal components of ancestry and then standardized to
obtain a normal distribution centred at 0 (Supplementary Text 4-1) using a method described elsewhere
[194]. Both the GWAS summary statistics data and the target genetic data were following the GRCh37
assembly build.
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3.4 Dietary habit variables

The interplay between dietary habits and genetic susceptibility to obesity is the main subject of the
second and third objectives of this thesis. This section describes the data collection process and the

development of the variables investigated in the studies associated with the thesis.

3.4.1 Eating behaviours

Data on eating behaviours were gathered by individual questionnaire items asked to the most
knowledgeable person (generally the mother) about the child on five occasions from ages 2 to 6 years.
The behaviours evaluated were eating too much, eating too fast, eating enough, being fussy with food,
eating between meals, eating at regular hours, refusing to eat, and eating different meals than their
parents. Those individual item questions were adapted and translated into French from the Avon
Longitudinal Study of Parents and Children [195]. Individually, these items have been found to have
moderate to strong heritability in a previous twin study of children from Québec [196], especially at
younger ages. A total of 2014 participants (95%) had eating behaviour data available at least once

between 2 and 6 years of age.

Using individual items, we created two scores to represent over-eating and fussy eating to evaluate
them as potential mediators of genetic susceptibility to obesity in childhood. Those scores and their
composite items are based on problematic behaviours described in an early report of the QLSCD [197].
Details about how the scores were constructed, and the specific composite items are summarized in
Table 3-1. Briefly, an over-eating score (range: 2-8) was composed of two individual items (eating too
much and eating too fast) summed at each collection wave and then averaged over available waves.
The fussy eating score (range: 3-12) was composed of three individual items (eating different meals,
being fussy with food and refusing to eat) summed at each collection wave and then averaged over
available waves. Incidentally, although data was collected over time, each participant with eating

behaviour data available at least once has a singular invariable value for each score.

These eating behaviour categories were devised post priori for analytic purposes, since when

questionnaires were constructed, the area of eating behavioural research was still developing [198].
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However, a more recent analysis involving QLSCD participants observed that higher over-eating
scores in childhood were negatively associated with slowness in eating and satiety responsiveness in
adulthood measured using the adult version of the CEBQ [161]. Similarly, children characterized by
high fussy eating were more likely to exhibit food fussiness in adulthood [161].

43



Genetics of obesity risk and dietary habits

Danick Goulet

Table 3-1. Description of eating behaviour scores and individual questionnaire items.

Eating Questionnaire items Response Waves Scoring process
behaviour choices
Fussy eating | When [name of the child] is at home Never (1) 2 years Step 1. Three numerical
with you for the main meal of the day, response values (1-4) summed
) Rarely (2) 3 years o
how often does [name of the child] at each individual wave to
. Sometimes (3) | 4 years obtain fussy eating score at each
(1) eat different meals? bl
Often (4) 5 years avatiable wave.
In general, does [name of the child] ...
6 years
(2) is [name of the child] fussy about
Step 2. Average fussy eating
food?
scores over waves available.
(3) refuse to eat?
Over-eating | In general, does [name of the child] ... Never (1) 2 years Step 1. Two numerical response
values (1-4) summed at each
(1) over-eat? Rarely (2) 3 years
individual wave to obtain over-
(2) eat too fast? Sometimes (3) | 4 years eating score at each available
Often (4) 5 years wave.
6 years

Step 2. Average over-eating

scores over waves available.

Note: Response choices for “eat different meals?” were: “Always” (1), “Almost always” (2), “Sometimes” (3), “Almost

never” (4). The values were reversed before Step 1.
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3.4.2 Dietary intakes

Four types of food intake (juice and fruit drinks, snacks, meats, and fruits and vegetables), three
macronutrient intakes (proteins, lipids, and carbohydrates), and total energy intake were considered.
Data regarding food intakes were gathered on multiple occasions between ages 1 and 13 years from
food frequency questionnaires administered to the person most knowledgeable about the child
(generally the mother). Since we were concerned about dietary intakes in early childhood, we retained
the assessments made at 1, 2, 3, and 4 years of age. With the reference being last week, the parents
were asked how many times per day/week the participant eats different types of foods. Some choices of
answer were not number specific and were averaged before obtaining the amount per day (e.g., “3 to 4
times a week” to 0.5 times per day). The data collection process and details regarding the individual

items composing the food intake categories are summarized in Table 3-2.

Outside of regular data collection waves, the QLSCD also incorporated special studies on specific
subjects, including a nutrition focused data collection when children were four years of age. The data
regarding macronutrient and energy intake was gathered during that special nutrition study through 24-
hour dietary recall interviews administered by a registered dietician to the parent and a daycare
attendant when the child attended daycare. The consumption values of proteins, lipids, carbohydrates
and total energy were estimated based on the Canadian Nutrient File [199] and the USDA recipe file
[200]. A total of 2057 (97%) and 1549 (73%) participants had food intake and macronutrient intake
data available, respectively. As a summary, Figure 3-1 depicts the number of participants at various
stages of the PGS construction process and the number of participants that also have exposure and

outcome data available.
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Table 3-2. Description of food intake variables and individual questionnaire items.

Dietary intake | Questionnaire items Response choices and Waves Scoring process
recoding per day
Juice and fruit | When [name of the child] is at Never (0) 1 year Step 1. Recode item to times
drink home with you for the main Once or twice a week (1.5/7) | 2 years consumed per day.
meal of the day, how often does | 3 ¢ 4 times a week (0.5) 3 years
[name of the child] eat the 5 to 6 times a week (5.5/7) 4 years Step 2. Average consumption
following foods: Once a day (1) over available wave.
(1) Juices and fruit drinks. .
Twice a day or more (2)
Snacks When [name of the child] is at Never (0) 1 year Step 1. Recode item to times
home with you for the main Once or twice a week (1.5/7) | 2 years consumed per day.
meal of the day, how often does | 3 4, 4 times a week (0.5) 3 years
[name of the child] eat the 5 to 6 times a week (5.5/7) 4 years Step 2. Average consumption
following foods: Once a day (1) over available wave.
(1) Snack foods (pastries, sweet, Twice a day or more (2)
cookies, potato chips).
Meats When [name of the child] is at Never (0) 1 year Step 1. Recode item to times
home with you for the main Once or twice a week (1.5/7) | 2 years consumed per day.
meal of the day, how often does | 3 4, 4 times a week (0.5) 3 years
[name of the child] eat the 5 t0 6 times a week (5.5/7) 4 years Step 2. Sum three item values at
following foods: Once a day (1) each wave.
(1) Poultry. Twice a day or more (2)
(2) Meat. Step 3. Average consumption
(3) Fish. over available wave.
Fruits and When [name of the child] is at Never (0) 1 year Step 1. Recode item to times
vegetables home with you for the main Once or twice a week (1.5/7) | 2 years consumed per day.
meal of the day, how often does | 3 4, 4 times a week (0.5) 3 years
[name of the child] eat the 5 to 6 times a week (5.5/7) 4 years Step 2. Sum two item values at

following foods:
(1) Fruit (excluding juice).

(2) Vegetables and potatoes.

Once a day (1)

Twice a day or more (2)

each wave.

Step 3. Average consumption

over available wave.
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PGS available

Accepted biological data collection: n 992

Genotyping assay completed: n 978

Quality control successfully passed: n 816

Nutrient intake data

4 years
n 1549

Initial QLSCD participants

Children aged 5 months: n 2,120

Food intake data
1 to 4 years
n 2057

Y

PGS and BMI available
Food intake: n 717
Nutrient intake: n 656
Eating behaviour: n 715

Eating behaviour data

2 to 6 years
n2014

BMI available
At least once 4 to 13 years: n 1838
With PGS: n 717

Figure 3-1. Flowchart of the number of participants with specific data available from the QLSCD.
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3.5 Data analyses

This section presents the analysis methods that were used to investigate the three objectives of the
thesis. The types of analyses are introduced and discussed here broadly, while specific model
specifications, diagnostics, and additional sensitivity analyses are left for the manuscripts in Chapters 4,

5, and 6.

3.5.1 Objective 1

The first objective relates to the comparison of the association of a PGS trained with GWAS summary
statistics from adults and children with BMI z-score and the risk of obesity in children. Typically,
standard measures of associations can be used for such an evaluation. The phenotypic variance
explained (R?) and the effect size estimate (Beta) per unit of a PGS are generally used for continuous
phenotypes (BMI z-score) [104]. For categorical phenotypes (risk of obesity), the effect size estimate
(odds ratio) per unit of a PGS is typically used alongside measures of discrimination and calibration
[106]. Consequently, the adult-derived PGS and the child-derived PGS were compared based on their
association with BMI z-scores and the risk of obesity. Linear regression was used to obtain beta and R?
estimates for the association with BMI z-scores, and logistic regression was used to estimate the
association with the risk of obesity with odds ratios. Additionally, discrimination and calibration of the
logistic models were evaluated using the area under the receiver operator curve and the Brier score.
These analyses were conducted at each time point (4, 6, 7, 8, 10, 12, 13 years old) individually to

ascertain trends of associations.

Additionally, graphical representations of the relation between a PGS and the trait of interest, such as
strata plots [104], are presented. These plots are constructed by separating the study sample based on
the PGS value (e.g., 10 equally sized strata representing 10% of the PGS distribution) and plotted
against the mean (continuous) or prevalence (categorical) of the trait. Incidentally, the study sample
with available PGS and anthropometric data was separated into deciles of the two PGS, and then
plotted against the mean BMI z-score and the prevalence of obesity at each studied time point (4, 6, 7,
8, 10, 12, 13 years old).
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3.5.2 Objective 2

Multiple methods to assess mediation have been developed, such as the Sobel test [201], which is
commonly used with outcome measures at a single time point. When repeated outcome observations
are available, longitudinal methods are favoured. Autoregressive models, latent growth curves and
latent difference score models have been described previously and are commonly used in such designs
[202]. More recently, methods have been described to evaluate the presence of mediation with multiple

mediators [203], or with time-varying exposures and mediators [204].

In order to take advantage of the availability of repeated measures of BMI through time in the QLSCD,
we opted to use longitudinal growth curve mediation analysis (LGCMA). LGCMA are structural
models where variables measured at multiple time points are represented by two latent factors. The
intercept refers to the starting point at time 1, and the slope defines the linear growth of the variable
over time [202]. These models can take many forms depending on the presence, or not, of independent
or mediator variables that are also available at multiple time points. The causal framework and the
assumptions of these models were recently clarified in a publication [205]. The assumptions of
LGCMA include 1) “no unmeasured confounding for the exposure-outcome relationship” (p.4) [205],
2) “no unmeasured confounding for the mediator-outcome relationship” (p.4) [205], 3) “no unmeasured
confounding for the exposure-mediator relationship” (p.4) [205], and 4) “no mediator-outcome
confounders which are affected by the exposure” (p.4) [205]. The general goal is to estimate the direct

and indirect effects of the exposure on the outcome at each time point of the outcome.

Our study included two time-invariant continuous exposures (adult-derived PGS and child-derived
PGS), a single continuous time-invariant mediator (fussy eating or over-eating measured over 2 to 6
years of age), and a continuous outcome (BMI z-score) measured at 6 time points (6, 7, 8, 10, 12, 13
years of age). Thus, the latent variables constructed were the intercept and the linear slope for the BMI
z-score. Adapting the methodology described earlier [205], we were able to estimate the proportion of
the association between both PGS and BMI z-score that is mediated through each eating behaviour
separately from 6 to 13 years. The complete formulas and a description of the models, including

covariate adjustments, are presented in the appropriate manuscript section (Chapter 5).
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3.5.3 Objective 3

Statistical interactions are usually evaluated using statistical models by adding a product term between
the two exposures of interest [23]. For continuous outcomes, the coefficient of the product term in
linear models reflects the interaction effect on the additive scale. For this objective we are interested in
the interaction between continuous PGS and continuous dietary intakes (food intakes: mean score
between 1 and 4 years old, macronutrient and energy intakes: at 4 years old) in relation to BMI (4, 6, 7,
8, 10, 12, 13 years old). Considering repeated measures of BMI are available, we opted for linear
mixed models in order to account for the clustering per participant. Those models allowed to
investigate the influence of the exposures (and their interaction) on both the mean level of BMI
(intercept) and the growth with time (slope) by adding a product term for the time (or age of
participants). Thus, we were able to examine the influence of food, macronutrients, and energy intakes
on BMI, and if these effects varied by the child-derived PGS, the adult-derived PGS, and the age of the

participants.
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CHAPTER 4 - MANUSCRIPT 1

Article preface

This manuscript introduces the adult-derived and child-derived PGS used throughout this thesis. The
scores are compared based on their association with BMI and the risk of obesity from 4 to 13 years of
age using data collected from the QLSCD. Incidentally, this first manuscript relates to the first
objective of the thesis: to measure the genetic susceptibility to obesity in children using two PGS
derived from adults and children GWAS summary statistics, respectively, and compare their

association with BMI and discrimination of obesity.

DG, LD and MB contributed to the conception and design of the study. LD and MB were involved in
the data collection from QLSCD participants. DG performed the statistical analyses with insights and
revisions from CG. DG was responsible for the first draft of the manuscript. All authors participated in
discussions concerning the development of the study and were involved in the revisions to the

manuscript and approved the submitted version.

Ethics approval (secondary analysis of QLSCD data): University of Ottawa Research Ethics board
(ethics file number: H-01-23-8018, approval date: 10/02/2023, Appendix 1).

This manuscript was resubmitted after review to the Canadian Journal of Physiology and

1 2024. A copy of the confirmation email is available in Appendix 3. A

Pharmacology on December 1
PRS-RS reporting checklist for manuscript 1 is also available in Appendix 4. The following manuscript

1s harmonized to the thesis format.
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Abstract

The lack of polygenic scores (PGSs) developed for body-mass index (BMI) in children may be
problematic because the genetic architecture characterizing BMI changes throughout life. This study
aims to describe the genetic susceptibility to obesity in children and to compare two PGSs based on
data from adults and children and their association with BMI and discrimination of obesity. The study
sample comprises 717 participants aged 4 to 13. Adult- and child-based PGS were evaluated by
examining 1) mean BMI across polygenic score risk categories, 2) the capacity to identify obesity with
logistic regression and 3) the linear association with BMI z-scores using linear regression. Increases in
one standardized unit of adult-based PGS were related to a stronger increase in BMI z-score (f=0.24-
0.39) than PGS derived in children (f=0.21-0.30). The association between obesity and the child score
was higher (OR = 1.75-2.33) than for the adult score (OR = 1.74-2.06) for the age group 4-7 years. The
inverse was observed for the age group 8-13 years (ORchilg 1.56-1.79 vs. ORaqure 1.78-2.54). Both adult-
and child-based PGS show strong associations with BMI and risk of obesity, with the adult-based score

standing out from 8 years old.

Abbreviations: BMI — body-mass index; GWAS — genome-wide association study; PGS — polygenic
score; QLSCD — Quebec Longitudinal Study of Child Development; WHO — World Health

Organization

Keywords: Adiposity, obesity, polygenic score, longitudinal study, childhood
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Introduction

In 2015, obesity was among the deadliest health problems, responsible for approximately 4 million
deaths and a loss of 120 million healthy years of life in 195 countries [1]. Starting at conception,
genetic and environmental factors have been shown to dynamically and synergistically contribute to
obesity, and their influence accumulates throughout life [2]. Since childhood obesity tends to persist
into adulthood, a clear understanding of its underlying genetic and environmental etiology is paramount

to inform prevention, ideally starting early in life [3].

The heritability of body mass index (BMI) is estimated to range between 40 and 80% [4]. As for most
complex phenotypes, the genetic architecture of obesity is polygenic, characterized by a large array of
genetic variants, each exerting a minor effect. Since the introduction of high-throughput and efficient
genotyping technologies, genome-wide association studies (GWASs) have examined the potential role
of millions of genetic variants and have identified hundreds of variants associated with BMI in
participants of European ancestry [5]. Polygenic scores (PGSs) build on the findings of GWASSs to
estimate continuous indexes of genetic susceptibility to a given phenotype by aggregating the effects of
genetic variants located across the genome. Many PGSs for BMI have been proposed for adult
populations, typically based on the GWAS of hundreds of thousands of participants. However, there is
only a limited number of PGSs developed to be applied to samples of children or adolescents because
there are fewer GWAS for children and adolescents that are also based on a smaller number of

participants (N < 60 000) [6-10].

Evidence suggests that the genetic architecture of obesity may change throughout life [4]. For instance,
the heritability of BMI is known to vary depending on age, with higher heritability found in childhood
and adolescence compared to adulthood [4]. Also, while specific genetic variants are associated with
BMI in both childhood and adulthood, their effects may nevertheless differ across developmental
periods [11]. However, only a few studies have used a PGS to predict BMI on more than one occasion
throughout childhood or adolescence. Khera et al. assessed BMI at six points in time between birth and
18 years of age using the Avalon Longitudinal Study of Parents and Children. The study showed that
among youth, differences in weight and BMI between those more and those less genetically susceptible
increase from birth to 18 years [10]. This is supported by another study observing that the effect of a

PGS on BMI increases in the transition between adolescence and adulthood [12]. Another study [13]
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followed over 1000 participants from birth to 38 years of age. The study showed that children with a
higher PGS were characterized by adiposity rebound displaying prematurely and accrued more weight
between birth and 3 years of age. Those characteristics were then shown to mediate the association
between the PGS and obesity in later years [13]. Hiils et al. measured BMI at two time points between
ages 2 and 16 and showed that the correlation between a PGS and BMI increased with age [8]. Given
the small number of studies using BMI-PGS in children and adolescent populations, more studies need
to describe the value of PGSs estimated from adult populations on children and adolescents’ BMI to
determine if they differ from those from child populations. Additionally, more investigation is needed
to estimate how those PGSs relate to obesity as well, since the scores may affect adiposity differently at

the higher end of the distribution.

With one exception [9], all studies using a BMI-PGS among children or adolescents were based on
GWAS summary statistics from adult samples, either the GIANT meta-analysis [14] (n=339 224) or a
meta-analysis of both GIANT and the UK Biobank [5] (n~700 000). In contrast, the study by Fang et
al. used GWAS summary statistics from a joint analysis of 20 GWASs uniting over 35,000 children
[15]. Because PGSs directly stem from the GWAS summary statistics, the referenced sample on which
the GWAS is based may affect the capacity for the resulting PGS to predict the phenotype of interest.
For phenotypes that are likely to have a distinct genetic etiology across developmental periods or for
which genes may be differently linked with the phenotype depending on age, careful consideration
must be given to the age composition of the reference GWAS [16]. This is especially true in the case of
BMLI, for which the genetic variants, their respective weights, and their genetic expressions might differ
with age [16]. Overall, the majority of variants associated with childhood BMI also have evidence for
association in comparative GWAS of adult BMI [11, 15, 17]. Conversely, only 22 out of 97 variants
known for their association with adult BMI were also found to be associated with childhood BMI [15],
which could be explained by the lower sample size used in GWAS for children compared to adults.
This raises the question of the appropriateness of adult-based PGSs in child samples, opposing adult-
based scores that are derived from GWASs with higher sample sizes to child-based scores that would

include variants more specifically associated with BMI in childhood.

To date, few analyses have compared the use of childhood-based and adult-based BMI-PGS in
children. A recent study [18] compared four PGSs derived from summary statistics estimated for
different adiposity-related traits, including childhood BMI and adult BMI. Both scores showed similar
patterns of BMI change through age and genetic risk, where BMI differences between those in the
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highest and lowest decile of genetic susceptibility grew over time. However, the adult BMI-PGS better
predicted BMI, especially after the age of 3 [18]. These findings suggest that GWASs conducted with a
sample consisting of a majority of adults yield better performance, even at an early age, than a PGS
estimated from a GWAS that includes children and adolescent participants. This pattern of findings
was likely due to the larger sample sizes of the adult-based GWAS and PGS, which allowed for more
precision in the estimates of BMI [18]. Incidentally, this study addresses 1) the need for longitudinal
assessments of BMI-PGS throughout childhood and adolescence and 2) the uncertainty surrounding the
use of adult- vs. child-based PGSs in childhood. The purpose of the study is to measure genetic
susceptibility using PGSs with summary statistics from children and adults in a longitudinal cohort of

children and to compare their respective performances.

Materials and methods

Study design and participants

A representative sample of children born in 1998 in the province of Québec, Canada (n=2120) accepted
to take part in the Quebec Longitudinal Study of Child Development (QLSCD) [19], for which the first
data collection took place at the age of 5 months. These children and their families have been followed
longitudinally, and follow-up is still ongoing. Data on parents (e.g., demographic, breastfeeding,
parental depression) and child characteristics (e.g., child behaviour, mental/physical health, diet, height,
and weight assessments) were gathered annually or biennially up to 23 years of age using
questionnaires and interviews [19]. DNA collection for genetic analyses was extracted when the child
was 10 years old. Informed consent was obtained from the parents along with children’s assent from
the age of 10, while the participating youth consented for themselves when they reached adolescence.
DNA collection required additional approval from the study participants. Both the initial QLSCD
formation and additional genetic data collection were approved by the ethics committee of the Centre

Hospitalier Universitaire Sainte-Justine Mere-Enfant (#2104).
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Genotyping and polygenic score construction

A subsample of the 1334 QLSCD participants at the 10-year-old collection were approached to collect
DNA samples, and 992 accepted. Genotyping was performed using the [llumina Infinium PsychArray-
24. The array was chosen because the cognitive development of children was an area of research of
interest in the QLSCD. Nonetheless, most markers are proven tag single nucleotide polymorphisms
from core arrays. Quality control and imputation steps applied to the QLSCD genotypic data have been
previously described [20]. Briefly, checks for variant allele frequency, genotyping rate, and Hardy
Weinberg Equilibrium test p-values were implemented before and after the imputation using the 1000
genomes project reference data [21], SHAPEIT v2 (r837) [22], and impute2 [23]. Additionally, a
cryptic relatives check was implemented to identify genetically related pairs, and individuals with a call
rate below 0.95, those flagged for gender mismatch, and genetic duplicates were excluded. After the

quality control and imputation, genetic data on 8,407,807 variants were available for 816 participants.

Weighted and standardized PGSs were constructed using the PRS-CS method, which has been shown
to outperform other procedures, especially in large sample sizes [24]. We used the model-tuning
method PUMAS [25] to identify the best value for the global shrinkage parameter. The procedure only
requires GWAS summary statistics and a linkage disequilibrium reference panel. The GWAS summary
statistics were partitioned for PGS training (0.75) and PGS parameter evaluation (0.25) purposes,
which was repeated 4 times using Monte-Carlo cross-validation. We tested the global shrinkage
parameter values of 0.01, 0.0001, and auto. The parameter auto outperformed (mean R? = 0.207) the
other two values (0.01: mean R? = 0.054, 0.0001: mean R? = 0.185) for the adult-derived PGS. For the
child-derived PGS, the 0.0001 and auto values had similar performance (mean R? = 0.022). We opted
to use the auto parameter to reduce the difference between the adult and the child scores. We regressed
each score on the first 10 principal components of genetic ancestry to account for population
stratification. We used the subsequent residuals to obtain adjusted scores, as previously described [26]
(R script in Supplementary Text 4-1). The most populated GWAS meta-analysis summary statistics for
BMI conducted for adults [5] and children [11] of European ancestry were used alongside the 1000
Genomes reference panel [21] to construct the scores. The final PGS derived from adult and child
GWAS summary statistics included 613,732 and 689,789 individual variants, respectively. Almost all
variants that were included in the adult PGS were also in the child PGS (613,386 common variants).
Out of the 100 variants with the highest weights in the child PGS, 85 had similar directionality as with
the adult PGS. Similarly, 81 out of the 100 variants with the highest weights in the adult PGS had
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effects in the same direction as the child PGS. Additionally, there were 11 common variants out of the

100 variants with the highest effect sizes in both scores.

Anthropometric measures

Trained technicians performed height and weight measurements seven times between 4 and 13 years of
age (4, 6, 7,8, 10, 12, and 13 years). The standardized protocol followed by the technicians involved a
measuring tape, a ruler and a scale, where the children were weighed without shoes with only light
clothing. BMI z-scores were calculated using the World Health Organization (WHO) Growth reference
data [27] to account for the children’s age and sex. Weight status was established based on the WHO
classification. Children aged 5-19 with a BMI above 1 standard deviation from the WHO growth
reference were considered overweight, and those above 2 standard deviations were considered in
situation of obesity. Children under 5 years of age with a BMI above 2 standard deviations were
considered overweight, while those with a BMI above 3 standard deviations were considered in
situation of obesity. Of the 816 children with available genotype data, 717 had anthropometric data

available at at least one time point.

Statistical analysis

The sociodemographic characteristics of the total sample were estimated. We also compared the
sociodemographic characteristics of the QLSCD participants included in the study (n=717) with those
excluded (n=1403) (Supplementary Table 4-1). Comparisons were tested using Chi-square test for

proportions, and one-way ANOVA for normally distributed variables.

The association between child- and adult-based PGSs, and BMI z-scores was modelled using linear
regressions for BMI measurements taken from the age of 4 to 13 years. The linear effect estimates were
computed with 95% confidence intervals, and the proportion of variance explained by each score was
evaluated using R?. Next, participants were stratified into PGS risk categories to observe how the mean
BMI z-score and proportion of individuals with overweight and obesity vary across genetic risks. These
analyses were conducted separately at each BMI collection time. The unpaired T-test was used to
evaluate the difference in BMI z-score between the first and fifth quintiles to examine if those with the

highest genetic risk have significantly higher BMI than those with the lowest risk. Finally, we
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compared the capacity of the PGSs to identify youth with obesity at each time point using logistic

regressions (ORs, AUC, Brier score).

Additionally, we obtained “overall” effect estimates across all ages accounting for repeated
measurements by performing linear mixed models for the continuous BMI z-scores (4, 6, 7, 8, 10, 12,
and 13 years) outcome and generalized linear mixed models for the obesity outcome. Mixed models
were constructed first by evaluating how best to represent the age-related difference in BMI z-scores
using the Akaike Information Criterion. The best model was deemed to include a random intercept and
random slope for age, an autoregressive of order 1 covariance structure, and a smooth term for age.
Adult and child PGSs were then added separately as continuous variables. We further examined the
residuals to verify the assumptions about the linearity of the models. Scaled residuals for generalized
linear mixed models were used to evaluate model misspecification and over/under dispersion using the
DHARMa R package [28]. Removing the random slope for age in generalized mixed models appeared

to mitigate underdispersion and heteroscedasticity issues.

In additional analyses, we 1) adjusted the linear, logistic and mixed models for age, sex, birth weight,
maternal education (post-secondary education or not), household income (less than $60,000 or at least
$60,000), and whether mothers were born in Canada, and 2) estimated sex-specific results by including
in the model an interaction term between PGS and sex. Using the R statistical package “simr” [29] we
estimated power between 0.89 and 0.95 to identify an effect of 0.15 per PGS standard deviation in
simple linear regressions, which is very conservative considering that in a sample of 11-year-old
children [30] each increase of 1 standard deviation of a PGS was associated with 0.40 increase in BMI

z-score. Statistical analyses were performed using R [31] version 4.2.2.

Results

Table 4-1 shows the baseline characteristics of the 717 study participants. Overall, slightly more
participants were females (55.2%), with mothers of average age at birth (20-34 years, 84.0%), and with
medium household income ($30,000 to <$60,000, 41.2%) at baseline. The mother’s education was
evenly spread from a secondary-school to a university diploma (24.1 to 30.5%) at baseline. We
observed that the QLSCD participants included who had both valid BMI and PGSs tended to be more

likely to be female (55.2% vs. 45.8%), had mothers with higher levels of education (59.9% vs. 53.6%
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with post-secondary education), grew up in families with higher levels of income at 5 months (33.8%
vs. 28.4% >$ 60,000), and were born in Canada (97.8% vs. 83.8%) compared with those excluded
(Supplementary Table 4-1).

Linear association between PGSs and BMI z-score

Figure 4-1 presents the results of the simple and mixed linear associations between PGSs and BMI z-
scores from 4 to 13 years of age. Using linear mixed models, we estimate that the adult PGS explained
7.2% (ranging from 3.9 to 10.4% across time points) of BMI z-score variance, compared to the 5.4%
(ranging from 3.5% to 6.9% across time points) proportion explained by the child PGS (Figure 4-1).
Considering all repeated observations with the linear mixed model, the increase of one standardized
deviation of the adult PGS was associated with an increase of 0.32 standardized units of BMI (B=0.32,
95% CI: [0.25, 0.39]), compared to 0.25 for the child PGS ($=0.25, 95% CI: [0.18, 0.32]). The effect of
the adult PGS on BMI z-scores increased from 4 years (B=0.24, 95% CI: [0.15, 0.33], R>=3.9%) to 8
years (B=0.37, 95% CI: [0.28, 0.46], R?=8.8%), after which it plateaued (0.34 < B < 0.39) with the
highest estimate noted at 12 years (B=0.39, 95% CI: [0.30, 0.47], R*=10.4%). In contrast, the highest
per-standardized-unit increase of the child PGS was observed at 7 years ($:0.30, 95% CI: [0.22, 0.39],
R?=6.9%), and without further improvement noted subsequently (0.24 < B < 0.29). In sum, the linear
association between the adult PGS and BMI z-score was numerically higher than that of the child PGS
at all time points, but the effects of both PGSs on BMI z-score were within each other’s confidence
intervals at all time points. All estimates related to the linear associations between PGSs and BMI z-

scores are available in Supplementary Table 4-2.

Both PGSs identify a BMI gradient across quintiles and distinguish those at higher obesity risk

Figure 4-2 shows a positive linear gradient of the PGS quintiles for each PGS on the BMI z-scores
collected from 4 to 13 years of age. For both PGS and at all time points, the mean BMI z-score in the
fifth quintile was significantly higher than in the first quintile (p<0.001). Although comparable at
earlier time points, the difference in mean BMI z-score between the first and fifth quintiles appeared to
increase starting at 8 years of age for the adult PGS compared with the child PGS (Figure 4-2 E-G),

indicating that genetic variants characterizing adult obesity may already emerge at that age.
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Figure 4-3 presents the proportion of children classified with a healthy weight, overweight, or obesity
for each PGS quintile from 4 to 13 years of age, where both PGSs seemed to distinguish the weight
status of children. The proportion of children classified with obesity generally increased with higher
PGS at each time point. Differences in obesity proportion between youth at the lowest and highest
child-derived genetic risk remained stable (i.e., from 9.2% to 13.6%) over the age range. In contrast,
that difference markedly increased for ages 8-13 years (15.4%-18.2%) for the genetic risk derived from
the adult PGS, in comparison with BMI measurements collected at an earlier age (i.e., 4 and 6 years:
6.8%-9.7%). Similar to results observed for mean BMI z-scores, the adult-based score seems to get

better at identifying children at higher risk of obesity with age.

Association with obesity

Figure 4-4 shows the odds ratio of obesity for PGS derived from adults and children GWASs.
Considering all observations in a generalized mixed model, the odds of obesity increased by a 2.45-fold
(95% ClI:1.45, 4.15) for every standardized unit increase in the adult PGS, compared to a 1.88-fold
increase (95% CI:1.16, 3.03) for the PGS derived from GWAS conducted in children and adolescent
samples. We observed that from 4 to 7 years of age, odds ratios were numerically higher for the child
PGS, whereas the inverse was observed from 8 to 13 years of age. The highest ORs were observed at 7
years for the child-based PGS (B: 2.33, 95% CI:1.67, 3.31), and at 8 years for the adult-based PGS (j:
2.54,95% CI:1.89, 3.49). Assessing the accuracy of each score to identify obesity, the AUC and the
accuracy of probabilistic predictions measured by the Brier score were similar across time points for
the child (AUC:0.62-0.72, Brier:0.05-0.12) and adult PGS (AUC:0.65-0.74, Brier:0.5-0.12). Complete
numerical results for logistic regression models are available in Supplementary Table 4-3, and

Receiver-operator curves and calibration plots are available in Supplementary Figures 4-1 and 4-2.

Additional analyses showed that adjusting for sociodemographic factors did not affect the conclusions
gathered from the associations between genetic scores and BMI z-scores or obesity risk throughout
childhood (Supplementary Figures 4-3 and 4-4). The proportion of BMI z-score variance explained by
the linear models increased slightly (1.2 to 3.3% increase). Similarly, the AUC increased for obesity
risk models (0.03 to 0.10 increase). Furthermore, including an interaction term between each of the
PGSs and sex into the previously described models showed that the linear effect of the adult PGS on

BMI z-scores was significantly stronger in males compared to females at all time points except ages 4
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and 12. The stronger adult PGS effect associated with being male was constant across time points,
ranging from an additional 0.17 to 0.20 standardized units of BMI z-scores (Supplementary Table 4-4).
Considering the higher proportion of girls at latter time points due to attrition this could impact prior
results. Since the impact of the adult-based PGS on BMI z-scores is lower in girls, differences in BMI
z-scores between quintiles and effect estimates for the association between the adult-based PGS and
BMI z-scores could be underestimated in older children (more conservative estimates). Effect
modification by sex on the linear effect of the adult PGS did not generalize to obesity (Supplementary
Table 4-5).

Discussion

This study aimed to compare two BMI-PGSs derived from adult and child GWAS summary statistics
in a longitudinal cohort of children. Previous evidence suggests that due to a larger sample size, BMI-
PGS derived from studies on adult populations may be better suited to identify children at the higher
end of BMI distribution [18]. Our results mostly agree with prior documentation, as the adult-based
PGS displays a stronger association across most analyses, although the child-based PGS still showed
promising results, especially when it comes to identifying younger children at risk of obesity. More
specifically, the PGS derived from summary statistics from adults’ linear association with BMI z-score
was numerically higher than that of a PGS derived from children summary statistics across all time
points, and from 8 years of age onward it captured higher discrepancies in mean BMI z-scores and in
the proportion of obesity between high and low genetic risk groups, and it showed a stronger ability to
identify obesity. Nonetheless, the closeness in the associations with BMI and risk of obesity displayed
by both scores indicates they should be valid to use in various circumstances. For instance, the PGSs
can be used as instrument variables to represent genetic susceptibility to obesity in Mendelian
randomization studies, or etiological analyses assessing the intricacies of the development of obesity in
the presence of genetic determinants. These findings are essential because BMI-PGSs are rarely applied
in childhood or adolescence. Only a handful of other studies have explored how adult- and child-based
PGSs compare, and we showed that a child-based PGS could outperform an adult-based PGS in

specific circumstances.
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First, only a few studies have examined the associations of PGSs with BMI across childhood and
adolescence. Our PGS based on adult summary statistics compares favourably with two previously
published PGSs [6, 7] that also used adult summary statistics. A score of 2321 variants explained 4.7%
of the variance in BMI in 3414 11-year-old children [6], compared with 8.8% from our adult-based
PGS. Similarly, a score including 941 variants explained 6.5% of the variance in BMI in 1289
individuals of 11 to 22 years of age [7], compared with 8.8-10.4% from 10 to 13 years of age for our
adult-based PGS. Another study had access to BMI measured longitudinally in children and
adolescents [8]. Considering all repeated measurements, the proportion of variance explained by our
adult-based PGS (7.2%) was at the low end of what was observed for the score used in Hiils et al.
(11%), which comprised over 2.1 million variants in 3098 children aged 2 to 16 years [8]. A possible
explanation is the maximum age in Hiils et al. being higher than that of our study, where the adult-

based PGS explained a higher proportion of the variance in BMI at older ages.

Moreover, the ability of both our scores to classify obesity aligns with previous research. We observed
an area under the curve ranging from 0.65 to 0.74 and 0.62 to 0.72 for the PGS derived from adult and
child summary statistics, respectively. This implies that, at most, the probability that someone with an
obesity phenotype presents a higher score than someone without obesity is 0.74 for the adult-based
PGS. This accuracy is at the high end of what was observed using the PGS in Hiils et al., with an AUC
of 0.64 in adults from the UK Biobank [32]. One of the potential uses of PGSs in a clinical setting is to
help identify individuals at higher risk of developing obesity. This information can have benefits for
both individuals that have not yet developed obesity and those who have already developed obesity. A
recent review [33] of the utility of PGS in relation to obesity highlights the potential benefit of
implementing preventive measures early in life for those at higher risk of developing obesity, and to
inform treatment practices, such as the introduction of pharmacological treatment in those at higher risk

of persisting obesity.

However, the current clinical utility of genetic scores for population screening and individual risk
prediction is lacklustre for complex diseases. A recent study [34] assessing 926 scores for 310 diseases
observed a 5% false positive rate median of only 11% over all the scores. Considering that to obtain a
5% false positive rate of 80% it would require observing an area under the curve of 0.96 [34], the lack
of utility in population screening applies to the use of PGS in the context of obesity as well. The current
classification ability of PGSs for obesity (including in the present study) is still not high enough to be

effectively employed for population screening. Other suggested clinical uses for PGS have been
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discussed, such as encouraging patients to start an intervention plan [35]. However, it remains unclear
whether delivering genetic risk information to individuals might produce effective behavioural change.
In some cases, there is concern that genetic risk information may even lower motivation and provoke
anxiety [36]. Additionally, there are concerns about furthering health disparities since most of the PGS
predicting BMI have been constructed using GWAS summary statistics from samples of European
ancestry [33]. Still, considering the high involvement of environmental factors in the etiology of

obesity, incorporating non-genetic factors may improve the clinical utility of PGS for obesity [32].

Only a handful of studies compared the use of PGSs derived from adult versus child populations
concerning their association with BMI during childhood. We observed similar results to those obtained
in a previous study that compared BMI z-score trends in children based on PGS using both adult and
children summary statistics [18]. In both our research and the study by Helgeland et al., the child-based
PGS showed similar patterns in BMI z-scores depending on PGS risk compared with the adult-based
PGS, albeit with a lower proportion of variance explained and lower differences in mean BMI z-score
between the extremes of genetic risk. In Helgeland et al., the difference in BMI z-score between the
lowest and highest decile of the PGS started growing rapidly from the ages of 3 to 8. In contrast, this
difference was more pronounced beginning at 8 years of age in our study. This suggests that genetic
variants characterizing adult obesity are already present in early life. This is supported by the
observation that out of 20 variants (or their proxy variants) that were significantly associated with BMI
in the child GWAS [11] used for our child-derived PGS, 18 were also significantly associated with
BMI in the comparative adult GWAS [5]. This also aligns with results obtained from the Avon
Longitudinal Study of Parents and Children, where the discrepancies in BMI and BMI z-score between
the lowest and highest decile of an adult-derived PGS comprised of 2.1 million variants grew over time

from birth to 18 years of age [10].

Another study [37] comparing PGSs derived from adult and child summary statistics in the context of
obesity found that the proportion of variance of BMI explained by a child-based PGS was higher than
that of the adult-based PGS between 12 and 24 years of age. This difference in results relative to our
study could be explained by the fact that the child-based PGS used in that study was constructed using
recall data from adult participants about their height and weight in childhood and early adulthood [38],
a method prone to misclassification bias. Since this information bias is unlikely to be related to an
individual’s genetic profile, this likely results in reduced differences between exposures and thus

attenuation of the associations found. However, the long recall period makes it difficult to infer the
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direction of bias. Another possible explanation is that the child PGS captures more genetic variation
specific to childhood weight regulation. Although computed using a high sample size (n=453 169),
both scores underperformed compared with the PGS calculated by Khera et al. [10]. The fact that the
effect of the child-based PGS on BMI is somewhat constant throughout life, contrary to the adult-based
PGS, which increased with time, further suggests that a child-based PGS could have a stronger
association with BMI than an adult-based PGS in early life, given an equal sample size to compute the
scores. Indeed, adult GWAS for BMI have significantly higher sample size compared to child GWAS.
Generally, a higher GWAS sample size increases the power to identify variants associated with BMI
[39], which leads to better accuracy of the resulting PGS [40]. BMI GWAS using adult data are getting
close to the theoretical upper bound of proportion of variance explained by common genetic variants
[33]. It remains unclear if a higher populated child GWAS could produce PGSs surpassing the
predictive ability of adult-derived PGSs in childhood.

We found that the association between the adult-based PGS and BMI z-score was stronger in males
than in females in childhood. In addition to the presence of a different array of genetic variants
affecting weight in females and males, differences between sexes in adipose tissue distribution, or in
gonadal hormone pathways [41], especially in childhood and adolescence, may present a possible
explanation. Our observation contradicts the results of an earlier study. A PGS comprising 97 variants
was found to have a stronger effect on BMI and BMI change in females vs. males in early adulthood
(18 to 45 years of age) [42]. A possible explanation is the different age ranges studied, which could
involve other biological mechanisms. However, it is worth noting that this observation stems from a
secondary analysis with a relatively small sample size that may lead to false positives. Rather, our

results should be used as a hypothesis for larger studies that could replicate this finding.

The primary strength of this study is the availability of longitudinal anthropometric data. Since
childhood is an important time in the genetic architecture of obesity, the possibility to examine multiple
time points helps to better characterize how the relationship between genetic risk and BMI changes
with age. Also, in QLSCD, the height and weight data collected were directly measured with the
participants. Parent-reported anthropometric measures of children are known to cause bias due to
underestimation of weight and overestimation of height [43]. Directly measuring this information helps
avoid possible information bias. Another strength of the study is using PRS-CS to construct both PGSs.
The method, which considers information on all the available variants, is known to outperform

thresholding and pruning methods using only a fraction of them.
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The study also had a few limitations. First, we used BMI as a measure of adiposity. BMI can be used to
measure overall levels of body fat but is limited when it comes to adequately representing the location
of excess adiposity and does not distinguish between lean and fat mass. While we acknowledge the use
of BMI may obscure the relationship between a PGS and adiposity, this measure is the most widely
used in GWASs and PGS studies of adiposity traits and is strongly associated with adverse health
consequences due to excess weight. Second, differences between study participants and total QLSCD
participants may induce a selection bias. Characteristics related to both genetic risk and BMI may
influence exclusion from the study, either by loss of follow-up or by unavailable genetic information.
Third, the genotyping array (PsychArray-24) was created to study psychiatric genetic susceptibility by
containing markers (~50,000) specifically associated with psychiatric disorders. Although the number
of variants contained in an array or the genome-wide coverage does not typically influence imputation
quality (especially for common variants of minor allele frequency > 5%), an uneven spread of the
variants may diminish imputation results [44]. However, the PsychArray-24 also contains 271,000
markers from the Core array which has shown to have a coverage of variants present in the GWAS
Catalog after imputation similar to that of other comparable arrays [44]. Nonetheless, it is possible we
have missed known variants associated with BMI variation by using a psychiatric specific array.
Fourth, our study was conducted in a sample of French-Canadians, a population of European ancestry,

which limits the generalizability of our results to populations of other ancestry.

Our investigation indicates that BMI-PGS derived from both adult and child GWAS summary statistics
show strong associations with BMI and obesity over 4-13 years of age. The adult-based PGS was
superior at predicting continuous BMI over the age range. A shift was observed around 8 years of age.
Before that point, the child-based PGS was able to better predict obesity risk, whereas starting at 8
years the adult-based PGS displayed better prediction ability. This suggests that the mechanisms
underlying genetic propensity for obesity in adulthood already emerge in early childhood. Still, the
ability of the child-based PGS to identify children at elevated risk of obesity, in low-age groups

especially, suggests it should be readily applied in investigations regarding younger children.
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Table 4-1. Characteristics of participants (n=717)

Characteristic

Sex, female

Birth weight, g

Preterm birth

First child

Maternal age at birth
<20 years

20-34 years

> 35 years

Maternal education

< Secondary school diploma
Secondary school diploma
Post-sec. except university
University diploma
Household income

<30 000$

30 000 — <60 000$

60 000 — <80 000$

>80 000$

Born in Canada

% (n) or mean = SD
55.2 (396)

3418.1 £487.9

4.9 (35)

41.6 (298)

2.0 (14)
84.0 (602)
14.1 (101)

15.9 (114)
24.1 (173)
29.4 (211)
30.5 (219)

25.0 (178)
41.2 (293)
17.2 (122)
16.6 (118)
97.8 (701)

Danick Goulet

Baseline characteristics of study participants. N: sample size, SD: standard deviation.
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PGS Beta (95% ClI) N R2
4 years :
Adult PGS 0.24 (0.15 to 0.33) E —— 646  3.9%
Child PGS 0.23 (0.14 to0 0.32) : —— 646  3.5%
6 years E
Adult PGS 0.28 (0.19 to 0.37) E — 566  6.2%
Child PGS 0.21(0.12 to 0.30) : p——i 566  3.5%
7 years i
Adult PGS 0.36 (0.28 to 0.44) | —+— 686 9.6%
Child PGS 0.30 (0.22 to 0.39) E —— 686 6.9%
8 years E
Adult PGS 0.37 (0.28 to 0.46) | —— 644 8.8%
Child PGS  0.29 (0.20 to 0.38) E —— 644 5.6%
10 years i
Adult PGS 0.34 (0.26 to 0.42) : s 694 8.8%
Child PGS 0.24 (0.16 to 0.32) i —— 694 4.3%
12 years :
Adult PGS 0.39 (0.30 to 0.47) E —+— 679 10.4%
Child PGS 0.26 (0.17 to 0.35) E —— 679 4.6%
13 years i
Adult PGS  0.37 (0.29 to 0.46) i ——i 629 10.1%
Child PGS 0.27 (0.18 to 0.36) : e 629 5.2%
Overall E
Adult PGS 0.32(0.25t0 0.39) E —— 4544 7.2%
Child PGS 0.25(0.18 to 0.32) : —— 4544 5.4%
(I] 0{2 0?4

Figure 4-1. Linear association between PGS and BMI z-scores, 4 to 13 years old. Beta + 95% CI. N:

sample size, R2: coefficient of determination, PGS: polygenic score, BMI: body mass index.
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Figure 4-2. Mean BMI z-scores per PGS quintile at (A) 4 years, (B) 6 years, (C) 7 years, (D) 8 years,

6 years
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Mean BMI z-score

Mean BMI z-score

1 2 4 5

3
PGS quintile
8 years
1 2 3 2 5
PGS quintile
12 years
1 2 3 4 5
PGS quintile
PGS -+ Adult PGS Child PGS

(E) 10 years, (F) 12 years, and (G) 13 years. PGS: polygenic score, BMI: body mass index.
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Figure 4-3. Proportion of obesity per PGS quintile at (A) 4 years, (B) 6 years, (C) 7 years, (D) 8 years,
(E) 10 years, (F) 12 years, and (G) 13 years. PGS: polygenic score.
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PGS OR (95% ClI) N AUC Brier
4 years l

Adult PGS 1.74 (1.27 to 2.39) i ——d 646 0.65 0.061

Child PGS 1.75(1.28 to0 2.43) | —— 646 0.66 0.061
6 years i

Adult PGS 1.71 (1.18 to 2.51) i — 566 0.65 0.053

Child PGS 1.78(1.24t0260) | +—+— 566 0.66 0.052
7 years i

Adult PGS 2.06(149t02.88) | +—+—ri 686 0.69 0.056

Child PGS 2.33 (1.67 to 3.31) i 686 0.72 0.055
8 years i

Adult PGS 254 (1.89to 3.49) , — 644 0.74 0.077

Child PGS  1.79 (1.36 to 2.39) i —— 644 0.66 0.080
10 years i

Adult PGS 1.95(1.53t02.49) | 694 0.67 0.103

Child PGS  1.56 (1.24 to 1.98) i ——t 694 0.62 0.106
12 years :

Adult PGS 1.78 (1.41 to 2.26) i —— 679 0.66 0.111

Child PGS 1.57 (1.25to 1.98) i i 679 063 0.113
13 years :

Adult PGS 1.82(1.43 to 2.33) i —— 629 0.67 0.115

Child PGS  1.58 (1.25 to 2.01) i —— 629 0.63 0.115
Overall :

Adult PGS 2.45(1.45t04.15) i 4544 - 0.03

Child PGS 1.88 (1.16 t0 3.03) | .- 4544 - 0.03

12 4

OR

Figure 4-4. Obesity odds ratio for adult and child PGS, 4 to 13 years old. N: sample size, AUC: area
under the receiver operator curve, Brier: Brier score, PGS: polygenic score, BMI: body mass

index.

76



Genetics of obesity risk and dietary habits

Supplementary materials

## Supplementary Tables ##

Danick Goulet

Supplementary Table 4-1. Characteristics of participants, included vs. excluded.

Characteristic

% (n) or mean = SD

Sex, female

Birth weight, g

Preterm birth

First child

Maternal age at birth
<20 years

20-34 years

> 35 years

Maternal education

< Secondary school diploma
Secondary school diploma
Post-sec. except university
University diploma
Household income

<30 000%

30 000 — <60 000$

60 000 — <80 000$

>80 000$

Born in Canada

Included
N=717
55.2 (396)
3.42+0.49
4.9 (35)
41.6 (298)

2.0 (14)
84.0 (602)
14.1 (101)

15.9 (114)
24.1 (173)
29.4 (211)
30.5 (219)

25.0 (178)
41.2 (293)
17.2 (122)
16.6 (118)
97.8 (701)

Excluded
N=1403
45.9 (644)
3.40+0.50
4.6 (64)
45.5 (638)

3.2 (45)
83.7 (1173)
13.1 (184)

19.4 (271)
27.3 (382)
28.6 (400)
24.8 (347)

32.4 (444)
40.1 (550)
15.0 (205)
12.5 (172)

83.1 (1164)

p-value
<0.001
0.348
0.825

0.095
0.220

0.012

0.001

<0.001

N: sample size, SD: standard deviation. Statistical differences between included and excluded participants
assessed with Chi-square test for proportions, and one-way ANOVA for normally distributed variables.
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Supplementary Table 4-2. PGS association with BMI z-score by age.

Model

4 years
Adult PGS
Child PGS
6 years
Adult PGS
Child PGS
7 years
Adult PGS
Child PGS
8 years
Adult PGS
Child PGS
10 years
Adult PGS
Child PGS
12 years
Adult PGS
Child PGS
13 years
Adult PGS
Child PGS
Overall
Adult PGS
Child PGS

Beta (95% CI)
N=646
0.24 (0.15, 0.33)
0.23 (0.14, 0.32)
N=566
0.28 (0.19, 0.37)
0.21 (0.12, 0.30)
N=686
0.36 (0.28, 0.44)
0.30 (0.22, 0.39)
N=644
0.37 (0.28, 0.46)
0.29 (0.20, 0.38)
N=694
0.34 (0.26, 0.42)
0.24 (0.16, 0.32)
N=679
0.39 (0.30, 0.47)
0.26 (0.17, 0.35)
N=629
0.37 (0.29, 0.46)
0.27 (0.18, 0.36)

N=4544 observations

0.32 (0.25, 0.39)
0.25 (0.18, 0.32)

p-value

<0.001
<0.001

<0.001
<0.001

<0.001
<0.001

<0.001
<0.001

<0.001
<0.001

<0.001
<0.001

<0.001
<0.001

<0.001
<0.001

R2

0.039
0.035

0.062
0.035

0.096
0.069

0.088
0.056

0.088
0.043

0.104
0.046

0.101
0.052

0.072
0.054

Danick Goulet

Cor

0.20
0.19

0.25
0.19

0.31
0.27

0.30
0.24

0.30
0.21

0.32
0.22

0.32
0.23

R?, adjusted proportion of BMI z-score variance explained by the PGS; Cor, Pearson’s correlation between BMI

z-score predicted by the model and observed values; N, sample size at specific time point. From 4 to 13 years
old, estimated effect of the increase of 1 standard deviation of PGS on BMI z-score with 95% CI using simple

linear regression. For overall model, linear mixed model is used to account for all repeated observations.
Correlation is not reported for linear mixed model because clustering by participant resulted in near 1.0

correlation.
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Supplementary Table 4-3. Obesity prediction for PGS, by age.

Model

4 years
Adult PGS
Child PGS
6 years
Adult PGS
Child PGS
7 years
Adult PGS
Child PGS
8 years
Adult PGS
Child PGS
10 years
Adult PGS
Child PGS
12 years
Adult PGS
Child PGS
13 years
Adult PGS
Child PGS
Overall
Adult PGS
Child PGS

OR (95% CI)
N=646
1.74 (1.27, 2.39)
1.75 (1.28, 2.43)
N=566
1.71 (1.18, 2.51)
1.78 (1.24, 2.60)
N=686
2.06 (1.49, 2.88)
2.33 (1.67,3.31)
N=644
2.54 (1.89, 3.49)
1.79 (1.36, 2.39)
N=694
1.95 (1.53, 2.49)
1.56 (1.24, 1.98)
N=679
1.78 (1.341, 2.26)
1.57 (1.25, 1.98)
N=629
1.82 (1.43, 2.33)
1.58 (1.25, 2.01)

N=4544 observations

2.45 (1.45,4.15)
1.88 (1.16, 3.03)

p-value

<0.001
<0.001

0.005
0.002

<0.001
<0.001

<0.001
<0.001

<0.001
<0.001

<0.001
<0.001

<0.001
<0.001

<0.001
0.010

R2

0.038
0.039

0.033
0.040

0.061
0.082

0.104
0.044

0.059
0.028

0.046
0.028

0.049
0.030

0.031
0.022

Danick Goulet

AUC

0.65
0.66

0.65
0.66

0.69
0.72

0.74
0.66

0.67
0.62

0.66
0.63

0.67
0.63

R?, pseudo R? for the PGS variable; AUC, area under the receiver operator curve; N, sample size at specific time

point. From 4 to 13 years old, estimated odds ratio of obesity for the increase in 1 standard deviation in PGS

with 95% CI using logistic regression. For overall model, generalized linear mixed model is used to account for
all repeated observations. AUC is not reported for generalized linear mixed model because clustering by

participant resulted in near 1.0 AUC.
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Supplementary Table 4-4. PGS association with BMI z-score by age, stratified by sex.

Model

4 years
Adult PGS
Child PGS
6 years
Adult PGS
Child PGS
7 years
Adult PGS
Child PGS
8 years
Adult PGS
Child PGS
10 years
Adult PGS
Child PGS
12 years
Adult PGS
Child PGS
13 years
Adult PGS
Child PGS
Overall
Adult PGS
Child PGS

Female
Beta (95% CI)
N=358
0.16 (0.04, 0.28)
0.18 (0.06, 0.30)
N=320
0.19 (0.07,0.31)
0.16 (0.04, 0.27)
N=381
0.28 (0.17, 0.39)
0.26 (0.15, 0.37)
N=352
0.29 (0.17, 0.40)
0.24 (0.12, 0.37)
N=384
0.26 (0.15, 0.37)
0.23 (0.11, 0.34)
N=377
0.31 (0.20, 0.42)
0.23 (0.11, 0.45)
N=358
0.29 (0.17, 0.40)
0.22 (0.10, 0.34)
N=2533
0.23 (0.14, 0.32)
0.21 (0.11, 0.30)

p-value

0.011
0.004

0.002
0.004

<0.001
<0.001

<0.001
<0.001

<0.001
<0.001

<0.001
<0.001

<0.001
<0.001

<0.001
<0.001

Male
Beta (95% CI)
N=288
0.33 (0.16, 0.46)
0.30 (0.16, 0.43)
N=246
0.39 (0.19, 0.46)
0.26 (0.13, 0.40)
N=305
0.46 (0.33, 0.58)
0.36 (0.24, 0.49)
N=292
0.48 (0.34, 0.62)
0.35(0.22, 0.49)
N=310
0.44 (0.32, 0.56)
0.25(0.12, 0.37)
N=302
0.48 (0.35, 0.61)
0.29 (0.16, 0.42)
N=271
0.49 (0.35, 0.62)
0.32 (0.19, 0.45)
N=2014
0.43 (0.33, 0.53)
0.31(0.21, 0.41)

p-value

<0.001
<0.001

<0.001
<0.001

<0.001
<0.001

<0.001
<0.001

<0.001
<0.001

<0.001
<0.001

<0.001
<0.001

<0.001
<0.001

P PGS x Sex

0.065
0.210

0.027
0.232

0.036
0.230

0.038
0.235

0.031
0.828

0.052
0.491

0.026
0.273

0.005
0.132

P PGS x Sex, p-value for the interaction term between PGS and sex; N, sample size at specific time point. From
4 to 13 years old, estimated marginal effect of the increase of 1 standard deviation of PGS on BMI z-score with
95% CI using simple linear regression. For overall model, linear mixed model is used to account for all repeated

observations.
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Supplementary Table 4-5. Obesity odds ratio by age, stratified by sex.

Model

4 years
Adult PGS
Child PGS
6 years
Adult PGS
Child PGS
7 years
Adult PGS
Child PGS
8 years
Adult PGS
Child PGS
10 years
Adult PGS
Child PGS
12 years
Adult PGS
Child PGS
13 years
Adult PGS
Child PGS
Overall
Adult PGS
Child PGS

Female
OR (95% CI)
N=358
1.33 (0.86, 2.06)
1.76 (1.12, 2.80)
N=320
1.43 (0.84, 2.44)
1.60 (0.94, 2.75)
N=381
2.02 (1.32,3.13)
2.80 (1.76, 4.64)
N=352
2.59 (1.72, 4.05)
2.26 (1.49, 3.56)
N=384
1.86 (1.32, 2.67)
1.68 (1.18, 2.44)
N=377
1.85 (1.31, 2.66)
1.72 (1.20, 2.51)
N=358
2.01 (1.38,2.97)
1.59 (1.09, 2.35)
N=2533
2.13 (1.08, 4.18)
1.82 (0.93, 3.58)

p-value

0.201
0.016

0.184
0.085

0.001
<0.001

<0.001
<0.001

<0.001
0.005

<0.001
0.004

<0.001
0.017

0.029
0.0823

Male
OR (95% CI)

N=288

2.37 (1.48, 3.97)

1.79 (1.14, 2.87)
N=246

2.03 (1.19, 3.62)

2.05 (1.22, 3.55)
N=305

2.11 (1.28, 3.62)

2.05 (1.26, 3.48)
N=292

2.61 (1.69, 4.22)

1.50 (1.03, 2.22)
N=310

2.09 (1.49, 3.01)

1.46 (1.08, 2.01)
N=302

1.75 (1.28, 2.45)

1.48 (1.10, 2.01)
N=271

1.75 (1.27, 2.46)

1.60 (1.18, 2.20)
N=2014

3.39 (1.50, 7.67)

2.10 (1.06, 4.18)

p-value

<0.001
0.014

0.012
0.008

0.005
0.005

<0.001
0.036

<0.001
0.017

<0.001
0.011

<0.001
0.003

<0.001
<0.001

Danick Goulet

P PGS x Sex

0.085
0.959

0.371
0.516

0.893
0.385

0.979
0.163

0.648
0.560

0.821
0.525

0.590
0.987

0.386
0.769

P PGS x Sex, p-value for the interaction term between PGS and sex; N, sample size at specific time point. From

4 to 13 years old, estimated marginal odds ratio of obesity for the increase in 1 standard deviation in PGS with
95% CI using logistic regression. For overall model, generalized linear mixed model is used to account for all

repeated observations.
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## Supplementary Figures ##
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Supplementary Figure 4-1. AUC plot, logistic regression, QLSCD 4-13 years.
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Supplementary Figure 4-2. Calibration plot, logistic regression, QLSCD 4-13 years.
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PGS
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0.23 (0.14 to 0.32)
0.22 (0.13 to 0.32)

0.28 (0.19 to 0.37)
0.19 (0.10 to 0.28)

0.37 (0.28 to 0.45)
0.30 (0.22 to 0.38)

0.37 (0.28 to 0.46)
0.29 (0.20 to 0.38)

0.33 (0.25 to 0.42)
0.22 (0.14 to 0.31)

0.38 (0.29 to 0.47)
0.24 (0.15 to 0.33)

0.37 (0.28 to 0.45)
0.25 (0.16 to 0.34)

0.32 (0.25 to 0.38)
0.24 (0.17 to 0.31)

o

]

Fo—

|
|
|
|
|
|
|
1
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
1
|
|
|
|
|
|
|
0

| |
0.2 0.4

636
636

560
560

676
676

634
634

683
683

669
669

620
620

4478
4478

R2

7.0%
6.8%

8.2%
4.7%

12.1%
9.1%

10.4%
7.3%

10.9%
6.4%

11.8%
6.1%

11.8%
6.9%

9.0%
7.2%

Danick Goulet

Supplementary Figure 4-3. Linear association between PGS and BMI z-scores adjusted for

covariates, 4 to 13 years old. Beta £ 95% CI. N: sample size, R2: coefficient of determination, PGS:

polygenic score, BMI: body mass index.
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PGS OR (95% CI) N AUC Brier
4 years :

Adult PGS 1.63 (1.18 t0 2.28) i —— 636 0.75 0.060

Child PGS 1.65(1.19t02.32) | +——+—i 636 0.74 0.059
6 years i

Adult PGS  1.62 (1.11 to 2.38) i —— 560 0.69 0.052

Child PGS 1.71 (1.17t02.53) | ——— 560 0.71 0.052
7 years i

Adult PGS 2.08 (1.48 to 2.96) i — 676 0.72 0.056

Child PGS 2.39 (1.69 to 3.45) | 676 0.75 0.055
8 years i

Adult PGS 2.67 (1.93t0 3.76) | - 634 0.77 0.076

Child PGS 1.79(1.351t02.42) i * 1 634 0.71  0.079
10 years i

Adult PGS 198 (1.54t02.59) | +—+—— 683 0.72 0.100

Child PGS 1.52 (1.20 to 1.94) i —— 683 0.69 0.103
12 years :

Adult PGS 1.76 (1.38 to 2.27) i —— 669 0.71 0.109

Child PGS 1.52 (1.20 to 1.93) i -~ 669 0.70 0.1M1
13 years :

Adult PGS  1.82 (1.41 to 2.38) i i 620 0.74 0.1

Child PGS 1.52 (1.20 to 1.95) i ——t 620 0.71 0.1
Overall :

Adult PGS 2.67 (1.57 to 4.54) i 4478 - 0.03

Child PGS 1.94 (1.19t0 3.15) | - 4478 - 0.03

o2 3 4
OR

Supplementary Figure 4-4. Obesity odds ratio for adult and child PGS adjusted for covariates, 4 to 13
years old. N: sample size, AUC: area under the receiver operator curve, Brier: Brier score, PGS:

polygenic score, BMI: body mass index.
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## Supplementary Texts ##

Supplementary Text 4-1. R script for principal components adjusted scores.
require("broom") # tidy regression output

require("mosaic") # standardizing variables

load(file="BMI Yengo Vogel scores and BMI")
load(file="PCA717.Rdata")

PCA717 <-PCAT17[, 1:11]
dataPRS <- merge(dataPRS, PCA717, by="1ID")

# Adult score
Yengo=Im(PRS Yengo~PC1+PC2+PC3+PC4+PC5+PC6+PC7+PC8+PC9+PC10,data=dataPRS)

dataPRS$Adultpred=predict(Yengo,dataPRS)
dataPRS$PRS Yengo adj = dataPRS$PRS_Yengo-dataPRS$Adultpred
dataPRS <- dataPRS %>%

mutate(PRS_Yengo adj =scale(PRS_Yengo adj))

# Child score
Vogel=Im(PRS Vogel~PC1+PC2+PC3+PC4+PC5+PC6+PC7+PC8+PC9+PC10,data=dataPRS)

dataPRS$Childpred=predict(Vogel,dataPRS)
dataPRS$PRS Vogel adj= dataPRS$PRS Vogel-dataPRS$Childpred
dataPRS <- dataPRS %>%

mutate(PRS Vogel adj =scale(PRS Vogel adj))
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CHAPTER S - MANUSCRIPT 2

Article preface

After introducing the genetic component of obesity with PGS in the first manuscript, this second
manuscript adds a behavioural component by delving into the role of fussy eating and over-eating
behaviours expressed from 2 to 6 years in translating genetically induced differences in BMI from 6 to
13 years in the QLSCD. Incidentally, the second manuscript relates to the second objective of the
thesis: to determine the extent to which the association between adult- and child-derived PGS and BMI
is mediated through eating behavioural traits (over-eating, fussy eating) assessed in early childhood

(i.e., preschool age).

DG, LD and MB contributed to the development of the research question and the design of the study.
LD and MB were involved in the data collection from QLSCD participants. DG performed the
statistical analyses with insights and revisions from CG. DG was responsible for the first draft of the
manuscript. All authors participated in discussions concerning the development of the study and were

involved in the revisions to the manuscript and approved the submitted version.

Ethics approval (secondary analysis of QLSCD data): University of Ottawa Research Ethics board
(ethics file number: H-01-23-8018, approval date: 10/02/2023, Appendix 1).

This manuscript was published in the journal Pediatric Obesity on October 10", 2024. The following
manuscript is harmonized to this thesis format. The original published manuscript is available in

Appendix 5, alongside the proof of authorization to reuse the material in the thesis in Appendix 6. A
STROBE reporting checklist for manuscript 2 is available in Appendix 7. The article should be cited

as:

Goulet D, Boivin M, Gravel CA, Little J, Potter BK, Dubois L. Mediation of genetic susceptibility to
obesity through eating behaviours in children. Pediatric Obesity. 2024;e13180. doi:10.1111/ijpo.13180.
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Abstract

Background/Objectives: Few studies have examined the putative mediating role of eating behaviours
linking genetic susceptibility and body weight. The goal of this study was to investigate the extent to
which two polygenic scores (PGSs) for body mass index (BMI), based on child and adult data,
predicted BMI through over-eating and fussy eating across childhood.

Subjects/Methods: The study sample involved 692 participants from a birth-cohort study. Height and
weight were measured on six occasions between ages 6 and 13 years. Over-eating and fussy eating
behaviours were assessed five times between ages 2 and 6 years. Longitudinal growth curve mediation
analysis was used to estimate the contributions of the PGSs to BMI z-scores mediated by over-eating

and fussy eating.

Results: Both PGSs predicted BMI z-scores (PGSchia: f=0.26, 95% CI: 0.19-0.33; PGSaqui: f=0.34,
95% CI: 0.27-0.41). Over-eating significantly mediated these associations, but this mediation decreased
over time from 6 years (PGSchiia: 18.0%, 95% CI: 3.1-32.9, p-value=0.018; PGSaqui: 14.2%, 95% CI:
2.8-25.5, p-value=0.014) to 13 years (PGSchiia: 11.4%, 95% CI: -0.4-23.1, p-value=0.057; PGSaqu:
6.2%, 95% CI: 0.4-12.0, p-value=0.037). Fussy eating did not show any mediation.

Conclusions: Our results support the view that appetite is key to translating genetic susceptibility into

changes in body weight.
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Introduction

Since the World Health Organization declared obesity as a global epidemic in 1997 [1], the prevalence
of obesity has continued to rise worldwide. Most worrisome is the rise of obesity in childhood.
Children with overweight or obesity between the ages of 5 and 11 years accounted for more than a
quarter of Canadian children between 2012 and 2013 [2]. This is especially problematic because
childhood obesity tends to persist into adulthood. Compared to children of a healthy weight, those with
obesity are estimated to have a fivefold increase in risk of presenting with obesity in adulthood [3].

Accordingly, understanding the factors underlying obesity in childhood is a public health priority.

A substantial portion of the observed variability in individual body weight can be accounted for by
variation in genetic susceptibility to weight gain. According to twin studies, genetic factors are
responsible for 40% to 80% of the variance in body mass index (BMI) in populations of European
ancestry [4]. This strong genetic underpinning of BMI can already be observed in early childhood.
Dozens of genetic variants have been found to be associated with childhood BMI, each with small
independent contributions [5, 6]. Combining those individual genetic risks results in a significant

association with BMI in childhood [5].

According to the Behavioural susceptibility theory, the genes involved in shaping obesity phenotypes
exert their influence mainly through neurological processes regulating appetite, which are translated
through various eating behaviours [7]. This is consistent with the observation that many genetic
variants associated with BMI are involved in brain regions related to behavioural control [8]. Large-
scale genome-wide association studies (GWAS) have revealed that variants associated with BMI are
predominantly expressed in the central nervous system in regions involved in cognition and emotion
regulation (e.g. hippocampus and limbic system), and in areas responsible for appetite regulation (e.g.
hypothalamus and pituitary gland) [9, 10]. Empirical data support the view that appetite has a strong
role in obesity and that appetite is characterized by a strong genetic component as shown by restrained,
uncontrolled, and emotional eating having moderate heritability [8]. However, due to the scarcity of
genetically informed studies in childhood, there is limited empirical evidence on the possible role of

eating behaviours as mediating genetic susceptibility to weight gain.

Observational studies have leveraged genotype data to examine the degree to which eating behaviours

(e.g., satiety responsiveness, appetite, uncontrolled eating, emotional eating, susceptibility to hunger),
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usually assessed by questionnaires, mediate the association between genetic susceptibility, assessed
through polygenic scores (PGSs), and BMI in adults. For instance, uncontrolled eating and emotional
eating partly mediated the association between three different PGSs and BMI in French, UK, and
Finnish cohorts [11, 12]. Additionally, disinhibition mediated the association between a PGS and BMI
in French Canadian adults [13] and UK adults [14]. Although investigated in all three cohorts,
susceptibility to hunger was only identified as a mediator in the French Canadian study [13]. These
studies used PGSs comprising <100 variants. Additionally, another study observed that the association
between a PGS comprised of close to one million variants and BMI was mediated through infrequent

and unhealthy eating, emotional and external eating, and snacking [15].

Three studies have examined the role of behavioural traits related to appetite in the genetic
susceptibility of BMI in children. These studies used the Child Eating Behaviour Questionnaire, one of
the most commonly used questionnaires assessing behavioural traits related to appetite [7]. The
questionnaire measures eight behaviours related to appetite that can be categorized into food approach
(food responsiveness, enjoyment of food, emotional over-eating, and desire to drink) and food
avoidance (satiety responsiveness, food fussiness, emotional undereating, and slowness in eating) [16].
Satiety responsiveness was found to mediate the association between a 28 variant PGS and BMI in
2258 children from the UK (mean age = 10 years old) [17]. In contrast, satiety responsiveness did not
mediate the effect of the 32 variant PGS on BMI in younger (4 to 8-year-old) Norwegian children [18].
Food responsiveness, emotional over-eating, enjoyment of food and slowness in eating were also not
found to be mediators in the Norwegian study [18]. In the third study, high appetite at two years
mediated the association between a 16 variant PGS and BMI in French Canadian children aged 2 to 5
years, where the proportion mediated decreased from 47% at two years to 24% at five years [19]. These
studies have the same limitations as the mediation analyses performed on adults; they were mostly
cross-sectional and used PGS comprising a small number of variants. Cross-sectional designs are
problematic in mediation analyses. Ideally, these mediation studies should be longitudinal to ensure the
observed eating behaviours precede changes in body weight. More recent pan-genomic approaches to
the construction of PGS include hundreds of thousands of variants yielding stronger BMI prediction

[20].

In summary, previous studies suggest that eating behaviours could play a role in translating genetic
susceptibility to higher BMI, but the evidence should be improved by examining this mediation 1) in

childhood and adolescence for which the evidence is scarce and mixed, 2) using more recent and state-
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of-the-art PGS that include a large number of variants to improve prediction, and 3) through
longitudinal designs to assess the directionality of associations. Moreover, the bulk of evidence has
been based on PGSs derived from adult anthropometric data, rather than data from children.
Considering the genetic susceptibility to body weight variation changes throughout life [8], the identity
and effect of specific genetic variants may also vary over the life course. Using PGSs derived from
both adults and children is likely to yield more insights than using a single score. Therefore, the goal of
the present study was to examine (1) the prediction of school-aged child BMI by two BMI-PGSs,
respectively derived from child and adult GWAS summary statistics, and (2) the extent to which this
prediction is mediated through eating behavioural traits (over-eating, fussy eating) assessed in early

childhood (i.e., preschool age).

Methods

Study design and participants

We used data from the Quebec Longitudinal Study of Child Development (QLSCD), a longitudinal
birth-cohort study from Quebec, Canada. The study recruited 2120 children born in 1997-1998 by a
region-based stratified random selection from the Master birth register to ensure the sample was
representative of the province's birth population. The children and their families were assessed annually
or biannually starting at 5 months, and follow-up is ongoing. A variety of information was gathered on
the children (e.g., behaviour, mental/physical health, diet, height, and weight assessments) and their
families using questionnaires and interviews with the parents, teachers, and children themselves, as
well as through direct assessments. More comprehensive details about the QLSCD, including exclusion
criteria, attrition at each data collection, main findings, or a more exhaustive look at the data gathered,
are available in a published cohort profile [21]. Biological samples were collected from a subset of
QLSCD participants when the children were 10 years of age, and DNA was extracted. These DNA
samples were later genotyped using the [llumina Infinium PsychArray-24 (see below). The present
study included extensive BMI and eating behaviour assessments which were collected during follow-
up. Informed consent was obtained from the parents at each step of the data collection until age 10,
along with the children’s permission. Starting at age 10, informed consent was obtained directly from

the participants.
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Anthropometric measures

Height and weight data were longitudinally collected through different means depending on the wave
of data collection. Anthropometric data was reported by the parent, directly measured, or reported by
the participant. In this study, we focus on the data measured directly. Specifically, trained research
assistants measured height and weight on six occasions when participants were aged 6, 7, 8, 10, 12, and
13 years, following a standardized protocol, with the use of a measuring tape, ruler and scale. Two to
three assessments were performed, and an average of the two closest values was computed as the final
measure. BMI z-scores were then calculated using the World Health Organization Growth reference
data [22], which considers both the sex and age of children using the R package “childsds” [23].
Considering the low prevalence of obesity in our sample, we decided against separating our sample in

weight categories and proceeded with the BMI z-score variable as the outcome of interest.
Eating behaviours

Two eating behaviour scores (fussy eating and over-eating) were considered as the putative mediators.
The scores were based on five eating behavioural traits assessed five times from age 2 to 6 years. The
individual items were translated to French from those used in the Avon Longitudinal Study of Parents
and Children [24]. Questions were modified when necessary based on recommendations from an
expert advisory group and a pretest conducted in a sample of parents that were not part of the QLSCD
[25]. For more details, see a previous publication using eating behaviour data from the QLSCD [26],

and the QLSCD website (www.]jesuisjeserai.stat.gouv.qc.ca). The most knowledgeable person about

the child (the mother in most cases) answered items including (1) When [name of the child] is at home
with you for the main meal of the day, how often does [name of the child] (1) eat different meals... (2)
...is [name of the child] fussy about food? (3) ...refuse to eat? (4) ... over-eat? (5) ...eat too fast?
Answers were graded on a 4-point Likert scale from: "Almost never (1) to “Always (4)", for the first
question, and "Never (1 point), Rarely (2 points), Sometimes (3 points), Often (4 points)" for the last
four questions. The sum of “eating different meals”, “fussy about food”, and “refusing to eat” was
calculated at each time point for the “fussy eating” score, and the sum of “the items “over-eating” and
“eating too fast” was used to compute the “over-eating” score. The final two scores were obtained by
averaging the sum at each time point with complete data per behaviour available per participant to
obtain a mean score between 2 and 6 years. The internal consistency of the eating behaviour scores was

satisfactory, with Cronbach’s alpha of 0.82 for fussy eating and 0.74 for overeating.
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Genotyping and polygenic score construction

DNA collection was proposed to a subsample of 1334 QLSCD participants remaining in the study at
the 10-year-old data collection timepoint. A total of 992 participants agreed to DNA sampling and
genotyping, which was performed using the Illumina Infinium PsychArray-24. Quality control of
genetic data was performed as described in an earlier publication [27]. Variants with minor allele
frequency below 0.01 and genotyping rate below 0.98 were excluded. Individuals with a call rate below
0.95 and those flagged for sex mismatch were excluded. Additional checks were also implemented for
genetic duplicates, cryptic relatives, genetic outliers, and heterozygosity deviations. Variants in the
remaining individuals were then re-evaluated to exclude non-autosomal variants, those with call rates
below 98%, those with a minor allele frequency below 5% and Hardy-Weinberg Equilibrium test p-
values below 1 x 107, Imputation was performed using the 1000 genomes project reference data [28]
and programs SHAPEIT v2 (r837) [29] and impute2 [30]. Finally, additional quality control was
performed post-imputation where variants with a minor allele frequency below 1%, a Hardy-Weinberg
Equilibrium test p-values below 1 x 10, and an INFO metric below 0.8 were removed. After
completing all quality control and imputation steps, 816 participants had genetic data, including

8,465,216 variants.

The PGSs were derived from the GWAS summary statistics obtained from prior studies performed on
~700,000 adults [10] and ~60,000 children of European ancestry [5] using the PRS-CS method [20]
and the 1000 Genomes reference panel [28] as the external linkage disequilibrium reference panel. The
global shrinkage parameter was set to 0.01 since BMI is a polygenic trait. Both PGSs were then
regressed on the first 10 principal components of genetic ancestry to account for population
stratification, with the subsequent residuals used to obtain adjusted scores, following the method
described by Khera et al. [31] (R script in Supplementary Text 5-1). The final PGSs included 689,789
(child-based) and 613,732 (adult-based) individual variants. A total of 715 participants had genetic,
eating behaviour, and anthropometric data available and passed genotypic quality control processes. An
additional 23 participants did not have all covariate data available, leaving 692 participants as the
sample size for the main mediation analysis. A description of how the participants were parsed from

the initial QLSCD sample to the final study sample is available in Supplementary Figure 5-1.
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Statistical analysis

The sociodemographic characteristics and details about birth (including birth weight, presence of
preterm birth, maternal age at birth, maternal education, household income and whether the mother was
born in Canada) of study participants are presented as proportions for categorical variables, mean
(standard deviation) for symmetric continuous variables and median (IQR) for skewed variables. Study
participants' characteristics were compared to those of QLSCD non-participants using a Chi-square
test, one-way ANOVA and Wilcoxon rank sum test, depending on the variable type. Linear mixed
models were used to estimate the association between PGSs and BMI z-scores to account for the
repeated anthropometric measurements. Models included a smooth term for age, a random slope for
age at measurement, and an autoregressive order 1 covariance structure. We also assessed the
association between PGSs and the two eating behaviours using linear regression. Statistical

significance was determined using the Student’s t-test.

Longitudinal growth curve mediation analysis (LGCMA) was used to obtain the proportion of the
variance of BMI z-score accounted for by both PGSs that is mediated by fussy eating and over-eating.
The general model (Figure 5-1) included two latent variables (the intercept and the slope of the
longitudinal outcome), a mediator regression model (equation A), an intercept regression model

(equation B), and a slope regression (equation C):

EB = By + B1PGSc; + [,PGSa; + ¢; (A)
Intercept = @y, + @, PGSc; + p,PGSa; + @3EB; + ¢; (B)
Slope = yy + vy, PGSc; +y,PGSa; + y;EB; + ¢ ©

where EB denotes eating behaviour, PGSc denotes the child-based PGS, and PGSa denotes the adult-
based PGS. The proportion mediated (e.g. for the child-based PGS) can be obtained by solving the

following (equation D) at each time-point:
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% Mediated = Mediated ef fect/Total ef fect (D)
With: Mediated ef fect = BPGS; X (p3EB; + y3EB; X t)
And: Total ef fect = Mediated ef fect + @, PGS; +y,PGS; X t

where ¢ denotes age in years.

The methodology and equations A through D were adapted and applied to our study from previously
described work [32]. We adjusted for potential baseline characteristics that could confound the
association between eating behaviours and BMI z-scores. We considered variables available in the
QLSCD which may affect eating behaviours and BMI based on available literature [33-38]. Those
variables include birth weight, maternal BMI, preterm birth (yes/no), being the mother’s first child
(yes/no), maternal age at birth (20 years and under, 21 to 34 years, 35 years and over), maternal
education (did not complete secondary school, completed secondary school, completed post-secondary
diploma, university diploma), household income (less than $30 000, 30 000$ to 60 000, 60 000$ to 80
0003, more than 80 000$), and immigration situation (mother born in Canada or not) and were added
to the mediator and intercept regression models. We decided against including energy intake as a
covariate in the analyses considering it more likely plays the role of intermediate variable between
eating behaviours and BMI, rather than a confounder. There is evidence that eating behaviours are
associated with dietary intakes (including energy intake) [39-41] in children, which is in turn associated
with variations in BMI [39, 42]. Adjusting for energy intake would result in mitigating one of the
mechanisms by which eating behaviours can influence BMI. We also assessed whether the mediation
differed between girls and boys as supplementary analyses. We compared a constrained model where
all the coefficients were restricted to be equal in boys and girls alike to an unconstrained model where

the coefficients were allowed to vary between sexes using ANOVA.

In sensitivity analysis, inverse probability weighting (IPW) was used to assess the robustness of the
primary analysis to informative loss to follow-up. The R package “twang” [43] was used to calculate a
propensity score per participant based on a model where presence in the current study was predicted by
baseline covariates likely to affect attrition (sex, maternal education, maternal BMI, birth weight,
preterm birth, maternal age at birth, household income and whether the mother was born in Canada).

The average treatment effect was used so that weighted study participants would resemble more
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accurately the initial QLSCD participants. All statistical analyses were completed using R version 4.3.0

[44].

Results

More than half of the participants were female (54.8%). The majority (86.3%) had mothers aged 20 -
34 years at time of birth, a household income above $30,000 (74.7%), and almost all had a mother born
in Canada (97.7%) (Table 5-1). When compared to QLSCD participants excluded from the study, the
study sample included more females (54.8% vs. 46.3%), had mothers with higher levels of education
(60.4% vs. 53.2% with post-secondary education), and lived in households with higher income (33.7%
vs. 27.7% >60,000$ income) (Table 5-1).

The child- and adult-based PGSs were substantially associated with BMI z-scores (Table 5-2) after
accounting for correlations between measures taken in the same children over the range of 6 to 13 years
of age. An increase of one standard deviation of the child and adult-based PGS was associated with an
increase in BMI of 0.26 standard deviations (95% CI: 0.19-0.33, p<0.001) and 0.34 standard deviations
(95% CI: 0.27-0.41, p<0.001), respectively. Both PGSs were inversely associated with fussy eating
(child: B=-0.14, 95% CI: -0.24 - -0.04, p=0.007; adult: p=-0.11, 95% CI: -0.21 - -0.01, p=0.030), and
positively associated with over-eating (child: f=0.13, 95% CI: 0.07-0.20, p<0.001; adult: f=0.15, 95%
CI: 0.08-0.22, p<0.001). Both PGSs were significantly associated with BMI z-scores in boys and girls
(Table 5-2). PGSs were always significantly associated with eating behaviours in boys, but not in girls,

although the confidence intervals overlapped (Table 5-2).

Table 5-3 shows the proportion of the predictive association between both PGSs and BMI z-scores
mediated by fussy eating and over-eating from 6 to 13 years of age. The mediation by over-eating was
statistically significant at all but one time point and was higher for the child-based PGS at all six time
points compared to the adult-based PGS. Additionally, the mediation decreased over time for both
PGS:s. Thus, the strongest mediation was observed at age 6 (child-based PGS: 18.0%, 95% CI: 3.1-
32.9, p-value=0.018; adult-based PGS: 14.2%, 95% CI: 2.8-25.5, p-value=0.014) and the lowest at age
13 (child-based PGS: 11.4%, 95% CI: -0.4-23.1, p-value = 0.057; adult-based PGS: 6.2%, 95% CI: 0.4-
12.0, p-value = 0.037) adjusting for covariates. Fussy eating did not mediate the association between

both PGSs and BMI z-scores.
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Figures 5-2 and 5-3 describes in more detail the paths from the two LGCMA models, one for each
behaviour. Each growth model estimated the intercept (IS), analog to stability, and the slope (SL) of
BMI from ages 6 to 13. Each model also estimated the putative direct and indirect contributions of each
PGS, the latter through over-eating and fussy eating, respectively. The two models revealed unique
direct and indirect (i.e., mediated) contributions of both the child-based PGS and adult-based PGS to
BMI stability and slope. In the case of fussy eating (Figure 5-2), direct associations were the rule and
mediation pathways were not conclusive. For instance, both the child-based PGS and the adult-based
PGS were directly associated with the BMI intercept, but not with the BMI slope. The absence of
mediation by fussy eating is indicated by the association between fussy eating and the BMI intercept
being close to the null. Figure 5-3 illustrates that both the child-based PGS and the adult-based PGS
were associated with over-eating, which was in turn associated with the BMI intercept. Over-eating
was inversely associated with the BMI slope, which explains the decreasing mediation observed for
both PGSs through time. The association between the adult-based PGS and BMI slope (B: 0.012, i.e.,
increase over time in the direct effect on BMI) was higher compared to the child-based PGS (j3: 0.000),
which illustrates the higher decrease in mediation observed through time for the adult-based PGS
compared to the child-based PGS. In additional analysis, we assessed whether the proportion mediated
by over-eating differed between boys and girls. The models did not differ by sex (A Chi-square: 10.50,
A DF: 8, p-value: 0.232).

To assess the robustness of our findings, we performed IPW to ensure the study sample resembled the
initial sample in terms of baseline characteristics. As seen in Supplementary table 5-2, IPW did not
change the overall results, with the estimated proportion of effect mediated by over-eating decreasing
with time for both PGSs. In terms of magnitude, the proportion mediated in the IPW model was higher
at all but two time point compared to the original analyses for both PGSs. The main difference
observed was that the confidence intervals related to the adult PGS using IPW were slightly larger
compared to the initial analyses, leading to non-significant results. After adjusting for attrition, the

proportion mediated by fussy eating was still close to null for both PGSs.
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Discussion

The goal of the present study was to assess (1) the concurrent associations between two PGSs derived
from child and adult GWAS and childhood BMI and (2) if problematic eating behaviours, such as fussy
eating and over-eating, mediated these associations. Using LGCMA we found that the child-derived
and the adult-derived PGSs were independently associated with BMI z-scores in childhood. This
suggests that albeit being correlated, both PGS capture unique genetic contributions to obesity.
Furthermore, we confirmed that over-eating mediates the association between both PGSs and BMI z-
scores. This result is consistent with recent research suggesting that weight-related genes act by

changing the expression of proteins in brain regions involved in appetite and satiety regulation [45].

Our study adds to growing evidence of the emerging role of common genetic variants influencing BMI
In childhood in two ways: (1) the presence of independent effects on BMI from PGSs derived from
child and adult GWAS, and (2) the increase over time in the direct effect on BMI for the adult-based
PGS, but not the child-based PGS. This is consistent with evidence from large-scale GWAS analysis
and twin studies. Increasing differences in weight between high- and low-genetic-risk individuals
throughout childhood in 300,000 individuals suggest that new genetic sources of variation seem to
emerge in childhood [46]. This is also supported by the observation that a PGS developed on an adult
GWAS presented an increasing contribution to the variation in BMI throughout childhood, especially
between 3 and 8 years [47]. Furthermore, results from a large-scale analysis of over 38,000 twin pairs
support that genetic factors affecting variations in BMI change throughout childhood. The study [48]
showed that genetic correlations between BMI measures were smaller with increasing age from 1 to 19
years. More specifically, our study added evidence for unique contributions to BMI variation from
genetic factors present in early childhood and those emerging later in development. This suggests that
PGSs derived from GWAS statistics obtained in child and adult populations contain overlapping, but

distinct genetic factors.

The role of appetite as a mediator of the genetic contribution to body weight in childhood is a central
tenet of the Behavioural susceptibility theory. Changes in the food environment contribute to the risk of
obesity, with genetic susceptibility responsible for shaping the individual’s response to such changes.
Our study supports this hypothesis. Our over-eating score is composed of two items referring to eating
too much and eating too fast. The well-known Child Eating Behavior Questionnaire subscales food

responsiveness and satiety responsiveness/slowness in eating includes similar items as “If allowed to,
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my child would eat too much”, and “My child finishes his/her meal very quickly”, respectively [7]. It is
likely that our over-eating score relates more to the appetite and satiety compared to emotional
behaviours that can also be studied. This also aligns with another study completed using QLSCD data
that found an association between the over-eating score and satiety responsiveness measured at 22

years using the adult version of the Child Eating Behavior Questionnaire [49].

Prior studies have used a similar approach to test the mediation of the contribution of genetic factors to
BMI by appetite-related traits in children. One study [17] found mediation by satiety responsiveness,
while another [18] did not. Differences between prior results could be explained through a contrast in
methods. Mainly, cross-sectional data was used in the study that observed mediation at a single point in
time, while the other used a longitudinal method designed to identify mediation for BMI growth
(slope), rather than BMI at a specific time point. With its longitudinal design focused on identifying
mediation at different points in time, our study allowed us to shed light on previous mixed results. We
identified mediation through over-eating at sequential time points that was largely driven by the
intercept of BMI. The use of structural models allowed us to observe the strong association between
over-eating and the intercept of BMI responsible for the high mediation at 6 years, which then

decreased due to an inverse effect of over-eating on the slope of BMI.

This result is consistent with another study of children that found decreasing mediation through time.
High appetite at two years mediated the effect of a 16 variant PGS on BMI z-score from 2 to 5 years in
over 1,000 French Canadian children [19]. The proportions mediated by high appetite decreased from
47% at the 2-year mark to 24% at the 5-year mark. Like our study, the reduction in mediation at older
time points likely stems from the passage of time, where appetite at 2 years becomes progressively less
influential. Indeed, the inverse effect of over-eating on BMI growth could be explained by the BMI
observations becoming further apart from the index measurement of over-eating as time passes. The
concordance of our results and those obtained in Lauzon-Guillain et al. [19] is compelling since one
study gathered anthropometric data before adiposity rebound (typically around 5 years) and the other
after. This suggests that mediation through over-eating remains present at different developmental

stages.

The presence of mediation of genetic susceptibility to obesity through over-eating aligns with
molecular genetic literature that emphasizes the importance of the brain in translating the effect of
genetic factors on body weight regulation. RNA-based analyses applied to large-scale GWAS have
shown that most variants associated with BMI are predominantly expressed in the central nervous
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system in regions such as the hippocampus and limbic system, involved in cognition and emotion
regulation, but also the hypothalamus and pituitary gland, responsible for appetite regulation [9, 10].
Additionally, a recent study identified 60 instances where protein concentration in the brain was linked
with genetic variants known to influence obesity [45]. More specifically, that study used a combination
of gene colocalization and mendelian randomization analyses focused on the left dorsolateral prefrontal
cortex. This brain region notably influences appetite, satiety regulation, and cognitive functions,
including decision-making and executive functioning [45]. These results provide a biological basis for
the theory that genetic susceptibility to obesity is expressed through variations in appetite, resulting
from changes in protein concentration. We did not observe mediation through fussy eating. This result
complements the available but scarce literature on the subject. Avoidant eating and slowness in eating
were not found to mediate the effect of a PGS on BMI in a Finnish adult cohort and a Norwegian

longitudinal children study, respectively [15, 18].

The additional evidence favouring the Behavioural susceptibility theory further provides incentives for
supporting obesity prevention efforts that focus on creating a healthy food environment rather than
centred on personal responsibility. This is an important public health issue since a shift from the global
food system leading to deteriorating nutritional choices is considered a driving factor behind the rise of
obesity [50]. For example, the current food environment in Canada does not favour healthy food
consumption patterns on most fronts [51]. A recent evaluation of the policies and actions of multiple
levels of government in Canada for creating a healthy food environment highlighted 1) many
limitations to Canada’s food environment policy landscape, and 2) restrictions on marketing aimed at

children as a key policy area to improve a healthier food landscape in Canada [51].

The primary strength of the present study is the use of a longitudinal design. This allows a better
characterization of the mediation of genetic susceptibility to obesity by over-eating throughout
childhood and adolescence. Many studies only use a singular time point to describe this process, while
we were able to detail how the mediation evolves through time. Furthermore, the use of PRS-CS to
calculate the PGSs is another strength of the study considering the method captures more genetic
variability compared with methods only incorporating a few variants into the scores. The study also has
a few limitations. First, even though we adjusted our analysis models for potential confounders, there
could still be unmeasured confounders, such as physical activity, blurring the association between the
eating behaviours and BMI z-scores specifically. Second, we used inverse probability weighting to

attenuate potential selection bias through attrition. However, we could only produce a weighted study
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sample similar to the initial QLSCD sample in terms of available baseline characteristics, therefore the
study sample could still differ from the initial sample in some capacity. Third, BMI is known to have
limits in distinguishing between lean and fat mass and does not distinguish between the location of fat
in the body. Fourth, eating behaviour data was not available throughout the childhood period with
measured anthropometric collection. Eating behaviours might change as children’s age increases, and
the strength of the association between eating behaviours exhibited in early childhood and BMI would

be expected to diminish as time passes.

Conclusion

In our investigation of French-Canadian children, over-eating throughout childhood, but not fussy
eating, mediated genetic susceptibility to obesity. This result aligns with the prevailing theoretical
construct behind the genetic architecture of obesity that hinges on the role of appetite. The few
previous studies identified appetite-related traits as mediators of genetic susceptibility to weight gain
but were mostly performed in adult populations and had a cross-sectional design. The present study
analysed data from a longitudinal study of Canadian children and used dense genotypic scores as
measures of genetic susceptibility to obesity. The finding of mediation by over-eating suggests that
global and wide-reaching policies aimed at introducing a healthier food environment will be key in

implementing obesity prevention efforts.
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Tables and Figures
Table 5-1. Characteristics of study participants.
Characteristic Included Excluded p-value
% (n) or mean £ SD N=692 N=1428
Sex, female % (n) 54.8 (379) 46.3 (661) <0.001
Birth weight, kg mean £ SD | 3.42+0.49 3.40 +0.50 0.351
Preterm birth % (n) 5.1 (35) 4.5 (64) 0.631
First child % (n) 41.8 (289) 45.3 (647) 0.135
Maternal age at birth % (n) 0.098
<20 years 1.7 (12) 3.347)
20-34 years 84.0 (581) 83.7 (1194)
> 35 years 14.3 (99) 13.0 (186)
Maternal education % (n) 0.009
< Secondary school diploma | 15.6 (110) 19.3 (275)
Secondary school diploma 24.3 (164) 27.4 (391)
Post-sec. except university 29.5 (206) 28.4 (405)
University diploma 30.5 (212) 24.8 (354)
Household income % (n) 0.003
<30 000$ 253 (175) 32.2 (447)
30 000 — <60 000$ 41.0 (284) 40.2 (559)
60 000 — <80 000$ 17.2 (119) 15.0 (208)
>80 000$ 16.5 (114) 12.7 (176)
Born in Canada % (n) 97.7 (676) 83.4 (1191) <0.001
Fussy eating med (IQR) 5.60 (4.80, 6.60) 5.67 (4.75, 6.67) 0.745
Over-eating med (IQR) 2.80 (2.33, 3.60) 2.75 (2.20, 3.50) 0.207
Obesity at 6 years % (n) 0.685
Healthy weight 80.2 (441) 80.0 (496)
Overweight 14.0 (77) 13.1 (81)
Obesity 5.8 (32) 6.9 (43)
Obesity at 13 years % (n) 0.202
Healthy weight 63.9 (389) 67.1 (416)
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Overweight 22.0 (134) 22.1 (137)

Obesity 14.1 (86) 10.8 (67)
Study participants included those (N = 692) who had complete anthropometric, genetic, eating behaviour, and
covariate data available, and were thus part of the main mediation analysis. Chi-square test used for categorical
variables, ANOVA test used for normally distributed continuous variables, and Wilcoxon ran sum test used for

non-normally distributed continuous variables. Significance threshold (bold) set at 0.05.
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Table 5-2. Association of the PGS with eating behaviors and BMI in children.

Outcome Child PGS Adult PGS

B (95% CI) p-value B (95% CI) p-value
BMI z-score
Total 0.26 (0.19, 0.33) <0.001 0.34 (0.27, 0.41) <0.001
Girls 0.22 (0.12, 0.32) <0.001 0.25 (0.16, 0.34) <0.001
Boys 0.31 (0.20, 0.42) <0.001 0.45 (0.34, 0.56) <0.001
Fussy eating
Total -0.14 (-0.24, -0.04) | 0.007 -0.11 (-0.21, -0.01) | 0.030
Girls -0.07 (-0.20, 0.07) 0.340 -0.02 (-0.16, 0.11) 0.750
Boys -0.22 (-0.37,-0.07) | 0.003 -0.23 (-0.38, -0.07) | 0.004
Overeating
Total 0.13 (0.07, 0.20) <0.001 0.15 (0.08, 0.22) <0.001
Girls 0.07 (-0.02, 0.17) 0.113 0.10 (0.01, 0.19) 0.033
Boys 0.20 (0.10, 0.31) <0.001 0.22 (0.12, 0.32) <0.001

Estimated effect (B) of increase in one standard deviation of the child- and adult-based PGS and BMI z-score

(linear mixed model), fussy eating (linear regression), and over-eating (linear regression) with 95% confidence

interval. BMI z-score model includes age, age-squared, and sex as covariates with random intercept and slope

for age. Eating behavior models include sex as a covariate. Significance threshold (bold) set at 0.05.
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Table 5-3. Proportion of the effect of PGS on BMI z-score mediated by eating behaviours.

Model

Fussy eating
6 years

7 years

8 years

10 years

12 years

13 years

Over-eating
6 years

7 years

8 years

10 years

12 years

13 years

Child PGS Adult PGS

% (95% CI) p-value % (95% CI) p-value
N=692

1.9 (-2.1,5.8) 0.360 1.3 (-1.6,4.3) 0.369
1.8 (-2.1,5.6) 0.362 1.2 (-1.4,3.9) 0.370
1.7 (-2.1,5.5) 0.372 1.1(-1.4,3.6) 0.379
1.6 (-2.2,5.3) 0.421 0.9(-1.3,3.1) 0.425
1.4 (-2.7,5.5) 0.504 0.7 (-1.4,2.9) 0.505
1.3 (-3.0,5.7) 0.554 0.7 (-1.5,2.8) 0.554
N=692

18.0 (3.1, 32.9) 0.018 14.2 (2.8, 25.5) 0.014
17.1 (3.0, 31.3) 0.018 12.7 (2.6, 22.9) 0.014
16.2 (2.7, 29.8) 0.019 11.4 (2.3, 20.5) 0.015
14.4 (1.8,26.9) 0.025 9.1(1.5,16.6) 0.018
12.4 (0.4,24.3) 0.042 7.1 (0.8, 13.3) 0.028
11.4 (-0.4,23.1) 0.057 6.2 (0.4, 12.0) 0.037

Estimated proportion mediated by eating behaviours (fussy eating, over-eating) in the association between PGS

and BMI z-score with 95% CI using latent growth curve mediation analysis. Models are all adjusted for birth

weight, preterm birth, maternal BMI, maternal age, maternal education, household income, whether the mother

was born in Canada, and whether the participant is the first child as covariates in both the eating behavior and

BMI z-score (effect on the initial state) outcome models. Significance threshold (bold) set at 0.05.
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Figure 5-1. Latent growth curve mediation model. EB = eating behaviour, IS = initial state, SL. =

slope. Figure depicts three regression models with: B = coefficients for the eating behaviour

ourcome model, ¢ = coefficients for the IS outcome model, and Y = coefficients for the SL

outcome model.
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Figure 5-2. Latent growth curve mediation model, for fussy eating. IS = initial state, SL = slope. The
figure depicts four direct associations between PGSs and BMI z-scores: from the child PGS to the
initial state of BMI z-scores (1) and the slope of BMI z-scores (2), and from the adult PGS to the
initial state (3) and the slope (4). Four indirect associations between PGSs and BMI z-scores are
presented: From the child PGS through fussy eating to the initial state (1) and the slope (2), and
from the adult PGS through fussy eating to the initial state (3) and the slope (4). Paths in bold are
significant at p<0.05.

109



Genetics of obesity risk and dietary habits Danick Goulet

Child 0.094 0.099 Adult
PGS

y

Over-eating |+

Figure 5-3. Latent growth curve mediation model, for over-eating. IS = initial state, SL. = slope. The
figure depicts four direct associations between PGSs and BMI z-scores: from the child PGS to the
initial state of BMI z-scores (1) and the slope of BMI z-scores (2), and from the adult PGS to the
initial state (3) and the slope (4). Four indirect associations between PGSs and BMI z-scores are
presented: From the child PGS through over-eating to the initial state (1) and the slope (2), and
from the adult PGS through over-eating to the initial state (3) and the slope (4). Paths in bold are
significant at p<0.05.
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Supplementary materials

QLSCD participants
Children aged 5 months: n 2,120

Accepted DNA sampling: n 992

Missing information on all BMI measures or eating

\ 4

behaviours: n 101

Failed genetic quality control: n 176

\ 4

Missing information on covariates: n 23

\ 4

Final study sample: n 692

Supplementary Figure 5-1. Flow chart of study participants from the Québec Longitudinal Study
of Child Development (QLSCD) participants.
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Supplementary Table 5-1. Proportion of the effect of PGS on BMI z-score mediated by over-

eating, IPW for attrition.

Model

Fussy eating
6 years

7 years

8 years

10 years

12 years

13 years

Over-eating
6 years

7 years

8 years

10 years

12 years

13 years

Danick Goulet

Child PGS Adult PGS
% (95% CI) p-value % (95% CI) p-value
N=692
0.9(-2.3,4.2) 0.573 1.4 (-2.1,5.0) 0.421
0.8 (-2.2,3.9) 0.587 1.2 (-1.9,4.2) 0.448
0.7 (-2.1, 3.5) 0.610 0.9 (-1.7,3.6) 0.492
0.5 (-2.0, 3.0) 0.699 0.6 (-1.8,2.9) 0.642
0.2 (-2.3,2.8) 0.852 0.2 (-2.1,2.6) 0.842
0.1 (-2.6,2.8) 0.936 0.1(-2.3,2.5) 0.935
N=692
19.0 (6.0, 32.1) 0.004 15.9 (-1.0, 32.8) 0.065
18.1 (5.6, 30.7) 0.005 13.9 (-0.4, 28.2) 0.057
17.2 (5.0,29.4) 0.006 12.1 (-0.2, 24.4) 0.053
15.2 (3.5,27.0) 0.011 9.2 (-0.1, 18.5) 0.052
13.1 (1.4,24.8) 0.028 6.9 (-0.3, 14.1) 0.062
12.0 (0.3, 23.6) 0.044 5.9 (-0.5, 12.3) 0.073

Estimated proportion mediated by over-eating in the association between PGS and BMI z-score with

95% CI using latent growth curve mediation analysis. Significance threshold (bold) set at 0.05.
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Supplementary Text 5-1. R script for principal components adjusted scores.
require("broom") # tidy regression output

require("mosaic") # standardizing variables

load(file="BMI Yengo Vogel scores and BMI")

load(file="PCA717.Rdata")

PCA717 <- PCA717][, 1:11]

dataPRS <- merge(dataPRS, PCA717, by="11D")

# Adult score

Yengo=Im(PRS_Yengo~PC1+PC2+PC3+PC4+PC5+PC6+PCT+PC8+PCI+PC10,data=dataPRS)

dataPRS$Adultpred=predict(Yengo,dataPRS)
dataPRS$PRS Yengo adj = dataPRS$PRS Yengo-dataPRS$Adultpred
dataPRS <- dataPRS %>%

mutate(PRS Yengo adj = scale(PRS Yengo adj))

# Child score

Vogel=Im(PRS Vogel~PC1+PC2+PC3+PC4+PC5+PC6+PC7+PC8+PC9+PC10,data=dataPRS)

dataPRS$Childpred=predict(Vogel,dataPRS)
dataPRS$PRS Vogel adj = dataPRS$PRS Vogel-dataPRS$Childpred
dataPRS <- dataPRS %>%

mutate(PRS Vogel adj =scale(PRS Vogel adj))
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CHAPTER 6 - MANUSCRIPT 3

Article preface

This manuscript further explores the interplay between genetic and environmental factors in relation to
BMI variations by leveraging the longitudinal anthropometric data collected in the QLSCD to assess
which food or macronutrient intake can interact with the two PGS. This third manuscript relates to the
third objective of the thesis: to estimate the association between preschool dietary (food, macronutrient,
and energy) intakes and BMI (mean and change with age) displayed in school-aged children and
identify the ability of adult- and child-derived PGS to modify those associations.

DG, LD and MB contributed to the development of the research question and the design of the study.
LD and MB were involved in the data collection from QLSCD participants. DG performed the
statistical analyses with insights and revisions from CG. DG was responsible for the first draft of the
manuscript. All authors participated in discussions concerning the development of the study and were

involved in the revisions to the manuscript and approved the submitted version.

Ethics approval (secondary analysis of QLSCD data): University of Ottawa Research Ethics board
(ethics file number: H-01-23-8018, approval date: 10/02/2023, Appendix 1).

This manuscript was submitted to the Journal of Nutritional Science on November 19th, 2024. A copy
of the confirmation email is available in Appendix 8. A STROBE reporting checklist for manuscript 3

is available in Appendix 9. The following manuscript was harmonized to the thesis format.
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Abstract

The aim was to identify possible genetic moderation through polygenic scores (PGS) for body mass
index (BMI), of the association between dietary intakes and BMI in children with the goal of
identifying individuals for whom early prevention of obesity would be the most effective. The study
sample included children who were part of a French-Canadian birth-cohort study. Height and weight
were measured on seven occasions between ages 4 and 13 years. Food (juice and fruit drinks, sweets
and snack foods, meats, and fruits and vegetables), macronutrient (proteins, lipids, carbohydrates), and
energy intakes were measured up to 4 years. Linear mixed models were used to account for repeated
BMI measurements. The consumption of juice and fruit drinks (in girls), sweets and snack foods, fruits
and vegetables, proteins, lipids, carbohydrates and total energy were associated with BMI levels.
Associations with BMI increased with age (kg/m? per year) for fruits and vegetables (B: -0.03, 95%CI:
-0.06;-0.01), lipids (B: 0.11, 95%CI: 0.01;0.22), carbohydrates (B: 0.05, 95%CI: 0.01;0.08), and total
energy (B: 0.07, 95%CI: 0.02;0.12), and with higher values of a BMI-PGS (kg/m? per SD) for proteins
(B: 0.54, 95%CI: 0.03;1.06), lipids (B: 0.63, 95%CI: 0.12;1.13), and total energy (B: 0.32, 95%CI:
0.06;0.58). Leveraging a prospective study, we showed that the associations with higher BMI related to
a lower consumption of fruits and vegetables, and a higher consumption of lipids, carbohydrates and
energy increased with age in childhood. Obesity prevention efforts targeting dietary intake may be

more beneficial for genetically susceptible children.
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Introduction

The prevalence of obesity has increased continuously over the past decade for both adults and children
in Canada [1, 2]. This is concerning since obesity leads to numerous health comorbidities in children,
including hypertension, type 2 diabetes, or obstructive sleep apnea, which were previously thought to
be present mostly in adults [3]. Furthermore, obesity in childhood is predictive of obesity in adulthood

[4], as well as of higher risk of premature mortality [5] and worse cardiometabolic outcomes [6].

Given that food consumption is directly related to energy input, promoting healthy dietary habits are at
the centre of childhood obesity prevention efforts [7]. Specifically, the intake of sugar-sweetened
beverages (SSB) is the food group that is most consistently associated with weight gain in childhood
[8]. Indeed, prospective studies have established the long-term association between SSB intake and
weight gain, and clinical trials have shown that a reduction of SSB intake leads to a reduction in body
weight in intervention settings [9, 10]. However, investigations on the consumption of foods such as
fruits, vegetables, or sweets, largely using retrospective study designs, are characterized by inconsistent
results [8, 11]. The lack of prospective studies, especially in children, is an important limitation in the

evidence.

In recent years, the customary conceptualization of obesity evolved from a perspective centred around
energy balance to a perspective that highlights the interaction between polygenic predisposition for
obesity and neurodevelopmental dysfunctions modulated by the environment [12]. This approach is
supported by the observation that genetic variants associated with obesity are mainly expressed in brain
regions related to food behavioural rewards and addiction [13], and can be mapped to proteins located
in the brain, some of which involve eating behaviour regulation [14]. Twin studies estimate that
additive genetic factors account for up to 80% of individual differences in BMI [15]. Additionally,
previous evidence shows systematically more weight change variance between than within pairs of
monozygotic twins in response to overfeeding and negative energy balance, suggesting that genetic
factors modulate the weight change in response to dietary habits [16]. More specifically, the intake of
various types of foods (e.g., SSB, or fried foods) has been shown to modify the effect of individual

genetic variants on obesity risk [17].

Polygenic scores (PGSs) are often used to measure genetic susceptibility to a trait by aggregating the

effect of individual genetic variants into a single index. A lower intake of fruits and vegetables and a
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higher intake of SSB are among the dietary factors with the most evidence supporting the presence of a
moderation effect with PGS in relation to higher body weight [18]. Nevertheless, there is still
conflicting results regarding those foods. Some studies reported evidence that PGS moderated the
association of the consumption of SSB [19-21] and fruits and vegetables [21-23] with BMI, while
others did not [22, 24, 25]. There is a lack of studies examining the possible role of PGSs in moderating
the relation between food intake and BMI in children specifically. One study [26] observed higher
associations of pizza and milk consumption with and BMI z-score in children with higher PGS values,
and another [25] found a statistically significant interaction between the consumption of fibers (but not

fruits and vegetables) and a PGS in relation to BMI.

Similarly, inconsistent evidence has been observed when examining macronutrient and energy intake.
BMI-PGSs were found to moderate the association between consumption of lipids, proteins,
carbohydrates, and total kilocalories and adiposity-related measures in some studies [27, 28]. In
contrast, other studies did not observe such results [24, 29]. Overall, studies on the potential
moderating role of genetic susceptibility to obesity, as measured by PGSs of the effect of food,
macronutrient and energy intakes, have thus far focused almost exclusively on adult populations, used
cross-sectional designs, and only involved PGSs aggregating the effect of a small subset of BMI-

related variants.

The main objective of the present study was to estimate the association between dietary intakes and
BMI (mean and change with age) displayed in school-aged children and examine the extent to which
PGSs for BMI moderate those associations. Linear mixed models applied to repeated anthropometric
measures obtained from a longitudinal study of children from Quebec (Canada) were used to test the
hypothesis that food intakes (juice and fruit drinks, sweets and snack foods, meats, and fruits and
vegetables), macronutrient intakes (proteins, lipids, carbohydrates) and energy intake are associated

with change in BMI throughout childhood and that genetic susceptibility moderates those associations.
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Methods

Study design and participants

From October 1997 to July 1998, investigators recruited a total of 2120 children to the Quebec
Longitudinal Study of Child Development (QLSCD) which is designed to be representative of the
regional birth distribution. Data collection occurred every year or every other year by questionnaires or
interviews administered to the person most knowledgeable about the child (usually the mother),
questionnaires administered to teachers, questionnaires administered to the child, or via direct
measurements by trained assistants. Data collection covered a broad range of characteristics, but the
attributes most related to the present study included family characteristics (e.g., socioeconomic and
demographic characteristics), dietary habits (e.g., food frequency consumption, and eating behaviours),
anthropometric data (self-reported or directly measured), and genetic information. A cohort profile

published previously provides comprehensive details related to the QLSCD [30].

The study sample included 1793 participants with food intake data, and 1513 with macronutrient and
energy intake data, at least one BMI measure, and covariate data. The subsample for analyses including
genetic data consisted of 706 (food intake) and 646 (macronutrient and energy intake) participants with
genetic data that passed quality control. All participants included in the macronutrient and energy
intake analyses overlapped with those included in the food intake analyses. A flow chart depicting the
study sample is provided in Supplementary Figure 6-1. This study was conducted according to the
guidelines laid down in the Declaration of Helsinki. The data collections from the QLSCD were
approved by the Ethics commitees of the Institut de la Statistique du Québec and the CHU Sainte-
Justine Research Center. The secondary analysis of the data from the QLSCD was approved by the
University of Ottawa Research Ethics Board (ethics file number: H-01-23-8018). Informed consent was
obtained from parents before each wave of the data collection until age 10. At this point, informed

consent was obtained directly from the participants themselves.

Anthropometric measurements

Anthropometric data were collected every one or two years throughout the QLSCD, either reported by
a parent, reported by participants themselves, or directly measured. In this study, we focused on

directly measured anthropometric data, which were obtained at ages 4, 6, 7, 8, 10, 12, and 13 years.
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Trained technicians measured height and weight following a standardized protocol. Height and weight,
computed as the mean of the two closest values from two to three measures, were used to calculate

final individual BMI values.

Food, macronutrient and energy intake

The parent most knowledgeable about the participant was administered (interviewer-administered or
self-administered) a short food frequency questionnaire multiple times during follow-up. We used data
from four questionnaires completed at ages 1, 2, 3 and 4 years to obtain an average of the food intake in
early childhood. These questionnaires contained 14 food items and asked the number of times per
day/week the child ate specific foods. The questionnaire asked: In the past week, on average, how
many times a week or how many times a day did the child eat the following foods...? The answers
varied from: Never, 1-2, 3-4, 5-6 times per week, and 1, 2+ times per day. Intake values were
transformed to the number of times a food was consumed per day as a continuous scale by assuming
the middle point for responses categorized as a range (e.g., 3-4 times per week transformed to 0.5 times
per day) and assuming the minimum point for open-ended responses (e.g., 2+ times per day
transformed to 2 times per day). After grouping certain food items, we included in our analyses the
consumption of sweets and snack food (including pastry, sweets, cookies, and potato chips), juice and
fruit drinks, meats (including poultry, meat, and fish), and fruits and vegetables (including potatoes).
The individual items were summed to obtain a consumption per day for a specific food group. Food
intake for each of the four groups was then averaged over each of the time points available per

participant to obtain one intake measure per participant, per food group.

The nutrition investigation was based on 24-hour multi-pass dietary recall interviews [31] conducted at
home by trained dietitians when participants were 4 years old. The mother was asked what type and
quantities of food the child had eaten in the past 24 hours. A description of the process involved in
deriving macronutrient and energy estimates from the dietary recall interview is available in an
previous publication [32]. In this study, the total amount of energy and intake of carbohydrates,
proteins and lipids are of interest. Macronutrient and energy intake values represent the consumption
reported as number of units per day where a unit represents 100g for proteins, lipids, and

carbohydrates, and 1000 for kilocalories.

126



Genetics of obesity risk and dietary habits Danick Goulet
Genotyping and polygenic score construction

Investigators collected biological material, including blood samples used to derive genetic data, when
participants were 10 years old from a subsample of 992 participants. The genetic quality control
applied to the data and the PGS construction process are described in more detail in two previous
publications [33, 34]. A total of 816 participants had genetic data available and passed genetic quality
control for 8,465,216 variants. The adult-derived PGS and child-derived PGS were constructed using
publicly available summary statistics from genome-wide association studies of adults [35] and children
[36] with the PRS-CS method [37]. Both scores were standardized and adjusted for population
stratification with 613,732 genetic variants for the adult-derived PGS, and 689,789 genetic variants for
the child-derived PGS.

Statistical analysis

Baseline sociodemographic characteristics of the study participants are summarized as proportions for
categorical variables and means (standard deviation) for continuous variables. Continuous variables
were deemed normally distributed by visually inspecting histograms. Baseline sociodemographic
characteristics were also compared between the study participants with genetic data and the QLSCD
participants excluded from the study. Study participants' characteristics were compared to those of

QLSCD non-participants using a Chi-square test, and one-way ANOVA, depending on the variable
type.

The association between the child and adult-based PGS and BMI level (intercept) and changes in BMI
with age (slope) was derived using linear mixed models to account for the repeated BMI
measurements. Both models (equation A) included BMI as the outcome variable, with age, an order
two polynomial for age, the PGS, the interaction term between the PGS and age, and five baseline
covariates (sex, birth weight, maternal education, household income, and whether the mother was born

in Canada) as predictor variables.

The predictive role of food, macronutrient and energy intake in BMI was assessed using linear mixed
models (equation B). In addition to the intake variables and their interaction with the first polynomial
of age, models also included an order two polynomial for age and the five covariates. The estimated
coefficient for the interaction term between the intake variables and age corresponds to its association
with BMI slope. The estimated coefficient for the intake variables represents the association with BMI

level. We also assessed the association between the intake variables and BMI at specific time points by
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setting the intercept at 4, 8 and 13 years of age. We examined whether the associations between dietary
intakes and BMI differed as a function of sex by adding an interaction term to components already
included in the model: 1) dietary intakes and 2) the interaction between dietary intakes and age.

Stratified estimates are presented when necessary.

We assessed whether the association between dietary intakes and BMI differed based on a participant’s
genetic susceptibility to higher BMI. From the models displayed in equation B, we added the adult or
the child-derived PGSs and an interaction term between the PGS and the food intake variables as
shown in equation C. We examined if the interaction between dietary intakes and the PGSs changed

based on age or sex by adding three-way interactions to dietary intake and PGS.

We further performed two supplementary analyses. First, we added total energy intake as a covariate to
the regression models for the macronutrient intake variables to estimate associations independently of
the energy component. Second, inverse probability weighting was used to reduce the impact of
informative loss to follow up on the results. Individual propensity scores to participation in the current
study were estimated on the bases of baseline characteristics (sex, maternal education, birth weight,
sufficient income and whether the mother was born in Canada). Weights were estimated for each time
point to allow differing weights across time points to account for attrition. To obtain a weighted study
sample analog to the initial QLSCD sample, we used the average treatment effect to estimate the
propensity scores using the R package “twang” [38]. Statistical significance was determined using the

student’s t-test.

(A) BMI;j = Bo+ BiTij + BoT?ij + B3PGS; + B4PGS x Ty + PBs_oC; + Soi + SyTyj + &5
(B) BMIU = ﬂO + ﬁlTij + ﬂZTzij + ﬂ3lntakei + B4Intake X Ti + ﬂ5—9Ci + SOi + SliTij + Sij

(C) BMIU = ﬁo + ﬁlTij + ﬂZTZij + ﬂ31ntakei + ﬂdntake X Ti + BSPGSL + B6PGSX Ti +
ﬁ71ntake X PGSl + ﬁ8—1ZCi + SOi + SliTL'j + Eij

with g ~N(0, 0?),So; ~N(0,0%,), and Sy; ~ N(0, 0%,)
where i =1 . nindividuals and j=1, ..., 7 measurements.

T: Age (years).
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PGS: Child or adult-derived PGS.
Intake: Dietary variable.
C: Covariates: Sex, birthweight, maternal education, sufficient income, mother born in

Canada.

Results

A description of the sociodemographic characteristics of participants included in the main analyses is
presented in Table 6-1. In both the food intake and macronutrient and energy intake samples, the sex
distribution was similar (50.1% and 49.2% girls), more than half of the participants had mothers with
post-secondary education (69.3% and 69.3%) and were part of a household with an income below
$60,000 (69.7% and 69.5%). Additionally, most of the participants’ mothers were aged 20-34 years at
delivery (83.8% and 84.1%) and were born in Canada (90.7% and 91.3%). Compared to non-
participants, participants included in the genetically informed analysis were mostly composed of girls,
of mothers with higher education, and from higher income households (Supplementary Tables 6-1 and

6-2).

The trajectories of BMI throughout childhood are presented in Figure 6-1. Both the child-derived
(Figure 6-1A) and the adult-derived (Figure 6-1B) PGSs were strongly associated with BMI slope,
meaning that genetic susceptibility predicted a BMI increase with age. An increase in one SD in the
child-derived PGS was associated with a mean yearly BMI increase of 0.06 kg/m? (95% CI: 0.03; 0.09,
p<0.001), whereas a one SD increase in the adult-derived PGS yielded a mean yearly BMI increase of
0.11 kg/m? (95% CI: 0.08; 0.14, p<0.001). These associations did not differ between girls and boys

(not shown).

Models described in equation B estimated age-specific associations between dietary intakes in early life
and BMI from age 4-13 years, and whether those associations changed with age (BMI slope). Results
from this analysis are presented in Table 6-2. Only fruit and vegetable intake from ages 1-4 years was
significantly associated with BMI slope. A one time increase per day in intake of fruits and vegetables
was associated with a yearly decrease in BMI of 0.03 kg/m? (95% CI: -0.06; -0.01, p = 0.012) of age.

The association between fruit and vegetable intake and BMI level was stronger with increasing child
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age from -0.05 kg/m? (95% CI: -0.16; 0.06, p = 0.365) at 4 years, to -0.37 kg/m? (95% CI: -0.62; -0.11,
p = 0.005) at 13 years. The consumption of meats, and sweets and snack food was not associated with
BMI slope, although a higher consumption of sweets and snack food was significantly related to lower
BMI at 4 years (B: -0.36, 95% CI: -0.61; -0.12, p = 0.004) (Table 6-3). With the exception of juice and
fruit drinks (p=0.036), no food intake association with BMI slope varied by sex. Consumption of juice
and fruit drinks was significantly associated with positive BMI slope and with BMI level at 13 years in
girls only. A one time per day increase in intake of juice and fruit drinks was associated with an
increased BMI change with age of 0.08 kg/m? (95% CI: 0.02; 0.14, p = 0.008) per year and with an
increase in age-specific BMI level of 0.68 kg/m? (95% CI: 0.10; 1.27, p = 0.022) at 13 years for girls
(Supplementary Table 6-3).

Consumption of higher amounts of proteins, lipids, carbohydrates, and kilocalories at age 4 years was
significantly associated with higher BMI from 4 years to 13 years (Table 6-2). Additionally, higher
intakes of lipids, carbohydrates, and kilocalories were significantly associated with increased BMI
change with age (Table 6-2). The association with the slope of BMI was 0.11 kg/m? (95% CI: 0.01;
0.22, p = 0.031), 0.05 kg/m? (95% CI: 0.01; 0.08, p = 0.009), and 0.07 kg/m? (95% CI: 0.02; 0.12, p =
0.007) per daily intake increases of 100g of lipids, 100g of carbohydrates, and 1000 kilocalories,
respectively. The associations between macronutrient and energy intake and BMI did not differ by sex
(all p>0.05, not shown). Additional analyses revealed that the association of consumption of lipids and
carbohydrates with BMI still increased with age after taking into account total energy consumption
(Supplementary Table 6-4). However, the age-specific associations of all three macronutrients
(proteins, lipids, and carbohydrates) with BMI were attenuated and were no longer statistically
significant when accounting for total energy consumption, except for carbohydrates at 13 years

(Supplementary Table 6-4).

None of the interactions between food, macronutrient, or energy intake and the child-derived PGS in
relation to BMI were statistically significant. There were significant interactions between the adult-
derived PGS and the consumption of meats, proteins, lipids, and kilocalories in relation to BMI (Table
6-3). A one SD increase of the PGS moderated those associations so that such consumption yielded
0.46 kg/m?* (95% CI: 0.08; 0.85, p = 0.018), 0.54 kg/m? (95% CI: 0.03; 1.06, p = 0.038), 0.63 kg/m?
(95% CI: 0.12; 1.13, p = 0.015), and 0.32 kg/m? (95% CI: 0.06; 0.58, p = 0.017), respectively, across
childhood. The interactions did not differ by sex (p>0.05, not shown) except for juice and fruit drinks
and the adult-derived PGS (p = 0.031), with a significant (negative) interaction with the PGS in girls
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only (Supplementary Table 6-5). A one SD increase of the PGS diminished the association between
juice and fruit drinks intake and BMI by 0.35 kg/m? (95% CI: -0.69; -0.01, p = 0.044) in girls.
Therefore, girls at lower genetic risk were more susceptible to the effect of juice and fruit drink

consumption on BMI.

Table 6-4 displays the association between increased daily consumption of meat (one more serving per
day), protein (additional 100g per day), lipid (additional 100g per day), and kilocalorie (1000 additional
kilocalories per day) and BMI, by age (4, 8, and 13 years), reported separately by selected values of the
adult-derived PGS (mean score -1 SD, mean score, mean score +1 SD). Higher protein, lipid, and
kilocalorie intakes were associated with increased BMI at the mean PGS value and for the mean +1 SD
value at all ages. The association between increased frequency of meat intake and higher BMI was
stronger at older ages and with higher values of the adult-derived PGS, without statistically significant
associations. The positive interactions between the adult-derived PGS and the consumption of proteins
and lipids in relation to increases in BMI level were still retained once total energy intake was included
in the models (Supplementary Table 6-6). However, age-specific associations between protein and lipid
intakes and BMI by PGS values were attenuated and not statistically significant after adjusting for total
energy intake, except for protein intake in those of high genetic risk at 8 years (Supplementary Table 6-

6).

Finally, applying inverse probability weighting to attenuate the impact of informative loss to follow up
did not change the overall results, with only minimal effects on the estimated coefficients

(Supplementary Tables 6-7 to 6-9).

Discussion

The present study estimated the association between specific food, macronutrient and energy intakes
assessed in early childhood and BMI measured later in childhood and determined if genetic
susceptibility to obesity, measured through genetic scores, moderated these associations. Consumption
of fruits and vegetables (age 1-4 years), and of proteins, lipids, carbohydrates, and total energy (age 4
years) were associated with BMI from 4 years to 13 years. Most notably, our findings revealed (1) an
increase with age of the associations of fruits and vegetables, lipids, carbohydrates, proteins, and

energy intake with BMI, (2) that a low genetic susceptibility to obesity protects from an increase in
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BMI associated with higher intakes of proteins, lipids, and total energy, and (3) that taking into account
total energy intake dissipates most of the macronutrients contribution to mean BMI, but not the related

slope of BMI and interaction with genetic susceptibility.

Two recent-meta-analyses of 40 [9] and 20 [11] studies, including a large proportion of prospective
cohorts supported the association of a higher intake of SSB with increased BMI and risk of obesity in
childhood. Our study builds on these findings by showing that in childhood, the association between
juice and fruit drink intake and BMI increases with age, but only in girls. A similar association was
found exclusively in girls [39] and women [40] before, but our findings should be interpreted with
caution as the aforementioned meta-analyses did not investigate differences by sex. Importantly,
consumption of juice and fruit drinks in our study, which was measured up to age 4 years, did not

include carbonated beverages.

Our observation that a higher consumption of snacks is associated with a lower BMI at early age aligns
with previous evidence. Higher intake of sweets and snacks tends to lead to lower BMI with several
studies reporting a decrease in body weight related to higher intake of sweets [11]. Although the
associations of juice and fruit drinks and snacks in opposite directions seem counter-intuitive, a
possible explanation for this observation stems from the context of the consumption of specific types of
food. Sweets and snacks are often eaten between meals, which could lead to a decrease in appetite at
subsequent meals [11]. Furthermore, the association between higher intake of fruits and vegetables and
lower BMI grew stronger with age. The consumption of fruits and vegetables is encouraged in children
to decrease the risk of obesity [7], However, studies found only weak to no evidence for an association
between a higher consumption of fruits and vegetables and a reduction in BMI in children [11,
41].Thus, our study adds robust evidence in favour of higher fruits and vegetables consumption

recommendations in childhood.

Our study showed a clear association of higher intakes of proteins, lipids, carbohydrates, and total
energy at age 4 years with higher BMI throughout childhood. It is generally accepted that energy
intakes play an important part in the etiology of the accumulation of body fat, but there is still
uncertainty about exactly what extent macronutrients contribute to the buildup of body fat in the body
[42]. Although there is evidence that carbohydrate and lipid intake affect weight change in adults [43,
44], the current literature concerning how the composition of macronutrients in diets influence body
weight in childhood is limited [45]. Our study adds to the current literature by showing that the
association between the consumption of macronutrients (lipids, carbohydrates, and proteins) and BMI
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is seemingly present only when not accounting for energy intake. This aligns with a previous meta-
analysis that reported that the carbohydrate composition of a diet is not significantly associated with the
risk of obesity [44], suggesting that most of the attributed risk of increased consumption of
carbohydrates is related to the increase in energy intake. Energy intake may attenuate the associations
between macronutrients and BMI, but the associations with the slope of BMI remained unchanged. As
the explanation behind the conservation of the associations with BMI slope, but not the associations
with age-specific BMI, remains elusive, future research will be needed to investigate this question in
more detail. Finally, the absence of significant association of protein intake at age 4 years with BMI
slope in conjunction with strong associations from 4 to 13 years also aligns with the literature. Higher
consumption of protein in the first years of life (0-24 months) was associated with higher BMI later in

childhood in two recent meta-analyses of prospective studies [46, 47].

Not everyone exposed to the same modern obesogenic environment characterized by easily accessible
unhealthy eating options and a sedentary lifestyle develops obesity. This likely stems from the complex
interplay between environmental and genetic factors [48]. Identifying interactions between genetic
susceptibility to obesity and dietary factors could be important in revealing individuals who are more
likely to benefit from specific dietary interventions or prevention methods. We found that the adult-
derived PGS modified the association between consumption of proteins, lipids, and total energy and
BMI. Previous investigations on the interaction between PGS for obesity and macronutrients are
mixed: some studies observed significant interactions with proteins [27], lipids [22, 27, 28], and energy
intake [27], and others did not [24, 29]. Our results offer valuable insights considering that only one of
the aforementioned studies was prospective [22] and all examined dietary intake and BMI data in
adulthood. Interestingly, the previously mentioned studies used different methods to adjust energy
intake. One adjusted total macronutrient intakes with energy consumption [27], two [24, 28] examined
proportions of the diet allotted to specific macronutrients, and one did not take into account energy
intake [29]. Our study aligns with the only other study [27] that found interactions with total protein
and lipid intake after adjustment for total energy intake. Our observation that genetic susceptibility also
modified the association between the consumption of meat and BMI could stem from the interaction

with protein intake.

Consumption of SSB is the type of food that has been the most observed to interact with a PGS related
to BMI [19, 20, 49]. PGSs for BMI have also been shown to modify the association of fruit and
vegetable intake [21-23, 50] or a more broadly healthy eating diet with BMI. The consumption of juice
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and fruit drinks, sweets and snack foods, and fruits and vegetables was not found to interact with
genetic susceptibility in our study. This could be explained by differences across studies in how the
consumption of food was measured; for example, our beverage variable incorporated juice and fruit
drinks but not carbonated sweetened beverages, as noted. Overall, we found that only the PGS derived
from adult data, but not from children, modified the relationship between dietary intakes and BMI. This
is consistent with the observation that an adult-derived PGS may be able to capture higher BMI

variation compared to child-derived PGS as early as 3 years of age [51].

Generally, interaction studies provide clarity to what sub-group of a population or in what
circumstances an exposure influences a trait [48]. Our results suggest that protein, lipid and energy
intake affect body weight, especially in genetically susceptible children. Considering obesity
interventions could be better tailored to individuals for better results [52], genetic susceptibility may
indicate which individuals to target. Still, the use of PGS in a clinical setting to identify individuals at
higher risk of obesity is not common. PGS predicting BMI cannot identify individuals at higher risk of
obesity with appropriate accuracy [53]. However, the presence of an interaction between dietary
intakes and a PGS in relation to BMI implies that it may be possible to reduce the effect of genetic
factors on body weight by acting on the dietary habits of children. Thus, understanding which foods
and macronutrients could have even more impact on genetically susceptible children remains an

important undertaking.

The use of a longitudinal design is an important strength of the study that allowed us to portray the
influence of dietary intake on body weight throughout childhood in more detail, as a cross-sectional
design would have missed crucial patterns of associations. We also used PGSs that were derived using
a method incorporating hundreds of thousands of genetic variants, capturing a more diverse array of
biological mechanisms related to obesity compared to methods limited to a few dozen variants.
Additionally, completing the analyses adjusting for total energy intake revealed important distinctions
that are often omitted when simply using one of the two possibilities. Although self-report measures of
food intake were used with food frequency questionnaires, we leveraged multiple time points to obtain
a more robust estimate. In addition, we used 24h dietary recall interviews to estimate macronutrient and
energy intake, which produce good estimations of population dietary intakes and are a cornerstone of
national nutrition surveys in Canada [54]. We also note some limitations. First, despite adjusting
regression models with potential confounders and opting for a weighted approach to mitigate attrition

bias, unmeasured factors that could not be included as covariates (e.g., level of physical activity) or in
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the weighting approach could still bias the resulting associations. Second, although BMI is commonly
used to represent fat accumulation in the body, it remains an imperfect measure that hardly
differentiates between lean and fat mass and is blind to the location of fat mass, which can have a
different impact on health outcomes. Third, although we tested if sex modified the associations we
studied, some of those tests were three-way interactions (e.g., PGS, energy intake, sex) which usually
require large sample sizes to obtain sufficient power. Therefore, larger studies may be needed to
explore these questions more specifically. Finally, considering we used a PGS based on summary
statistics from populations of European ancestry, our results may not be generalizable to populations of

non-European ancestry.

Overall, using a longitudinal design and incorporating genetic factors in our study provide a robust
approach to investigating the association between dietary intakes and BMI change in childhood. We
observed that lower consumption of fruits, and vegetables as well as a higher consumption of
macronutrients (proteins, lipids, carbohydrates), and total energy was associated with higher BMI at
different points throughout childhood. We also note that the association between some dietary intakes
and BMI increased with age (fruits and vegetables, lipids, carbohydrates, and total energy), or
increased with genetic susceptibility (proteins, lipids, and total energy). Those results highlight that the
effectiveness of obesity prevention efforts that target dietary intake may depend on individual genetic

susceptibility to higher body weight.
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Table 6-1. Characteristics of study participants with food intake and macronutrient and energy

intake data available.

Characteristic Food intake N=1793 Macronutrient intake N=1513
Categorical variables % n % n
Sex

Girl 50.1 898 49.2 (745) 745

Boy 49.9 895 50.8 (768) 768
Preterm birth

Yes 4.9 87 4.8 (73) 73

No 95.1 1706 95.2 (1440) 1440
Maternal age at birth

<20 years 2.6 46 2.3 (35) 35

20-34 years 83.8 1502 84.1(1272) 1272

> 35 years 13.7 245 13.6 (206) 206
Maternal education

Secondary education or less 43.2 775 42.3 (640) 640

Post-sec. education 56.8 1018 57.7 (873) 873
Household income

<30000% 28.2 505 27.3 (413) 413

30 000 — <60 000$ 41.5 744 42.2 (638) 638

60 000 — <80 000$ 15.7 281 16.0 (242) 242

>80 000$ 14.7 263 14.5 (220) 220
Born in Canada 90.7 1626 91.3 (1381) 1381
Continuous variables Mean SD Mean SD
Birth weight, kg 3.40 0.50 3.40 0.50
BMI at 4 years, kg/m? 15.76 1.81 15.76 1.81
BMI at 8 years, kg/m? 16.74 2.59 16.74 2.59
BMI at 13 years, kg/m? 20.96 4.16 20.10 4.02
Juice and fruit drinks, times/day 1.39 0.49 - -
Sweets and snacks, times/day 0.66 0.34 - -
Meats, times/day 1.03 0.30 - -
Fruits and vegetables, times/day 2.74 0.81 - -
Proteins, 100g per day - - 0.60 0.23
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Lipids, 100g per day - - 0.58
Carbohydrates, 100g per day - - 2.19
Total energy, 1000 kcals per day - - 1.61

N, sample size. SD, standard deviation. Kcals, kilocalories.

Danick Goulet

0.22
0.68
0.46
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Table 6-2. Age-specific association between food, macronutrient and energy intake, and BMI at 4, 8, and 13 years, and association

with change in BMI with age.

Model

Food intake

Juice and fruit drinks

Sweets and snacks

Meats

Fruits and vegetables

Macronutrient intake

Proteins
Lipids
Carbohydrates
Total energy

A (B) © (D)

BMI 4 years BMI 8 years BMI 13 years BMI slope

B (95% CI) p-value | B (95% CI) p-value | B (95% CI) p-value | B (95% CI) p-value
-0.03 (-0.20, 0.14) 0.760 0.13 (-0.11, 0.36) 0.303 0.35 (-0.08, 0.78) 0.108 0.04 (-0.00, 0.09) 0.073
-0.36 (-0.61, -0.12) | 0.004 -0.33 (-0.67, 0.02) 0.062 -0.27 (-0.88, 0.34) 0.391 0.01 (-0.05, 0.08) 0.745
-0.07 (-0.34, 0.21) 0.638 0.09 (-0.29, 0.48) 0.630 0.20 (-0.49, 0.90) 0.567 0.03 (-0.04, 0.10) 0.416
-0.05 (-0.16, 0.06) 0.365 -0.18 (-0.33,-0.03) | 0.016 -0.37 (-0.62, -0.11) | 0.005 -0.03 (-0.06, -0.01) | 0.012
0.81(0.44, 1.18) <0.001 | 0.98 (0.43, 1.52) <0.001 | 1.19(0.22,2.17) 0.016 0.04 (-0.06, 0.14) 0.410
0.76 (0.37, 1.15) <0.001 | 1.23(0.67, 1.80) <0.001 | 1.79(0.79,2.79) <0.001 | 0.11(0.01, 0.22) 0.031
0.31(0.18, 0.44) <0.001 | 0.49 (0.30, 0.68) <0.001 | 0.72(0.39, 1.05) <0.001 | 0.05(0.01, 0.08) 0.009
0.51(0.32, 0.70) <0.001 | 0.79 (0.52, 1.06) <0.001 | 1.13(0.65,1.61) <0.001 | 0.07(0.02,0.12) 0.007

BMI, body mass index. CI, confidence interval. Estimated association between food, macronutrient and energy intakes and (A) BMI at 4 years, (B) BMI at 8 years, (C)

BMI at 13 years, and (D) BMI slope (intake x age interaction) with 95% CI using linear mixed models. All coefficients estimated based on the model described in

equation B, which includes the following covariates: sex, birthweight, maternal education, sufficient income, and whether the mother was born in Canada. Significance

threshold (bold) set at 0.05.
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Table 6-3. Coefficient for the interaction of food, macronutrient and energy intake with PGSs.

Model Child-derived PGS Adult-derived PGS
B (95% CI) p-value | B (95% CI) p-value

Juice and fruit drinks | 0.08 (-0.14, 0.31) 0.482 | -0.14(-0.38,0.11) 0.285
Sweets and snacks | 0.03 (-0.30, 0.37) 0.851 | -0.13(-0.49, 0.23) 0.474
Meats 0.07 (-0.33, 0.47) 0.741 | 0.46 (0.08, 0.85) 0.018
Fruits and vegetables | -0.01 (-0.17, 0.14) 0.866 | 0.07 (-0.09, 0.23) 0.392
Proteins 0.05 (-0.50, 0.59) 0.866 | 0.54(0.03, 1.06) 0.038
Lipids 0.53(-0.07, 1.12) 0.083 | 0.63(0.12, 1.13) 0.015
Carbohydrates 0.12 (-0.06, 0.31) 0.197 | 0.16(-0.03, 0.36) 0.107
Total energy 0.19 (-0.09, 0.47) 0.178 | 0.32(0.06, 0.58) 0.017

PGS, polygenic score. CI, confidence interval. Estimated interaction of food, macronutrient and energy intakes with the
child-derived and adult-derived PGS in relation to BMI level with 95% CI using linear mixed models. All coefficients
estimated based on the model described in equation C, which includes the following covariates: sex, birthweight, maternal

education, sufficient income, and whether the mother was born in Canada. Significance threshold (bold) set at 0.05.

139



Genetics of obesity risk and dietary habits

Danick Goulet

Table 6-4. Age-specific association of food, macronutrient and energy intake with BMI by PGS

value.

Model PGS: PGS: PGS:

mean score -1 SD mean score mean score +1 SD

B (95% CI) p-value | B (95% CI) p-value | B (95% CI) p-value
4 years
Proteins 0.47 (-0.27, 1.21) 0.210 1.01 (0.47, 1.55) <0.001 1.55(0.80, 2.30) <0.001
Lipids 0.28 (-0.47, 1.02) 0.468 0.90 (0.35, 1.45) 0.001 1.52(0.77, 2.28) <0.001
Meats -0.49 (-1.05, 0.07) 0.087 -0.04 (-0.45, 0.38) | 0.862 0.42 (-0.15, 0.99) 0.151
Total energy 0.27 (-0.10, 0.64) 0.154 0.58 (0.31, 0.86) <0.001 0.90 (0.52, 1.28) <0.001
8 years
Proteins 0.73 (-0.16, 1.61) 0.107 1.25(0.53, 1.98) 0.001 1.78 (0.89, 2.68) <0.001
Lipids 0.65 (-0.25, 1.55) 0.155 1.26 (0.52, 2.00) 0.001 1.87(0.96, 2.77) <0.001
Meats -0.27 (-0.94, 0.40) 0.427 0.16 (-0.39, 0.71) 0.577 0.58 (-0.09, 1.26) 0.092
Total energy 0.66 (0.22, 1.10) 0.003 0.97 (0.61, 1.33) <0.001 1.28 (0.83, 1.73) <0.001
13 years
Proteins 1.05 (-0.34, 2.43) 0.138 1.60 (0.31, 2.88) 0.015 2.14(0.75, 3.54) 0.003
Lipids 1.09 (-0.32, 2.50) 0.130 1.72 (0.40, 3.04) 0.011 2.34(0.93, 3.76) 0.001
Meats -0.10 (-1.14, 0.95) 0.855 0.37 (-0.60, 1.35) 0.453 0.85(-0.21, 1.90) 0.116
Total energy 1.13(0.44, 1.82) 0.001 1.45(0.80, 2.09) <0.001 1.76 (1.07, 2.46) <0.001

PGS, polygenic score. CI, confidence interval. Estimated association of food, macronutrient and energy intakes with BMI
according to age and the adult-derived PGS with 95% CI using linear mixed models. All coefficients estimated based on the
model described in equation C, which includes the following covariates: sex, birthweight, maternal education, sufficient

income, and whether the mother was born in Canada. Significance threshold (bold) set at 0.05.
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Figure 6-1. Predicted trajectories of BMI throughout childhood by (A) the child-derived PGS, and (B)

the adult-derived PGS. Predicted value of BMI by age based on the value of PGS of -1 SD, mean,

+1 SD, based on equation A.
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Supplementary Figure 6-1. Flow chart depicting QLSCD study sample.
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Supplementary Table 6-1. Comparisons of characteristics of study participants with food intake

and genetic data and excluded QLSCD participants.

Characteristic Study sample Excluded QLSCD p-value SMD
N=706 N=1414
Categorical variables, % (n)
Sex <0.001 0.182
Female 55.1(389) 46.0 (651)
Male 44.9 (317) 54.0 (763)
Preterm birth 0.738 0.020
Yes 5.0(35) 4.5 (64)
No 95.0 (671) 95.5 (1350)
Maternal age at birth 0.092 0.106
<20 years 1.7 (12) 3.3(47)
20-34 years 84.3 (595) 83.5(1180)
> 35 years 14.0 (99) 13.2 (186)
Maternal education 0.003 0.140
Secondary education or less 39.8 (281) 46.7 (662)
Post-sec. education 60.2 (425) 53.3(752)
Household income 0.002 0.181
<30000$ 25.1(177) 32.3 (4495)
30 000 — <60 000$ 41.2 (291) 40.1 (552)
60 000 — <80 000$ 17.1 (121) 15.0 (206)
>80 000$ 16.6 (117) 12.6 (173)
Born in Canada 97.7 (690) 83.2(1177) <0.001 0.510
Continuous variables, mean £ SD
Birth weight, kg 3.42+0.49 3.40+0.50 0.354 0.043
Juice and fruit drinks, times/day 1.38 £0.48 1.40+0.50 0.375 0.041
Sweets and snacks, times/day 0.66 +0.35 0.66 +0.34 0.917 0.005
Meats, times/day 1.02+0.29 1.04 £0.32 0.176 0.064
Fruits and vegetables, times/day 2.83+0.77 2.67+0.83 <0.001 0.198

SD, standard deviation. SMD, standardized mean difference. Study participants included those (N = 706) who had complete

anthropometric, genetic, food intake, and covariate data available, and were thus part of the analyses with genetic data. Chi-

square test used for categorical variables, ANOVA test used for normally distributed continuous variables, and Wilcoxon

ran sum test used for non-normally distributed continuous variables. Significance threshold (bold) set at 0.05.
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Supplementary Table 6-2. Comparisons of characteristics of study participants with

macronutrient and energy intake and genetic data and excluded QLSCD participants.

Characteristic Study sample Excluded QLSCD p-value SMD
N=646 N=1474
Categorical variables, % (n)
Sex <0.001 0.170
Female 55.0 (35%) 46.5 (685)
Male 45.0 (291) 53.5(789)
Preterm birth 1.00 0.002
Yes 4.6 (30) 4.7 (69)
No 95.4 (616) 95.3 (1405)
Maternal age at birth 0.122 0.102
<20 years 1.7 (11) 3.3(48)
20-34 years 84.2 (544) 83.6 (1231)
> 35 years 14.1 (91) 13.2 (194)
Maternal education 0.001 0.166
Secondary education or less 42.2 (250) 46.9 (693)
Post-sec. education 61.3 (396) 53.1(781)
Household income 0.001 0.197
<30000$ 24.3 (157) 32.4 (465)
30 000 — <60 000$ 41.8 (270) 39.9 (573)
60 000 — <80 000$ 17.0 (110) 15.1 (217)
>80 000$ 16.9 (109) 12.6 (181)
Born in Canada 98.0 (633) 83.7 (1234) <0.001 0.511
Continuous variables, mean £ SD
Birth weight, kg 3.43+047 3.39+£0.51 0.096 0.080
Proteins, 100g per day 0.60+0.23 0.60 +0.23 0.603 0.027
Lipids, 100g per day 0.58 £0.23 0.57+£0.22 0.470 0.037
Carbohydrates, 100g per day 2.20+0.68 2.18+£0.67 0.560 0.030
Total energy, 1000 calories per day 1.61 £0.46 1.60 £ 0.46 0.634 0.025

SD, standard deviation. SMD, standardized mean difference. Study participants included those (N = 646) who had complete

anthropometric, genetic, macronutrient and energy intake, and covariate data available, and were thus part of the analyses

with genetic data. Chi-square test used for categorical variables, and ANOVA test used for normally distributed continuous

variables. Significance threshold (bold) set at 0.05.
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Supplementary Table 6-3. Age-specific association between juice and fruit drinks intake and BMI at 4, 8, and 13 years, and

association with change in BMI with age, by sex.

Model (A) (B) © D)
BMI 4 years BMI 8 years BMI 13 years BMI slope
B (95% CI) p-value B (95% CI) p-value B (95% CI) p-value B (95% CI) p-value
Girls
Juice and fruit drinks -0.06 (-0.30,0.18) | 0.632 0.25 (-0.08, 0.59) 0.142 0.68 (0.10, 1.27) 0.022 0.08 (0.02, 0.14) 0.008
Boys
Juice and fruit drinks -0.01 (-0.25,0.24) | 0.950 0.01 (-0.34, 0.35) 0.976 0.04 (-0.59, 0.66) 0.908 0.01 (-0.06, 0.07) 0.882

BMI, body-mass index. CI, confidence interval. Estimated association between juice and fruit drink intakes and (A) BMI at 4 years, (B) BMI at 8 years, (C) BMI at 13

years, and (D) BMI slope (intake x age interaction) with 95% CI using linear mixed models. All coefficients estimated based on the model described in equation B,

which includes the following covariates: sex, birthweight, maternal education, sufficient income, and whether the mother was born in Canada. Significance threshold

(bold) set at 0.05.
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Supplementary Table 6-4. Age-specific association between macronutrient intake and BMI at 4, 8, and 13 years, and association

with change in BMI with age, adjusted for total energy intake.

Model (A) (B) © D)

BMI 4 years BMI 8 years BMI 13 years BMI slope

B (95% CI) p-value B (95% CI) p-value B (95% CI) p-value B (95% CI) p-value
Macronutrient intake
Proteins 0.17 (-0.35, 0.70) 0.514 0.35 (-0.31, 1.00) 0.301 0.55 (-0.49, 1.59) 0.297 0.04 (-0.06, 0.14) 0.413
Lipids -0.42 (-1.12, 0.29) 0.247 0.02 (-0.80, 0.84) 0.959 0.61 (-0.55, 1.77) 0.303 0.11(0.01, 0.22) 0.031
Carbohydrates 0.03 (-0.22, 0.28) 0.831 0.20 (-0.08, 0.49) 0.166 0.44 (0.04, 0.83) 0.029 0.05 (0.01, 0.08) 0.009

BMI, body-mass index. CI, confidence interval. Estimated association between macronutrient intakes and (A) BMI at 4 years, (B) BMI at 8 years, (C) BMI at 13 years,
and (D) BMI slope (intake x age interaction) with 95% CI using linear mixed models. All coefficients estimated based on the model described in equation B, which
includes the following covariates: sex, birthweight, maternal education, sufficient income, whether the mother was born in Canada, and total energy intake. Significance

threshold (bold) set at 0.05.
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Supplementary Table 6-5. Age-specific association of juice and fruit drinks intake with BMI by PGS value, by sex.

Model

Girls
4 years
8 years
13 years
Boys
4 years
8 years

13 years

PGS: PGS: PGS: Drink x PGS
mean score -1 SD mean score mean score +1 SD
B (95% CI) p-value B (95% CI) p-value B (95% CI) p-value B (95% CI) p-value
-0.35(-0.69, -0.01) | 0.044
0.19 (-0.28, 0.66) 0.418 -0.15 (-0.49, 0.19) 0.381 | -0.50(-1.00,-0.00) | 0.049
0.64 (0.09, 1.19) 0.023 0.29 (-0.15, 0.74) 0.197 -0.05 (-0.63, 0.52) 0.862
1.20 (0.40, 2.01) 0.003 0.85(0.11, 1.59) 0.025 0.49 (-0.33, 1.32) 0.242
0.14 (-0.22, 0.50) 0.455
-0.01 (-0.53, 0.50) 0.957 0.12 (-0.24, 0.49) 0.503 0.26 (-0.25, 0.77) 0.314
-0.08 (-0.69, 0.54) 0.805 0.06 (-0.43, 0.55) 0.803 0.20 (-0.41, 0.81) 0.517
-0.13 (-1.13, 0.87) 0.797 0.01 (-0.93, 0.94) 0.989 0.14 (-0.86, 1.14) 0.777

PGS, polygenic score. CI, confidence interval. Estimated association of juice and fruit drinks intake with BMI according to age and the adult-derived PGS with 95% CI

using linear mixed models. All coefficients estimated based on the model described in equation C, which includes the following covariates: sex, birthweight, maternal

education, sufficient income, and whether the mother was born in Canada. Significance threshold (bold) set at 0.05.
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Supplementary Table 6-6. Age-specific association of protein and lipid intake with BMI by PGS value, adjusted for total energy

Danick Goulet

intake.

Model PGS: PGS: PGS:
mean score -1 SD mean score mean score +1 SD
B (95% CI) p-value B (95% CI) p-value B (95% CI) p-value

Nutrient x PGS
Proteins 0.56 (0.05, 1.07) 0.032 - - - -
Lipids 0.62(0.12, 1.12) 0.016 - - - -
4 years
Proteins -0.26 (-1.16, 0.65) 0.579 0.30 (-0.46, 1.05) 0.441 0.85 (-0.06, 1.76) 0.068
Lipids -1.06 (-2.18, 0.06) 0.063 -0.44 (-1.45, 0.56) 0.385 0.17 (-0.96, 1.30) 0.764
8 years
Proteins -0.02 (-1.05, 1.00) 0.965 0.52 (-0.37, 1.41) 0.254 1.06 (0.03, 2.09) 0.043
Lipids -0.70 (-1.92, 0.52) 0.263 -0.10 (-1.21, 1.02) 0.867 0.51(-0.72, 1.74) 0.420
13 years
Proteins 0.33 (-1.15, 1.81) 0.663 0.89 (-0.50, 2.28) 0.208 1.45 (-0.03, 2.93) 0.054
Lipids -0.25 (-1.89, 1.38) 0.762 0.37 (-1.19, 1.93) 0.643 0.99 (-0.65, 2.63) 0.237

PGS, polygenic score. CI, confidence interval. Estimated association of protein and lipid intakes with BMI according to age and the adult-derived PGS with 95% CI
using linear mixed models. All coefficients estimated based on the model described in equation C, which includes the following covariates: sex, birthweight, maternal

education, sufficient income, whether the mother was born in Canada, and total energy intake. Significance threshold (bold) set at 0.05.
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Supplementary Table 6-7. Age-specific association between food, macronutrient and energy intake and BMI at 4, 8, and 13 years,

and association with change in BMI with age, with IPW.

Model

Food intake

Juice and fruit drinks

Sweets and snacks

Meats

Fruits and vegetables

Macrconutrient intake

Proteins
Lipids
Carbohydrates
Total energy

Danick Goulet

A (B) © (D)
BMI 4 years BMI 8 years BMI 13 years BMI slope
B (95% CI) p-value B (95% CI) p-value B (95% CI) p-value B (95% CI) p-value
-0.03 (-0.21, 0.14) 0.725 0.12 (-0.12, 0.36) 0.314 0.34 (-0.08, 0.77) 0.115 0.04 (-0.00, 0.09) 0.077
-0.36 (-0.61, -0.11) | 0.005 -0.33 (-0.67, 0.02) 0.062 -0.28 (-0.89, 0.34) 0.375 0.01 (-0.06, 0.08) 0.776
-0.07 (-0.36, 0.21) 0.601 0.09 (-0.29, 0.48) 0.638 0.21 (-0.49, 0.90) 0.561 0.03 (-0.04, 0.11) 0.397
-0.06 (-0.17, 0.05) 0.323 | -0.18(-0.33,-0.04) | 0.015 | -0.36(-0.62,-0.11) | 0.006 | -0.03(-0.06,-0.01) | 0.015
0.78 (0.40, 1.17) <0.001 0.97 (0.43, 1.52) <0.001 1.20(0.22, 2.18) 0.016 0.05 (-0.06, 0.15) 0.375
0.76 (0.36, 1.16) <0.001 1.24 (0.67, 1.80) <0.001 1.78 (0.78, 2.79) 0.001 0.11(0.01, 0.22) 0.034
0.31(0.17, 0.44) <0.001 0.49 (0.30, 0.67) <0.001 0.71 (0.38, 1.04) <0.001 0.05 (0.01, 0.08) 0.011
0.51(0.31, 0.70) <0.001 0.79 (0.52, 1.06) <0.001 1.12 (0.64, 1.61) <0.001 0.07 (0.02, 0.12) 0.008

BMI, body-mass index. CI, confidence interval. Estimated association between food, macronutrient and energy intakes and (A) BMI at 4 years, (B) BMI at 8 years, (C)

BMI at 13 years, and (D) BMI slope (intake x age interaction) with 95% CI using linear mixed models. All coefficients estimated based on the model described in

equation B, which includes the following covariates: sex, birthweight, maternal education, sufficient income, and whether the mother was born in Canada. Significance

threshold (bold) set at 0.05.
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Supplementary Table 6-8. Coefficient for the interaction of food, macronutrient and energy

intake with PGSs, with IPW.,

Model

Juice and fruit drinks

Sweets and snacks

Meats

Fruits and vegetables

Proteins
Lipids
Carbohydrates
Total energy

Child-derived PGS

Adult-derived PGS

B (95% CI)
0.08 (-0.14, 0.31)
0.05 (-0.29, 0.38)
0.03 (-0.36, 0.43)
-0.03 (-0.18, 0.13)
0.03 (-0.52, 0.59)
0.57 (-0.04, 1.18)
0.13 (-0.06, 0.32)
0.20 (-0.08, 0.49)

p-value
0.466
0.788
0.867
0.719
0.902
0.066
0.174
0.155

B (95% CI)
-0.13 (-0.38, 0.12)
-0.13 (-0.49, 0.23)
0.46 (0.08, 0.85)
0.07 (-0.08, 0.23)
0.59 (0.07, 1.11)
0.63 (0.12, 1.14)
0.17 (-0.03, 0.36)
0.32 (0.06, 0.59)

p-value
0.301
0.478
0.018
0.355
0.025
0.016
0.101
0.015

PGS, polygenic score. CI, confidence interval. Estimated interaction between food, macronutrient and energy intakes and

the child-derived and adult-derived PGS in relation to BMI level with 95% CI using linear mixed models. All coefficients

estimated based on the model described in equation C, which includes the following covariates: sex, birthweight, maternal

education, sufficient income, and whether the mother was born in Canada. Significance threshold (bold) set at 0.05.
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Supplementary Table 6-9. Age-specific association of food, macronutrient and energy intake with

BMI by PGS value, with IPW.

Model

4 years
Proteins
Lipids
Meats

Total energy
8 years
Proteins
Lipids
Meats

Total energy
13 years
Proteins
Lipids
Meats

Total energy

PGS: PGS: PGS:
mean score -1 SD mean score mean score +1 SD
B (95% CI) p-value B (95% CI) p-value B (95% CI) p-value
0.43 (-0.31, 1.18) 0.255 1.02 (0.47, 1.58) <0.001 1.61 (0.85, 2.38) <0.001
0.28 (-0.47, 1.03) 0.463 0.91 (0.34, 1.47) 0.002 1.53(0.76, 2.30) <0.001
-0.48 (-1.06, 0.10) 0.107 -0.03 (-0.46, 0.40) 0.890 0.42 (-0.16, 0.99) 0.157
0.26 (-0.12, 0.64) 0.179 0.58 (0.30, 0.86) <0.001 0.90 (0.51, 1.29) <0.001
0.66 (-0.22, 1.55) 0.143 1.25(0.53, 1.98) 0.001 1.85(0.95, 2.75) <0.001
0.65 (-0.25, 1.55) 0.155 1.25(0.51, 2.00) 0.001 1.86 (0.95, 2.77) <0.001
-0.26 (-0.93, 0.42) 0.456 0.15 (-0.40, 0.70) 0.585 0.56 (-0.12, 1.24) 0.104
0.65(0.21, 1.09) 0.004 0.96 (0.60, 1.32) <0.001 1.28 (0.83, 1.73) <0.001
0.97 (-0.42, 2.36) 0.171 1.57(0.27, 2.86) 0.018 2.16 (0.77, 3.56) 0.002
1.06 (-0.35, 2.48) 0.141 1.69 (0.37, 3.01) 0.012 2.32(0.90, 3.74) 0.001
-0.11 (-1.15, 0.94) 0.843 0.36 (-0.62, 1.33) 0.475 0.82(-0.24, 1.88) 0.129
1.11(0.42, 1.80) 0.002 1.43 (0.79, 2.08) <0.001 1.76 (1.07, 2.46) <0.001

PGS, polygenic score. CI, confidence interval. Estimated association of food, macronutrient and energy intakes with BMI

according to age and the adult-derived PGS with 95% CI using linear mixed models. All coefficients estimated based on the

model described in equation C, which includes the following covariates: sex, birthweight, maternal education, sufficient

income, and whether the mother was born in Canada. Significance threshold (bold) set at 0.05.
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CHAPTER 7 - DISCUSSION

7.1 Summary of main findings

Using data from a birth cohort study that followed children born in 1997-1998, this thesis leveraged
PGS to study the interplay between dietary habits and genetic susceptibility in relation to body weight.
We first constructed two PGS derived from adult and children GWAS summary statistics to compare
their association with BMI z-score and risk of obesity. Then, we used those two PGS to examine if
eating behaviours (fussy eating and over-eating) assessed in early childhood mediate the association
between adult-and child-derived PGS and BMI z-score. Finally, we estimated the association between
preschool dietary (food, macronutrient, and energy) intakes and childhood BMI (mean and change with

age) and examined if the adult- and child-derived PGS can modify those associations.

7.1.1 Manuscript 1

The findings from the first manuscript (see Chapter 4) suggest that both PGS are good indicators of
genetic susceptibility to obesity. However, the adult-derived PGS had a stronger predictive ability
across levels of analyses, compared to the child-derived PGS. Although both scores identified marked
differences in BMI z-scores and proportion of obesity between children in the first PGS quintile
compared to those in the fifth quintile, the adult-derived score identified a higher gradient, especially
starting at 8 years of age. For instance, the difference in the proportion of obesity (1% vs. 5 quintile)
increased drastically from 4 to 6 years (6.8%-9.7%) to 8-13 years (15.4%-18.2%) for the adult-derived
PGS, whereas the difference remained more stable from 4 to 13 years for the child-derived PGS (9.2%-
13.6%). The adult-derived PGS also consistently captured a higher proportion of variance of BMI z-
score from 4 to 13 years (3.9% to 10.4%), compared to its child-derived counterpart (3.5% to 6.9%).
Nonetheless, the child-derived PGS had a stronger association with the risk of obesity from 4 to 7 years
(ORchilg 1.75-2.33 vs. ORaquit 1.74-2.06), highlighting its utility in specific circumstances.
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The results presented in this thesis are significant in 3 ways. First, the longitudinal design used in the
study allowed to describe in detail through time the contribution of common variants to BMI variation
and the risk of obesity in childhood. Notably, our results align with previous observations [16]
suggesting that genetic variants influencing adult BMI already emerge in childhood. Second, from a
methodological perspective, our results support the current use of adult-derived PGS to represent
genetic susceptibility to higher BMI in childhood in most circumstances. Our results align with two
previous investigations [128, 129] that showed that adult-derived PGS have better performance
compared to child-derived PGS. An important caveat is the inequality in terms of GWAS sample size,
which can produce naturally more accurate adult-derived PGS, compared to a child-derived PGS,
which renders direct comparison more difficult. Third, although the child-derived PGS performed
worse in most metrics, the score still yielded a higher proportion of variance explained compared to the
few child-derived PGS available in the literature, which explained 3.6% of childhood BMI variation at
most [21]. This is likely due to our use of a PGS construction method allowing for the inclusion of
thousands of variants using statistical shrinkage, compared to other scores [21, 97, 128] that limited the

inclusion to a subset of statistically significant variants.

7.1.2 Manuscript 2

In Chapter 5, employing linear regression, we observed that both PGS were significantly associated
with fussy eating (Benila: -0.14, 95% CI: -0.24;-0.04, p=0.007; Bagui: -0.11, 95% CI: -0.21;-0.01,
p=0.030) and over-eating (Benita: 0.13, 95% CI: 0.07;0.20, p<0.001; Badur: 0.15, 95% CI: 0.08;0.22,
p<0.001). Using longitudinal growth curve mediation analysis, we confirmed that over-eating, but not
fussy eating, mediated the association between both the adult-derived and the child-derived PGS on
BMI z-scores from 6 to 13 years of age, with the proportion mediated decreasing as the children got
older. Indeed, the proportion mediated by over-eating decreased from 18.0% to 11.4% for the child-
derived PGS, and from 14.2% to 6.2% for the adult-derived PGS. Further analysis revealed that the
decreasing level of mediation was due to the negative association of over-eating with the slope of BMI
z-scores (i.e., the effect of over-eating on BMI z-scores decreased with time). The structural nature of
the analysis also revealed a positive direct association between the adult-derived, but not the child-
derived, PGS and the slope of BMI z-scores (B = 0.012 kg/m? per year and one SD of the PGS),

explaining the higher rate of decrease in mediation for the adult-derived PGS. The absence of
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mediation for fussy eating was explained by an association close to the null between fussy eating and

BMI z-score (intercept and slope).

Our results add important evidence in support of the behavioural theory, where studies confirming the
mediation of individual genetic susceptibility to obesity (measured using PGS) through appetite-related
behaviours were few in children specifically. The results presented in this manuscript also complement
those obtained in manuscript 1 in two ways. First, although the adult-derived PGS explain a higher
proportion of BMI variance, the child-derived PGS may be better suited to capture appetite-related
behaviours underpinning the genetic susceptibility to obesity in childhood. Second, the observed
increase over time of the effect of the adult-derived PGS on BMI z-score supports the conclusion of the

first manuscript on the emergence of adult BMI-related variants in childhood and adolescence.

7.1.3 Manuscript 3

Leveraging linear mixed models to consider the repeated measures of BMI, we showed in Chapter 6
that a lower consumption of fruits and vegetables, and a higher consumption of juice and fruit drinks
(in girls), proteins, lipids, carbohydrates, and total energy at 4 years is associated with higher BMI from
4 to 13 years. We also found that the associations with BMI increased with age (kg/m? per year) for
fruits and vegetables (B: -0.03, 95%CI: -0.06;-0.01), lipids (B: 0.11, 95%CI: 0.01;0.22), carbohydrates
(B: 0.05, 95%CI: 0.01;0.08), and total energy (B: 0.07, 95%CI: 0.02;0.12). This is consistent with the
general energy balance theory that posits that the accumulation of adiposity is related to increased food
intake in response to changes in the food environment. More specifically, the energy balance theory
highlights the predominant role of the central nervous system in aggregating both internal (e.g.,
hormones or signals of energy status) and external (e.g., availability and marketing of energy-dense
foods) stimuli to regulate food intake and body weight [206]. Contrary to some theoretical models
arguing that diets rich in carbohydrates are the primary driver of the increase in the prevalence of
obesity [207], we observed that the associations of all three macronutrients with BMI were mitigated
when adjusting for total energy intake. This evidence supports previous findings that the primary
metabolic driver of obesity is an excess of calorie intake due to several dietary factors beyond diet

composition [206].
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Similarly, we also observed that the associations between proteins (B: 0.54, 95%CI: 0.03;1.06), lipids
(B: 0.63, 95%CI: 0.12;1.13), and total energy ((B: 0.32, 95%CI: 0.06;0.58) intake and BMI were
stronger in children with higher values of the adult-derived PGS. Combined with the results from the
second manuscript discussed earlier about the mediating role of over-eating in genetic susceptibility to
obesity, this also aligns with, and presents evidence for, the behavioural susceptibility theory.
Individuals at high genetic risk of obesity would be more vulnerable to the effects of increased food
intake, especially since a large part of the genetic susceptibility is translated through appetite
regulation. Showcasing that individuals at higher genetic risk are more susceptible to the effects of the
diet on BMI is also noteworthy, as this emphasizes the need for obesity prevention efforts creating a
healthier food environment that could mitigate the inherent differential genetic susceptibility in

children.

7.2 Contributions to public health and clinical care

The results obtained from this thesis benefit public health efforts and clinical care for obesity in three
ways. First, although it is not possible to modify an individual’s genotype, mediation and interaction
analyses can help identify modifiable factors translating or attenuating the effects of genetic
susceptibility on body weight. Second, observational evidence gathered from this thesis can help refine
theoretical models crucial to design more effective childhood obesity prevention strategies. Third, our
results added information regarding the use of PGS as an emerging tool for stratifying individuals

based on their obesity risk.

7.2.1 Identify targets for obesity prevention and management

The identification of optimal targets for obesity management and prevention is an incentive for both the
mediation and interaction analyses conducted throughout this thesis. Indeed, it may not always be
possible, or optimal, to act on important disease risk factors. Mediation analyses can help pinpoint

targets for interventions that play an intermediary role in the development of a disease [23]. Similarly,
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although it is not feasible to intervene directly on some exposures, it may be possible to act on their
moderators [23]. Our results from the first manuscript confirmed that individual differences in genetic
susceptibility are a major determinant of variability in BMI starting early in life. Considering it is not
possible to directly change an individual’s genotype, an alternative solution is to target interventions on
behaviours translating genetic susceptibility, or on factors accentuating or attenuating the effect of
genetic factors on actual phenotypic variance. However, there is a concerning lack of evidence in
children, specifically regarding the interplay between BMI-PGS and dietary factors for those two
aspects. We identified over-eating as an important intermediate in the association between PGS and
BMI z-score as early as four years of age. Our results also suggest the presence of an interaction
between specific dietary intakes and the adult-derived PGS in relation to childhood BMI. Although, our
study showed the inverse relationship, the presence of an interaction also implies that a diet
characterized by lower energy, lipid and protein intake may attenuate the effect of a PGS on BMI.
Incidentally, the results gathered in the second and third manuscripts add crucial evidence in childhood,
revealing that appetite-related behaviours and dietary intakes may be good targets for intervention and

prevention.

Those two contributions to knowledge fall in line with the observation that most obesity prevention
efforts and interventions aimed at children follow an individual-driven behavioural approach. However,
this type of approach has only yielded minimal long-term efficacy in reducing the burden of obesity in
children [208]. Rather, approaches with a focus on the family as a complete unit have found more
success in the treatment of obesity in young children [37]. This is coherent with the biopsychosocial
model of health first developed by George L. Engel in 1977 [209]. Applied to childhood obesity, the
model emphasizes that children’s diet and appetitive traits mediate the effect of biological and genetic
factors on body weight, and that parental feeding styles and practices are crucial in shaping their
children’s behaviours [210]. The longitudinal design used throughout the three manuscripts allowed us
to provide evidence that 1) the effect of a PGS derived from adult GWAS summary statistics on BMI
increases through time, accompanied by a decrease in the relative proportion mediated through over-
eating, and 2) the protective effect of the consumption of fruits and vegetables, and the nefarious effect
of a higher caloric load on BMI increases through childhood. Practically speaking, this suggests that
parental feeding styles may have the most impact on their child’s eating behaviours in early childhood,
highlighting the need to act on the whole family as early as possible. Furthermore, as children age, it
may be necessary to act on more distal environments (e.g., food marketing) since they become

progressively more independent in their food choices.
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7.2.2 Reinforcing the conceptual framework of obesity

The results presented in this thesis can also help reinforce or refine conceptual frameworks for the
development of obesity. In turn, public health and clinical care can benefit from this evidence, since
accurate theoretical models of the development of obesity are essential in tailoring obesity prevention
efforts and interventions to the mechanisms likely to have the most impact. While there is evidence that
the increasingly unhealthy food environment is a primary driver responsible for the rise of obesity in
the past decades [11], a complete theoretical model should integrate genetic factors and their interplay
with environmental drivers of obesity in the pathogenesis of obesity. As a reminder, the behavioural
susceptibility theory postulates that appetite-related behaviours translate a large part of the genetic
component of obesity [131]. According to that theory, individual differences in body weight come from

varying levels of genetic susceptibility to the exposure of an obesogenic environment.

The theory hinges on four central hypotheses that are expanded upon in a recent publication [18]. We
were able to support two of them with evidence from our manuscripts. The first states that “appetite
[...] mediates genetic influence on weight in early life” (p.2) [18]. Mediation analyses can help better
understand specific causal pathways [23]. For example, although there is evidence that body weight
and eating behaviours have a small to moderate genetic correlation [18] suggesting they share a
common genetic architecture, one could ask whether the genetic variants affect body weight and eating
behaviours independently or if eating behaviours are in the pathway between the effect of genetic
variants and variations in body weight. The central nervous system, and more specifically the leptin-
melanocortin biological pathway, is an important facet of the regulation of appetite [15]. MC4R
neurons within the hypothalamus can promote or discourage food intake based on downstream signals
from the concentration leptin hormone, which circulates in function with fat mass and changes in
energy intake [15]. Although there is convincing evidence that eating behaviours and BMI share a
common genetic architecture [211], there is a lack of longitudinal studies examining if eating
behaviours mediate the association between BMI-PGS and adiposity-related traits, especially in
children. We were able to address those limitations and incidentally support the behavioural
susceptibility theory by showing that the association between two PGS and BMI z-score from 6 to 13
years was mediated through over-eating expressed from 2 to 6 years of age. The confirmation of

mediation for both the adult- and the child-derived summary statistics is important because the few
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studies [ 158-160] addressing this question in childhood used PGS derived from either exclusively adult
summary statistics, or a combination of adult and child summary statistics. Our results are also
complementary with prior investigations [212, 213] showing that higher values of a BMI-PGS were
associated with lower volume and thickness of brain regions related to eating behaviours and reward

regulation.

A second hypothesis posits that there is “[...] gene-environment interaction in weight development in
early life” (p.2) [18]. There is already convincing evidence from twin studies supporting the presence
of an interaction between genetic and environmental factors in relation to body weight at the population
level. Notably, these investigations showed that children in environments classified as more obesogenic
(e.g., parents with lower educational attainment [145], or living in high obesity risk homes [22]) have
higher genetic variation in BMI. At the individual level, environmental exposure could be reflected by
individual differences in dietary intakes. We were able to observe that the effect of higher total energy,
protein, and lipid intake on BMI is increased in children with a higher value of a BMI-PGS. Although
similar results had previously been obtained in adults, there was a lack of such observations in samples
composed of children. Although our results focused on proximal factors (food, macronutrient, and
energy intakes), it is likely that individual differences in dietary intake stem from more distal
environmental exposures. In fact, our results complement previous results of over 300,000 adults
showcasing that the association between home proximity to fast-food chains was higher in individuals
with a higher value of a BMI-PGS [214]. In general, our results highlight the interplay between genetic
factors and dietary habits in the development of obesity and thus support measures taken to build a
healthier food environment. Indeed, a crucial part of obesity prevention efforts is aimed at changing
environmental factors driving the overall increase in obesity prevalence apparent in the past few
decades. Policy interventions targeting more distal systemic drivers of obesity (e.g., government
policies promoting overconsumption) and environmental drivers related to food supply promoting

higher energy intake can be leveraged to offer a healthier environment [11].

According to a recent evaluation of the current food environment in Canada based on policies and
actions taken by different levels of the government, the food environment does not incite the
consumption of a healthy diet [215]. More specifically, the evaluation highlighted that although the
restrictions applied to food marketing to children in Quebec were recognized as an international
benchmark, this aspect of policy remains an area of concern for the rest of Canada [215]. This is

concerning considering we have added rare evidence at the individual level showcasing the interplay

165



Genetics of obesity risk and dietary habits Danick Goulet

between genetic susceptibility and dietary habits already starts in childhood. Additionally, the report
highlights that intake targets of specific foods and macronutrients, especially fruits and vegetables are
fundamental aspects in providing a healthier food environment in Canada [215]. Our results support
this conclusion, since we showed that a higher consumption of fruits and vegetables is associated with

progressively lower BMI throughout childhood.

Overall, the theoretical frameworks for obesity supported from evidence gathered through the present
thesis and the literature support that a multidimensional approach is necessary to address the epidemic
of obesity. Indeed, public health measures aimed at limiting the burden of obesity must include 1)
health promotion and individual interventions applied to the behavioural patterns (e.g., over-eating)
responsible for translating genetic susceptibility to obesity, and 2) policy-led solutions to target
systemic and environmental drivers of obesity that are essential in accentuating or attenuating the

inherent differences in susceptibility between individuals [11].

7.2.2 Usefulness of PGS for clinical care

In terms of clinical utility, the aspiration is for PGS to be implemented when obesity is not yet present
as a tool to stratify individuals based on their obesity risk [216]. Due to the relatively low cost of
genotyping procedures for PGS [217], it may be possible to implement such a tool in the general
clinical care practice to inform personalized prevention and follow-up plans. However, current PGS
(including the adult-derived and child-derived BMI-PGS developed for this thesis) only have weak
predictive ability [15], suggesting that they may not have a meaningful clinical role on their own. The
adult-derived PGS used in this thesis revealed associations with BMI z-scores (3.9%-10.4% variance
explained from 4 to 13 years of age) and risk of obesity (0.65-0.74 AUC). This PGS compared
favourably with others constructed using pruning and threshold methods that account for 4.2% to 6.6%
of BMI variation in children [123, 124, 127]. However, the association between a PGS and a phenotype
or high relative risk of disease does not necessarily translate to high discriminatory ability of a PGS,
which is a clinically more useful measure of prediction [218]. For instance, just over 25% of children in
the top quintile of the adult-derived PGS were afflicted with obesity at 13 years of age, meaning that,
although at the highest risk of obesity, the majority of children at the higher end of the PGS distribution
would still not be categorized as such. Nonetheless, most individual risk factors are not meant to be
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used alone, but rather in combination with assessment tools to offer meaningful predictions. For
example, risk prediction models for cardiovascular disease with good prediction usually combine
multiple behavioural, biological, familial, or environmental risk factors, which on their own would not
be able to properly predict disease risk [101, 219]. There is also evidence that integrating PGS with

other genetic and non-genetic determinants could enhance the screening of breast cancer [220].

Alternative clinical utilities can also be considered, including sharing genetic risk information to induce
behavioural changes in patients, or helping the decision process of treatment options using genetic
information. Although primary care providers may be receptive to the introduction of PGS in their
regular practice, additional evidence for their clinical utility is needed [221], especially considering
evidence suggests providing individuals with genetic risk information is only slightly effective [222] or
not effective [107, 223] in provoking behaviour change, with concerns for demotivation and increased
anxiety [223]. More specifically, providing genetic risk information to a sample of 190 parents of 3- to
7-year-old children does not improve parental feeding [224]. Another potential clinical use of PGS
includes the help of treatment decision making by determining if individuals have different reactions to
treatments depending on their genetic background. For example, a previous investigation suggests that
individuals at higher genetic risk of cardiovascular disease may respond more favourably to treatment
by statins to limit the risk of coronary events [101, 225]. Regarding obesity treatment more specifically,
GLP-1 receptor agonists are pharmacological treatments for type-2 diabetes that can also have a
substantive effect on weight loss. There is emerging evidence that individuals carrying specific alleles
may benefit more from these treatments compared to non-carriers [226]. Albeit beyond the scope of

this study, this evidence highlights the potential role of genetic testing for the treatment of obesity.

7.3 Thesis strengths and limitations

7.3.1 Strengths

The PGS developed for the purpose of the research undertaken in this thesis were computed using
Bayesian shrinkage techniques, which allowed for the inclusion of hundreds of thousands of genetic

variants across the genome accounting for LD. Those types of scores are recognized as being able to
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explain a larger proportion of phenotypic variance compared to pruning and thresholding methods
[119]. Obesity is a complex disease where a wide array of biological processes is implicated in its
development. Therefore, using those types of PGS allowed to capture as much as those processes as
possible. In addition, using PGS derived from GWAs summary statistics from both adults and children
allowed us to document the differences in prediction between the scores. Despite the overlap in genetic
variants predicting BMI in children and adults, the unique contributions of PGS can differ, as new
genetic variants can emerge in early childhood [17]. Using two different PGS sets this research apart
from other investigations, as most studies measuring genetic susceptibility to obesity in childhood

using a PGS only incorporate a single tool.

The use of longitudinal designs also allowed to give additional context to our observations. Most
previous studies investigated the mediating and moderating role of dietary habits in genetic
susceptibility to obesity measured through a PGS using cross-sectional designs [25, 134]. This aspect is
fundamental because genetic variation of BMI increases drastically, starting at around 4 years of age
[13], suggesting that the underlying biological processes behind genetic susceptibility to obesity could
change with time. Therefore, the repeated measures of BMI added robustness to our results by adding a

time dimension to our observations.

7.3.2 Limitations

Residual confounding is one of the limits of observational studies regarding causal inference.
Confounding occurs when a variable affects both the exposure and the outcome of the relationship of
interest, without being in the causal pathway [227]. The associations between PGS and BMI assessed
throughout the thesis are unlikely to be affected by such a problem considering genetic variation is
established at conception and thus unlikely to be affected by other factors. Population stratification, the
presence of different allelic frequencies between different genetic ancestries, is still established as a
possible process that could produce confounding in genetic associations [228]. More specifically, the
genetic diversity of populations in the province of Quebec decreases in West-East fashion due to
founder effects [229]. Considering regional differences in the prevalence of childhood obesity [230],
there is the possibility of population stratification to bias the genetic associations with BMI described
in the thesis. Nonetheless, the risk of possible confounding due to population stratification was
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mitigated in our studies by the presence of over 97% of children in analyses involving genetic
associations having mothers born in Canada, and by adjusting both our PGS by the first 10 principal
components of genetic ancestry. However, residual confounding is possible in the associations of
eating behaviours or dietary intakes with BMI if there are unobserved confounders, if confounders
were failed to be identified, or if some variables were not accurately measured. For example, physical

activity is related to both eating behaviours and BMI in children [231].

There is a risk of selection bias when the process of selecting the study participants or their probability
of remaining in the study can induce systematic changes in the relationship of interest compared to the
alternative where all the study population could take part in the study [232]. More specifically, the
genetic analyses presented in the studies from this thesis are susceptible to selection bias from two
main sources: (1) the longitudinal designs used in our studies that can introduce attrition even when the
exposure of interest is genetic susceptibility, and (2) the selection of participants that accepted DNA
collection for genetic analyses [233]. Practically, selective participation in a study can lead to collider
bias when the exposure and the outcome of interest are related, either directly or indirectly to the
participation or continued participation in the study. For example, BMI-PGS can be associated with
depressive symptoms [234], which are known to affect retention in longitudinal studies [235].
Considering individuals with higher BMI are also likelier to drop out over time [235], this could bias
estimates of the association between BMI-PGS and BMI. Additionally, study samples from our
analyses differed from the complete QLSCD sample in terms of baseline characteristics (e.g.,
household income, maternal education, or biological sex). The analyses using propensity weights to
simulate a study sample with similar characteristics, as the complete QLSCD sample showed similar
results compared to unadjusted analyses, indicating a low risk of selection bias. However, we cannot

rule out that unobserved variables not included in the weighting approach may still be present.

To attenuate the risk of misclassification of BMI, we exclusively used anthropometric directly
measured by trained technicians instead of parent- or self-reported measurements. Still, BMI as a
measure of excess adiposity has some limitations, such as not differentiating between fat and lean
mass, and not being informative of the location of fat mass, two factors that can influence the health
impact of increased body weight. We chose BMI to represent adiposity because the most
comprehensive GWAS summary statistics available for obesity-related measures are for BMI.
Additionally, there is the possibility of misclassification due to the hardship of measuring dietary

intakes and eating behaviours. Although both assessments were based on validated questionnaires, the
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answers were reported by a parent, which introduces the possibility of recall bias. Crucially, parents of
children of higher BMI are more likely to under-report the dietary intakes of their child, compared to
parents of children of lower BMI [236]. This potential differential misclassification is likely to bias the

associations between dietary intakes and BMI toward the null for most dietary factors.

It is also important to acknowledge the limits of using PGS to represent genetic susceptibility to
obesity. While these scores are increasingly used in observational studies, PGS can only represent the
genetic susceptibility conferred by common variants [219]. More specifically, the effect of rare variants
on BMI, the non-additive effects of genes, epigenetic effects, and gene-environment interactions [ 76,
77], which are all important components of the effect of genes on individual variations of BMI, are not
captured by GWAS (and PGS). Furthermore, current GWAS are closing on the theoretical upper bound
of the variance in adult BMI that common variants can explain [216]. On the other hand, there is a
wider gap to fill in the child BMI variance explained by common variants due to the lower sample size
in GWAS for child BMI. Consequently, it is difficult to make equal comparisons between PGS derived
from adult and child BMI GWAS summary statistics.

Although the distribution of the complete QLSCD sample was regionally representative in the province
of Quebec, the study samples used in our analyses were generally of higher socioeconomic status.
More specifically, the higher household income, higher maternal education, and higher proportion of
girls in our study samples compared to the initial QLSCD sample, are due to attrition and the
incorporation of genetic data, which was not available for all participants. Although adjusting the
analyses for this aspect with propensity weighting, it remains unclear if the results are generalizable to
a population of lower socioeconomic status. Additionally, the generalization of our results may be
limited by the particular nature of the genetic structure of Quebec. The province is known for its
founder population, consisting of ~8500 initial settlers originating from France from the foundation of
Quebec City in 1608 to the British conquest in 1759 [237]. This contributed to genetic stratification
correlated with geographical location, and rare mutations concentrated in specific regions [229].
Despite those specificities, the overall genetic diversity of this population is similar to that observed in
other European populations [238]. It is established that PGS are hardly transferable between ancestries
[88]. Incidentally, the results obtained from genetic associations in the province of Quebec should be

generalizable to populations of European ancestry, but not populations of other ancestry.
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7.4 Suggestions for future research

Genetic susceptibility to obesity implicates hundreds of variants with various biological underpinnings.
We established that over-eating mediates, in part, the genetic susceptibility to higher BMI measured by
PGS, and that the consumption of macronutrients and energy interact with genetic susceptibility to
influence BMI. However, it is likely that both these processes are not independent of each other.
Therefore, future research could be enhanced by considering both these aspects in conjunction, either
by using statistical methods uniting mediation and interaction analyses [23], or by refining a PGS to
include variants especially involved in brain regions involved in appetite regulation. Such approach
used in one previous study found that the interaction between dietary habits and a PGS in relation to
BMI was stronger when the variants included in the PGS were selected based on their role in the
central nervous system, compared to an approach without discrimination in the function of variants

[163].

Finally, we added evidence supporting that the association between higher energy and macronutrient
intake and increased BMI in childhood is accentuated by a high genetic risk of obesity. Beyond the
relevance for prevention measures aimed at encouraging healthier dietary habits at the individual level,
those results suggest that wide-ranging policies targeting the food environment may be able to
contribute to reducing the inherent inequalities in obesity risk conferred by varying levels of genetic
susceptibility. However, since our research has been conducted using individual level dietary factors,
the transferability to more distal food environment factors remains uncertain. Therefore, further
research may be directed toward the interaction between genetic susceptibility to obesity and food
environmental factors, such as exposure to food marketing, the accessibility to fast food restaurants, or

the presence of policies lowering access to energy-dense foods (e.g., higher taxes on specific products).

7.5 Conclusions
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Evidence from the comparison of BMI-PGS derived from child and adult GWAS summary statistics
supports the current use of adult-derived PGS in target populations of children in the literature but
suggests that child-derived PGS may be better suited in investigations relating to obesity risk in
children younger than 8 years of age. Despite the observation that the prevalence of obesity in children
plateaued in recent years, obesity remains a major public health concern affecting more than 25% of
children in Canada [8, 239]. In addition to providing valuable methodological information, the research
conducted throughout this thesis managed to add crucial evidence supporting the theoretical framework
behind the genetic susceptibility to obesity, which is relevant to obesity prevention in childhood.
Theoretical frameworks are essential to guide public health measures aimed at reducing the burden of
obesity in children. We found that over-eating mediates the association between genetic risk measured
using PGS and BMI, and that lipid, protein and energy intake interact with genetic susceptibility to
affect BMI throughout childhood. Those results support the behavioural susceptibility theory that
frames obesity as a complex genetic disease, where the effect of individual genes affects adiposity
through appetite regulation [18]. In this framework individual variations in genetically defined
susceptibility to higher BMI are influenced by the overall food environment. Therefore, our results
support the underlying hypotheses behind the behavioural susceptibility theory and highlight the need
to ameliorate the current food environment in Canada that does not facilitate the adoption of healthy

dietary habits.
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Appendix 2. Characteristics of QLSCD participants with BMI data available at seven waves of data collection.

Characteristic

All 4 years 6 years 7 years 8 years 10 years 12 years 13 years
N=2120 N=1529 N=1170 N=1482 N=1346 N=1323 N=1349 N=1229
Age, years - 4.16+£0.26 6.24+£0.25 7.16 £0.25 8.18+0.26 10.17£0.26 12.14+£0.26 13.14+0.26
Sex, boys 1080 (50.9) 773 (50.6) 553 (47.3) 704 (47.5) 643 (47.8) 628 (47.5) 649 (48.1) 568 (46.2)
Birth weight, kg 3.40+0.50 3.40+0.50 3.40+0.51 3.41 (0.50) 3.40£0.50 3.41 +£0.50 3.41+0.49 3.42+0.49
Preterm birth 99 (4.7) 75 (4.9) 58 (5.0) 70 (4.7) 61 (4.5) 57 (4.3) 55 (4.1) 51 (4.1)
Maternal age at birth
<20 years 59 (2.8) 37 (2.4) 29 (2.5) 45 (3.0) 35(2.6) 32 (2.4) 35(2.6) 30 (2.4)
20-34 years 1775 (83.8) 1283 (83.9) 973 (83.2) 1230 (83.0) 1114 (82.8) 1107 (83.7) 1128 (83.6) 1026 (83.5)
> 35 years 285 (13.4) 209 (13.7) 168 (14.4) 207 (14.0) 197 (14.6) 184 (13.9) 186 (13.8) 173 (14.1)
Post-sec. education 1177 (55.6) 887 (58.0) 682 (58.3) 866 (58.5) 786 (58.4) 782 (59.2) 785 (58.2) 730 (59.4)
Household income
<30000% 622 (29.9) 409 (27.0) 304 (26.2) 401 (27.4) 353 (26.6) 341 (26.1) 359 (26.9) 313 (25.8)
30 000 — <60 000$ 843 (40.5) 636 (42.0) 478 (41.2) 600 (41.0) 552 (41.6) 550 (42.1) 548 (41.1) 505 (41.6)
60 000 — <80 000$ 327 (15.7) 246 (16.3) 197 (17.0) 234 (16.0) 220 (16.6) 213 (16.3) 218 (16.4) 201 (16.5)
> 80 000$ 290 (13.9) 222 (14.7) 182 (15.7) 230 (15.7) 203 (15.3) 203 (15.5) 208 (15.6) 196 (16.1)
Mother born in Canada 1867 (88.1) 1393 (91.1) 1093 (93.4) 1356 (91.5) 1233 (91.6) 1220 (92.2) 1241 (92.0) 1132 (92.1)
Weight category
Healthy weight - 1425 (93.2) 937 (80.1) 1183 (79.8) 1003 (74.5) 884 (66.8) 889 (65.9) 805 (65.5)
Overweight - 72 (4.7) 158 (13.5) 203 (13.7) 220 (16.3) 268 (20.3) 286 (21.2) 271 (22.1)
Obesity - 32(2.1) 75 (6.4) 96 (6.5) 123 (9.1) 171 (12.9) 174 (12.9) 153 (12.4)
BMI, kg/m? - 15.76 = 1.80 15.80 £2.05 16.06 +=2.29 16.72 £2.58 18.42+3.28 20.07 £3.96 20.93+4.14
BMI z-score, SD - 0.25+1.20 0.17£1.15 0.18£1.18 031£1.25 0.57+1.15 0.57+1.19 0.56+1.18

Continuous variables presented as mean + standard deviation, and categorial variables presented as n (%). Sex, birth weight, preterm birth, maternal age at birth,

maternal education, household income, and mother’s immigration status were variables measured at the first wave of data collection (5 months old). All other variables

(age, BMI, BMI z-scores, and weight category) were gathered at the respective data collection wave.
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Appendix 4: PRS-RS reporting checklist for Manuscript 1.

Adapted from the original checklist from: Wand, H., Lambert, S.A., Tamburro, C. et al. Improving reporting standards for polygenic scores
in risk prediction studies. Nature 591, 211-219 (2021). https://doi-org.proxy.bib.uottawa.ca/10.1038/s41586-021-03243-6.

Reporting standard Description Page No. Additional notes

Background Study type Specify whether the study aims to develop and/or validate a Introduction p.56 Developing two PGS
PRS. When externally validating or combining previously
published PRSs or integrated risk models, include
identifier(s) of original PRS (PMID, PGS Catalog ID).

Risk model purpose  Specify what the risk model is intended to predict and the Introduction p.56 Prediction: BMI z-score
and predicted purpose. This includes intended use (risk prediction, and obesity.
outcome diagnostic, prognostic, or therapeutic modalities), predicted

outcome (if a clinical feature or endpoint within a specific
disease) and the current models available for that outcome.

Study population and Study design and For each of the datasets describe the study design (for Materials and Secondary analysis of
data recruitment example, cohort, case—control, cross-sectional), eligibility methods (Study birth-cohort study.
criteria, recruitment period and setting (for example, method  design and
and years) and follow-up. State whether the data are primary  participants) p.56
or secondary data. If secondary analysis, include the full
reference to the original study.

Participant Include the distribution of demographic information in each Results p.59-60, -
demographics and  dataset (and the combined total if relevant) used to generatea  Table 4-1
clinical single risk model (whether a single sample set, or the
characteristics summary of combined samples) including the mean, standard
deviation and range. This should at minimum include age,
sex and any other characteristics relevant to describe the
study population or the performance of the model. Provide
demographics stratified by case—control status, if applicable.

Ancestry Include the ancestral background distribution of each sample =~ Materials and GWAS summary
population used during PRS development and validation methods statistics from European
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(including those from any GWAS summary statistics that (Genotyping and ancestry samples.

were included), and the data source of this ancestry polygenic score Majority of QLSCD
information (for example, self-report, genotyping). Ancestry  construction) p.57, target sample had
information should be reported using the standardized Table 4-1 mothers born in Canada.

framework developed by the NHGRI-EBI GWAS

Catalog with detailed information beyond this when
available. When combining samples from multiple studies,
aggregate ancestral distribution information is sufficient. The
method of ancestry inference should be provided.

Genetic data Provide the method for acquiring genetic information (for Materials and -
example, sequencing, genotyping) in each sample, including  methods

information about genome build and technical assay details. (Genotyping and
If imputed, specify the imputation panel and give ancestry polygenic score
information. Report any relevant quality control, including construction) p.5-57

imputation quality filters to exclude low-quality imputed
SNPs. If parameters were selected from another study,
include reference (PMID, GWAS Catalog ID).

Non-genetic Define any non-genetic variables that were included in the Materials and Covariate-adjusted
variables risk model, provide variable definitions and measurement methods (Statistical ~ model described.
(for example, assay, ICD codes, e-phenotyping algorithms, analysis) p.59
chart review, self-report). Indicate the scale of each variable,
for example, dichotomous, continuous, categorical or ordinal.
Explicitly state which variables are included in the final

model.

Outcome of interest  Define the predicted outcome(s) of interest and report Materials and BMI z-score
distribution. If the predicted outcome is a clinical feature or methods (continuous) and obesity
end-point within a specific disease, provide the criteria used (Anthropometric (category).
to define that disease membership. Include details on how measures) p.58

information was ascertained (for example, ICD codes, e-
phenotyping algorithms, chart review, self-report).
Transformation of continuous data into binary, ordinal, or

categorical outcomes should be detailed with justification.
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State whether the predicted phenotype of the polygenic score
is the same as or different from the predicted outcome of the
risk model. Provide justification for differences, if applicable.

Missing data

State explicitly how missing data were handled for all
variables included in the model. If imputation was used,
include detailed of the approach used and any subsequent
filtering or post-processing.

Complete case analysis.

Risk model development

and application

PRS construction

and estimation

Describe how genetic data were included in the PRS. Authors
should detail criteria used to determine inclusion in the model
for all variants. Define how the variants were selected,
weighted and combined into a single score. If the PRS was
derived from another study include the reference (PMID,
PGS Catalog Score ID).

Materials and
methods
(Genotyping and
polygenic score
construction) p.57

PRS-CS method.

Risk model type Detail statistical methods used to estimate risk, either relative ~ Materials and -

or absolute, from the continuous risk score distribution. methods (Statistical

Detail whether risk is cumulative or cross-sectional, with analysis) p.58-59

appropriate comparison groups if relative risk is presented.

Report time until predicted risk (for example, 5 years, 10

years, lifetime). In an absolute risk model, state the time until

the predicted event and the prevalence or incidence of the

predicted outcome in the general population.
Integrated risk State the procedure used to develop the risk models that Materials and Covariate-adjusted
model(s) includes non-genetic and/or genetic variables other than the methods (Statistical ~ model described as

description and
fitting

PRS. If the model(s) was selected for optimal performance,
describe measures used to assess performance. Explicitly

state all variables used in each risk model.

analysis) p.59

supplementary analysis.

Risk model evaluation

PRS distribution

Include a general description of the distribution of the PRS.
This details the continuous distribution output directly from
the risk score calculation.

Results p.60-61,
Figures 4-2 and 4-3

PGS were standardized.
Description based on

quintiles.

Risk model
predictive ability

Describe and report metrics of overall performance
(proportion of variance explained; R?) and estimates of risk
(such as odds or hazards ratios from regression models) used

Results p.60-61,
Figure 4-1, Figure 4-
4

B, proportion of variance
explained, and OR
reported.

194



Genetics of obesity risk and dietary habits

Danick Goulet

to evaluate the PRS and/or risk models. Describe the set of

genetic and non-genetic variables included in the analysis.

Risk model Describe and report metrics (such as AUROC, AUPRC, Results p.61, Figure ~ AUROC reported.
discrimination and—for survival models—the C-index) used to assess the 4-4, Supplementary
discrimination of evaluated risk models and whether any non-  Figure 4-1
genetic variables were included beyond a PRS in this
analysis. Evaluation of the potential clinical utility of models
requires evaluating tail-based measures, such as proportions
of populations and cases that exceed specified clinically
relevant risk thresholds and measures of reclassifications (for
example, NRI) at such thresholds for comparison of models.
Risk model Describe and report metrics used to assess the calibration of Results p.61, Figure  Briar score and
calibration evaluated risk scores and models. Describe the set of genetic ~ 4-4, Supplementary  calibration plot reported.
and non-genetic variables included in the analysis. Figure 4-2
Subgroup analyses ~ Subgroup size, demographics and clinical characteristics Results p.62, Sex subgroup analysis
should be given. Relevant evaluation methods and measures Supplementary reported.

(distribution, predictive ability, discrimination and

calibration) should be described for each subgroup analysis.

Tables 4-4 and 4-5

Limitations and clinical Risk model Summarize the risk models in terms of what they predict, Discussion p.63 Comparison with other
implications interpretation how well and in whom. Explicitly mention the incremental PGS predicting BMI and
performance of the PRS and/or combined risk model in risk of obesity in
comparison to conventional risk models, as well as the children.
performance of the PRS and risk model alone. Conventional
risk models might include demographic (age, sex), disease-
specific risk factors and/or family history of disease.
Limitations Outline limitations of the study with relevance to the results,  Discussion p.66 -

discuss the effects of these limitations on the interpretation of

the risk model and any downstream replication efforts
needed. Common considerations include: study design

restrictions, use of a surrogate outcome, ascertainment biases,

the distribution of participant-level traits (ancestry, age,

comorbidities), accuracy or specificity of outcome data, and
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any statistical considerations. Note and discuss the effects of

any unknown reporting items from previous sections.

Generalizability Discuss the intended target groups or populations this score Discussion p.66 Generalizability
may be applied to and explicitly address any issues with discussed in the limits
generalizability beyond the included populations. Discuss section.

whether the study externally validates the score and/or model,
or if the sample is limited with respect to ancestry, age or

other variables.

Risk model Discuss whether there is an intended clinical use or utility to ~ Discussion p.63-64 Not intended for clinical
intended uses the risk model. If so, discuss the ‘clinic readiness’ and next use. Comparison
steps with respect to the interpretation, limitations and between adult-derived
generalizability of the model. Discuss how the predictive and child-derived PGS is
ability of the model compares with current standards of care the intended use.

or other published work (such as existing PRSs) on predicting
the outcome of interest.

Data transparency and Information sufficient to calculate the PRS and the risk Data availability Not submitted to PGS
availability model(s) on external samples should be made freely statement Catalog since the article
available. For genetic variables this would include not published yet.

information about the variants (for example, rsID,

chromosomal location, effect allele and the effect weight)

that comprise the score; PRSs with this information should be

deposited in the PGS Catalog for findability and to promote

reuse and comparison with other established scores. Weights

for non-genetic variables should also be provided to make the

risk model calculable.
Notes: ICD - International Classification of Diseases; PMID - PubMed ID; rsID - reference SNP cluster ID; SNP - single-nucleotide
polymorphism. PRS (polygenic risk score) is used instead of PGS throughout the checklist. The original acronym was kept.
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[Bac kground/Objectives: Few studies have examined the putathe mediating role of
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mate the contributions of the PGSs to BMI r-scomes mediated by over-eating and
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Foesults: Both PGSs predicted BMI zsoores (PGS f =026, 95% Ck 0.19-0.33;
PGS, s =034, 95% Ck 0.27-0.41) Over-eating skgnificantly mediated these
msodations, but this mediation decreased over time from &years (PGS 4
1B.0%, 95% Cl: 31-329, p-wlee =0.018: PGS_. . 147%, 95% Ck 28-255,
pvalue = 0014) to 13 years (PGS, 114% #5% CI: -04-231 pvalee=
QO5T; PGS e 6. 2%, 95% Cl: 04-12 .0, pvalee = (L037) Fussy eating did not
show any mediat on.

Comduslons: Our results support the view that appetite is key to translating genetic
susceptibility into changes in body weight
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1 | INTRODUCTIOMN of chee to 1 milkon vasiants and BM I weas medited frough infrequer
and unhesithy safing, emotional and extesnal sxfing and snacking

Since the Warkl Heahth Organi declae=d abeity 25 a gidbal =pi- Three studies have examined #he rok of behavioural traits rebrted to

demic in 1997, the pevalencs of ohesity has continusd to rise warkd-
wide Most wormsome & the e of obesty in dhildhood. Chidren
with overseight or obesity betwesn the ages of 5 and 11 years
aocounted for moee than a quorter of Camadion dhildren between
2012 and 20137 This & =pedally problematic becase childhood
obsity tends to persst o adulthood. Compared to dhilden of a
healthy weight, those with obesity are estimated to have a five fold
hmhrﬂ:dmﬁ;wiﬁobuiqh:ﬁlﬁnd.lmﬁ.
undersanding the facors underlying obesity in chilhood & a public
health priodty.

A substantial porfion of the observed varability in individual bady
weight cn be aoounted for by variation in genefic susosptihility to
weight gain Acoading fo twin studies, ponetic facors are esponsile
for 405 to B0% of the varano n bod y mees ndex (B in populations:
of Eumpean ancestry* This sbong genetc undepinning of BMI can
alrmacly be almerved in mary childhood . Dazens of genetic varian s have
been found tobe amodated with dhilhood BM, exdh with smaill inde-
pendent mntrbutions ™ Combining these individual genetic rsbs
resuts in a Significnt asociation with BMI in chilhaod ®

Amomding to the behaviouml susceptibiity theosy, the penes
nvaived In shaping obesity phenotypes exert their influence mainky
thmugh newrdlogial proceses egulating appetite, which 2 tons-
lated theough varinus. eating behaviours” This & consistent with the
olservaton tat many genefic variants amociabed with BMI are
invalved in brain regions sbibed to belovioural contral * Large-sale
prnome-wide amociation studies (GVWAS) have revealed that variants:
assodated with BMI are predominantly expresed in the contral ner-
wous syshem in regions involved in cognition and emotion regulation
(e hippocampus and Bmbic system) and i aress esporsible for
appetite regubtion je g hypothalamus and piuitany glndl ™ Empi-
cal data suppart the view that appefite has 2 shrong role in ohesty
and that appetie & dharaderizd by a stong genetic component as
shown by restrained, unconteolled and emotional = aing having mod-
erate hesitability” Howews, due to fhe scarcly of peneticaly
nformed shudies in dhildhood, thers i Imited smpinicl evidence on
the peshie role of sating behavious 2= mediating genefic suscepf-
bility to wesight gain.

Ohzervational studies hawe Everaged genotype data o examine the
degree o which sating hehovinurs (= g sttty spomsieness, appetie.
unmntroled sating, amofonad =ting, aEep bty to ngal, wualy
amemed by questionnaines, mediae the amodafion betwesn genetc
sumreptihiiity, amemed theough polygenic soores. (PGSs) and B in
adulbx For mstane, wncontralled =afing and emoford eating party
medidted fhe amocition betwesn three different PGSs and BMI n
French, UK and Fnnish cohosts. " Additonally, dismhibition mediabed
the msociation betwesn a PGS and BMI in Frendh Canadian adubs™’
and LK adutts " Although imvestigabed in 2l thres coharts, susosptibity
to hungsr was only idenfified & a mediator in the French Canadian
study"? These studies used PGSs comprising < 100 variants. Addiorally,
another shudy chesrved fhat the 2=ocation betwesn a PGS mmprsed

appetiie in the panefic suseeptibilty of BMI in dhildren. These shudies ussd
the hildren’s Eating Behawiow Cuestibnnaire, one of the most commanly
wsed questinnnaines amesing befosoural tail rebbed i appetie’ The
questionraine mexuwes sght betondous rebted 0 appefbe that @n be
rgariz=d o faad h faod vz, enjpryment of food,
emotonal ower-sating and desre to dink] and food awoidano (=iiety
repomsveness, food fusnes, emotioal undessafing and Sownes n
mting ™ Safiety neponsvenes was found to medisl fie amodation
between 3 28-vastant PGS and BMI in 2258 chiliren from fhe UK (mean
e = 10y oldl™” In contast, sbety posvenes did not mediaie
the effect of the X2-variant PGS on BM in younger (4~ to B-year-old) Mar-
weegian childeen ™ Food sepornsiveness, emofonal over-sating, enjoyment
of food and Siownes n =ating weee also not found 1o be mediadors in the
Moreesgian study.™ In the #isd study. high appetite at 2 years medited
the amodation betwesn 2 1é-vasiant PGS and BMI in French Caradion
dhitleen aged 2 to 5 yeors, where the proportion mediaied deoeased fram
7% 2t D years to 24% at 5 yers ™ These studies have #he same limita-
fios & the mediafon aahses performed on adults fey wee mostly
oos-sedioal and wesd PGS comprisng 2 smaill number of vasianks.
Crmssertonad deipres 2 pobematc in medition aalyses kdealy
fhese medirtion s des should be longiudinal o mzure e obseved eat-
ing beharviours precede dhanges in body wesight Mose recsnt: pan-genomic
appeaaches to the construcion of PGS indude hundeeds of thousands of
sariants yiekding shonge BMI predictinn ™

In ummary, previas shadies suggest that eating befonviours
muld play a wle in transiating genefic susoeptibility to higher BMI,
but the evidence should be mp d by aning this
(1) inchildhood and adolescence for which the evidenos & scasce and
mixed, (2] usng more mont and state-of-the-at PGS that indude 2
lrge number of variants to improwve prediction and (3] through longi
tudinal desigrs to 2mes the disediomlity of asocations. Moreover,
the buk of evidence has been based on PGSs derived from adult
anthropametric data, other than data from dhildren. Comsidering the
ponetic smoeptibiity i body weight variation dengess throughout
e the idenfity and effect of specific genetic vasiants may ale vary
ower the [ife course. Using PGEs derived fram bath adullls and dhildren
& [y to yicl more nsSghts than using a sngle scor. Therefore, the
poal of fhe peesent shudy wes toexmine (1) the pedicion of schook
aged child BMI by two BMHPGSs, respectively desived from child and
ault GWAS summary statistics, and (2) the extent to which this pre-
dicBon = mediated through eating behawviouml fraits jower-sating.
fumy eating) amemed in ey dhildhood (Le. preschoolage].

2 | METHODS
21 | Study designand participants

W used data from dhe Quehec Longitudinal Stoedy of Thild Develop-
ment (OLS0D] a longitdinal bith occhort shudy from Quebhec,
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Carmda. The study recuibed 212X dhildren bom n 1997-1998 by a
regionhased stratified endom selection fram fhe Masber birth regis-
ter to ensure the sample wos representative of the provine"s barth
population. The dhildren and fheir families were sssssed annually or
biamually starfing at 5 months, and follow-up & ongoing. A variety of
mfonmation was gathered on the dhildren (eg behaviDwr, mental’
physial health, diet, height, and weight axexment) and their fami-
s usng questionaies and nienviews with the pasents, teachers
and chilren fhemashves, 2s well 2= through direct = bore
comprehersive details about fhe OLSOD, induding exchsion oriteria,
atirifion at each data collecfion, main findings or 2 more exhoustive
bk att the duts gathered, 2 avaibble ina published cohart profile **
Biological samples were collected from a subset of QLSOD partid-
pants when the dhildren were 10 years of age. and DHA wes
extracted These DA samples were bter genotyped wsing the B
mira Infinkum Psydhiaray-249 (see below]. The present study inchuded
extensive BMl and sating befoniowr asemments whidh were ool-
lected during follow-up. Informed consent was obtained from fhe par-
ents at exch step of the data miledion until ag= 10, dong with the
childeen’s penmision. Starfng at age 10 miormed consent was:
oblamed directly from the partidpants.

22 | Anthropometric measures

Height and weight data wer brgitudimlly colleced through differ-
ent mears depending on the wave of data collection. Anthropometsic
data was reparted by the parent, directly measured or reporied by the
pasticimant In this study, we foous on the data measned directly_Spe-
cificlly, trained research asistants measured height and weight on
six oocxions when pasticiponts were aged 6. 7 8, 10, 12 and
13 years, following a standardized profocol, with fhe use of 2 measr-
ng tape ruker and scale Two o three ssexments were perfosmed,
and an average of the two dosest values wos compuied 2= the fial
mexsure. BMI r-smres wee then clobxied wing the World Health
Omganization Growth reference data ™ which considess. both the s=x
and age of childeen wsing the R package ‘childsds ™ Consid ering the
low prevalence of obesity in owr =mple, we dedded against separat-
ing our =mple in weight oxiegories and proceeded with the BMI 2-
smre variabie a5 the outmme of interest.

23 | Eatingbehaviours

Twan eating behawinur sicores (fusy eating and over-eating ] were o
sidered 2= fhe putaties mediators. The sones wene bamed on free eat-
g behawinural taits assessed five times from age 2 to & years. The
ndividual tems wer tramsiated to Frendh from those wed
the fwon Longituding Study of Parents and Chiblnen™ Ouestions
were modified when neo=zry based on recommendations from an
expert advisory groupg and a p oonduched n 2 smpls of parents:
that were not part of the QLSC07 For mom detaik, se= a previous
publication wsing exfing betoviow data fom the QLSOO and the

BRI Wivsy L2

CLSCD wekmite (v jpesuiseseraistat gouvoge cal The maost nowi
edgeabl peson about fhe dhild (the mother in mst Gses] aswered
ibems inchuding (1) When jname of the child] is at home with you for fhe
main meal of the day, how often does [nome of the dhild] | 1) 2ot different
mek.. (J) .5 jname of the child] fussy about food? (3] refuse o eat?
() - over-emt? (5] et too fost? Anseers were graded on a four-pont
Liewt sl from: *Admost never (1]° to ‘Adwarys (4], for the fist ques-
fon, and 'Never {1 paint] Rarely (2 paink] Sametimes (3 points],
Often (4 points]’ for the kst four questions. The sum of ‘eating differ-
ent meals’, ‘fusy about food” and ‘refusing to et wes clubied a
exch time paint for the fussy eating’ soore, and the sum of ‘the items
‘over-mafing’ and *exting too fat’ wa wsed to mmpute the ' owver-sat-
ng' smre The final teo smres wee obtained by averaging the sum
at each Gme point with mmplete data per behaviowr avaibble per par-
ficpant to ohisin a mean smre between 2 and & years. The inbamal
ansstency of the mating behaviowr soores was =tisfaciory, with
Cronbadh’s alpha of Q82 for fussy eating and 074 for overeating.

24 | Genotyping and polygenic score corstruction

DA, collection was propased to 2 subsample of 1334 OLSCD partics-
pants remaining in the study at the 10-per-old data collection time-
paont A total of 992 participants agresd to DMA sampling and
potyping. which wes performed wsng the Bumima  Infinium
Popchieray-2. Qualty mnbrol of penetic dota wa performed 2=
desribed in an sarfer publication ™ Variants with minar allele fre-
quency below 000 and genotyping rate below 098 were exduded.
Indwiduals with a call rate below 095 and those flagged for sex mis-
mabch weere ewclided. Additiona dhedks wee also mpeEmenisd for
penetic duplicates, orypiic relatives, pene fic outliers and heemzygos-
ity deviations. Variants in the remaining individuals were fhen re-
evaborted to exchuide nonautosomal vasiants, fuese wath il rates
below 98%, fhose with 2 minor disle frequency below 5% and
Haed y-Weinberg Equilibwium test pvalues below 1 x 10 Imputa
fion was performed wing #he 1000 genomes prasect reference data™
and programs SHAPEIT v2 r8I7°7 and impuie 2™ Firally, additional
quality contral wes perfosmed post-imputation where vasiants with a
minar all=le frequency below 1%, 2 Hardy-Wesinberg Equilibrium test
pvabes below 1x 107° and an INFO metric belve 08 were
removed. Afier compieting all quality control and imputation steps,
814 paticiponts hod penetic data, inchuding 8 465 X évariants.

The PGSs were doived from fhe GWAS summary sitistics
dbtained from prior studies performed an ~.700 000 aduls™ and
i3 000 children of European anestry” wsing the PRS-CS method™
and the 1000 Genomes refenence mﬂ"zﬁeemiilq:&n—
equilbium reference panel. The global shinkage ppramefer wa =t
o 0ull sinee BMI 52 polygenic trait Both PGSs were then regresed
an the fist 10 prindpal companents of genetic ancesiry to aocount
for popubton stratification, with the subssquent residuols wad to
abtain adjusted scores, following the mefhod desoibed by Khem
etal™ (R scriptin Tet 511 The final PGSs inclided 489 789 (child-
bomed] and 4§13 712 (adult-tomed) individual varonts. A tolal of
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715 partiopants had genetic, =afing befonviowr and anthropometsic
data awvalab and pessed genotypic qualty control prooeses. An
additional 23 participants did not have al covariate dota available,
lenving 692 parficants = the samplk sire for the main mediation
analysiz A dsoipton of how the participants were parsed fram the
mifal QLSCD sample to the final shudy =mple & available in
Figura 51

25 | Statistical analysis

The sociadsmographc dharaciefisfics and details abhout birth (incud-
ing bith weight, presenee of preterm birth, matemnal age at birth,
matemal edustion, housshold nome and whether the mother wes
bom in Canada) of shudy participonts e presented 2= proportions for
categofical varables, mean (Sandard deviation) for symmetsic
Conts variabies and median (KOR) for seewed variahles Study
paticipant” doracteristics were compared to fhose of OLSOD non-
paticiant usng a chisquase test, one-way ambysis of variance
CAROVA] and Wikmxon rank sum test, d ding on e kbl
type Lincar mimed models were wsed i estimate the assocation
betwessn PESs and BRI r-scoes to sccount for the repeated anfhro-
pametric meruraments. Maodels induded 3 smooth term for age. a
randam shope for age at messurement and an auoregresive order
1 cowariance struchure. We also ad the ciation bety
PGESs and the two eating befoniours using near regression. Stattial
signifiane was determined using the Student t-test

Longrtudinal g h curve med i hyses: (LGOMA) wars wmed
to abiain the propartion of the variancs of BMI r-scose aooounbed for
by both PGSs that & mediated by fussy sating and over-sating. The
general model (Figure 1) incuded tweo bxient varihles (the intercept
and the sope of the bngitudinal outmme] a mediator regee=son
madel (Equation 11 an ntercept regression mode] (Equation 2] and a
shope regre=ion (Equation 3k

EB =, 4§, PGS +f PGSy + iy, (1)

Chill [f- - i
Fiz ey T
Py \-‘ .

et
EM e ez
R i

e e - C L L]
~ - . - M e
| o | REET
. i
2z Lz Likdilz ARl
iy Iy Ior Loy

GOUNLET 6T A
Interoept = gy + g PG5 + gy PESa + g Bl 0y il
Shape —rg + 5 PGS+ 15 PGS + ry By 4 a (]

where BB denotes exfing behaviow, PGS denctes fie chik-based
PS5 and PGSa denoies the aduit-bosed PGS The propastion mediated
g for the chibl-tosed PGS) can be obtsined by sohving the folowing
{Equation 4) at each time-point

% Mediated — Medizird effect Tatalefect T

With  Medisted fere— 8, PGS w [ 5 4506 =),
Bnd:  Totaleffea —Medisted effect 4 g PGS 47, PGS = £

where t denobes age inypeas.

The methodalogy and Equations 14 wene adagted and applied
o our study fram previoudy desaibed wark ™ We adjusted for
potential hosefine dharacteristics that @uld confound the aocation
betwesn eafing behaviours and BMI rscores. 'We considered vasi-
ahles avallable in the QLSCD which may affed eafing batarviours and
BMI based on availabile Fterature ™ ™ Those variables include birth
wemight, matermal BML peeterm birth (yes /ol being the mother's first
dhildl {ye=./nal. matemal age at brth (20 years and under, 21-34 years,
35 years and owver], matemal education (did not compiete semndary
school, completed secondary sdhool completed post-secndary
diploma, university diplamal howssholl inmme (less than $30 000,
F30000 to $60 000 $60 000 to S0O0E mare than $80 000) and
mmigration siuabon fmother bom n Cansda or not) and were added
i the mediator and Iteroept regresion models. We dedded agast
ncuding enegy intale 25 3 covariate in the andyses omidering i
moee [Hely plyys the role of intermediste varishi= betwesn sating
behawiours and BRI, mther than a confounder. Thens s evidence that
eafing behaviours are msodated with dietary ntakes [induding
enengy intalosl™ ~* i children, which isin tum associated with varia-
o in BML™* Adpeting for enengy intale woull result in mitigat-
ng one of the madhansms by whidh eaing behowiouwrs can influence

FIGURE 1 Latent growth ourve
. mediation model Figure depicts:
fires regremion modeks witc fi,
T mefficients far the =afing behanviour
" ourcome model; ¢, coefficients for
N fhe IS5 outcome model and T,
mefficients for the SL outome
model. BB, eating behaniour; 15,
il st Sl dope.
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BML Weabo amemed whether the it

differed b gl

and boys a5 supplementary malysss. We compared 2 omteined  wing R verson 420
madel where all the coefficients were restriced to be equal in boys
and girks aliee toan unconsirained model where thie oos ficients were
alllowed to vary between seses using ANOWVA 3 | RESULTS

In senstivity analysis, iverse probability weighting (IPW) was:
used in e fhe robusiness of the primasy analy=s to informative
la= to follow-up. The R padage ‘twang™ was used to cloulate 2
properesty soore per partiopant based ona model wher presence in
the ourent shudy was prediched by besefine mvariates Boely to affed
attrifion (sex, o il B, birth wesight. preterm
bith, matemal age at birth howsshold nome and whether the
mather was bom in Canada]l. The averag e treatment effect was wsed
s that weighted shudy participants would sesemble more sousbely

e wcation,

BRI Wivsy L=

the mifal OLSCD partscymnts. All stafstiral analyses were completed

Danick Goulet

Maore than haF of the pasticiponts were famale (548%) The majprity
(84.3%) had mothers aged 20-34 years o time of birth, a housshald
nmme above $30000 (7A7%) and almost all had 3 mother bom in
Carada (F7.7%) (Tabie 1] When ompared to OLS0D parficpants
mchded from the study, the study sample indhuded more famales
(548% . 443K had mothes with higher vek of sduction (604%
vi 512% with post-secondary eduation) and ved in householls with
higher income (33.7% vs_ 27 7% $40 000 naome) (Tabl= 1)

TABLE1 Charackrisfics of study

. Characheristic % (m) or mean = 5D Included, N = &32 Exchuded, W — 1428 prvaue
Seor, fermale, % n) 483 443 (5481) <0dl
Birkh weight, kg mean & S0 142 3 089 1404050 @351
Pretesrm hirth, % i) 51 (385) 4.5 (b a3l
Arst child, % (rl 418 (289 453 (447) @135
Mztarral age atbirth, % (n) Ao
=30 e 17112) 1aim
20-34 years B40(581) BAT(1194)

235 years 143099 130(184)

Materral education, % in) il
-« Sennd ary school diploma 154 (1108 193 (278)

Serondary school diploma 2MIA(1a4 274(391)

Past-sec exept univarsty 295 (208 204 j405)

University diploma 30521 248 (354)

Huomes ol inooeme, % (n) [ Tali ]
<430 000 2953{175 322 (847)

$30000-<350 000 4L0(284) 4002 (559)

£40 000-< 580 000 1720119 150 (208)

=580 000 148114 127 (174)

Bomn in Camada, % (a) T (4 T7E) B34(1191) Rl
Fussy eating med (KR) S0 (480, &a0) SATATE 44T) Q745
Oreer-waitin g med (I0R) 280233, 250 275220, 150) 207
Obesity at & yeas, % fn 688
Healthvy weight 802 (441) 00 (E24)

Orerseight 14077 131¢81)

Obedty 58(32) LL N =]

Obesity at 13 yers, % i 2
Healthvy weight 439 (389 471 (414)

Creermeighit 200134 221(137)

Obedty 14184 10857

Watez Study parficipants incuded those (N = 49 2) wiho had complete antheo pometic, genetic, mting
betawiowr, and covasiate data available and were fhu s part of the main medation arals ks Chi-spone

et e for categoricl saridhbes, ANOWVA test used for
‘Wiliooooon rank sum testused for non iy distribnried

. Prap—
e el aE = Frehall

(bold) set 2t 005
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The dhild- and adult-homed PGSs were substantilly ssodated with
B r-smees: (Table 2) after aomunting for merelations betwesen mea-
supes talen in the sme dhildren over the range of § o 13 yeas of 3ge.
B e of one standoed deviadion of the chill and adult-haxed PGS
was amocated with an noesse n BMI of (124 standard deviafions (#5%
Ok 0U19-033, p < 0l ) and 034 stndond desiartions (5% Ck 007 -
041, p« QD01] respedively. Both PGS were inversely ssodated with
fussy eating (dhild § = —014, 95% Ok 024 to ~000d, p = 000F; adul:

f==011 95X & 0N o -0, p— 0030 and positively msoc-
abed with oversating idhild: §=0131 #3% Cb Q07-00, p < Q001
auk § =015 95% Ck00E-022 p < 0.001) Both PGEs wewe signifi-
cntly Fmodaied with BMI z-scores in boys and girk (Tl 2 PGSs
weere alwarys sgnifcantly msociabed with sating behadous in boys, but
not in gk, although the confidence intervalk ovestapped (Table 2.
Tabe 3 shows the proportion of #he pedichwe a=ocBon
betwesn both PGEs and BMI 7-scores mediaded by fusy eating and

TABLE 2 Asocifonof the PGS

=l Lo with eating bebavious and BM | in

Ourome  SEA%C) pevalue A 198% 01 pdue  chikdemn
B z-scone

Tatal f:26 119, 0.3 001 034 (027, 0.41) 001

ik 099 013, B 0 095 614, 6.34) <001

Boys £:31 {20, G.43) 001 f.45 (L34, L54) 0001
Fusgsy eating

Tatal _014 024, 004 oo 011 (821, —087) amg

ik _ 07 |-6.20, 067 B34 _a (614 011) a75a

Boys _093 |-037, 067 o _021 (638 067 Q004
Orvereating

Tatal 013 07, 3r 001 £15 o8, 02 001

ik B.7 (802, 817 8113 010 e, 819 Q08

Bays 020 (010, 031 <000 0 (12 0 0001

Wate: Estimated effed (8 of nonesee in one standasd desiatinn of #he child- and adult-hased PES and

B8 z-soore (lireear miboesd mmoded], fuess y eating

=~ i and ower-eating (linear mgretion) with

95% confidence interval. BMIz-sore mode indudes age. age-squamd and sex as oorariates with
ramdam interrept and siope for age Eating behaviour models include seeas 3 ovarate Signifirancs

thneshold (hold) set 2t 005

TABLE 3 Proportion of the effect of PGS on B z-smre me diated by eating hefanviours.

Child PGS At PGS
o ded s O prvalue b e ] v
Fussy eating N=&32
& ymrs 19(-21 58 G340 13(-14 4% 349
T yamrs 18(-21. 54 0342 12(-143%9 il
8 ymrs 17(-21.55 0ar2 11(-14 34 iy
10 years Laf-22 53) 0421 a¥(-13131) Q25
12 years 14(-27.585 0504 a7(-14 2% @505
13 years 130-3A0.8% 0554 a7{-15 28 155
Onerwating M= 832
& ymrs 180(31,329) o018 142 (248 255) ol
7 yers 17.130,31.3) o018 127 (24 229) addd
4 yeurs 14227 29 8) o019 11423, X08) s
10 years 144(18 24 9) 0028 #1(1LE 144) aa18
12 years 124004,243) o042 71008 133) =]
13 years 114(-04 231) aos7 a4 120) aaxy
Mate: Estimated proportion 1 by esating beiha fussy eating, ower-eating in the assoction between PGS and BMI r-scone with #5% Olusing

latent geowih curse mediatinn anaiysis. Models are 2l adjusted for birth weight, pretesm birth, matesal B4l matemal age. mabermal sducation, housshold
Income, whather #hem ofherwas bom in Canada and whether the partidpant is fhe fis tohild s covatates in boh the eating befaviour and Bl z-score

efiect an fhe initial stabe)

meodeds. Sigrif fhreshold (bold) set atQ05.
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over-eating from & to 13 years of age. The mediation by over-sating
wian statistically significant at 2l but one time point and was higher for
thie child-harsed PGS at all s time points compansd o the adult-hosed
PGS Additionally, the mediafion deoressed ower time for both PGSs.
Thus, the strongest medation was olsorved at age & (dhildased
PGS 180% 958 O 31-329, pwalue = 0UNE duli-tosed PGS
142% 958 (& 28-255 p-value=0.014 and the lowest at age
13 [chill-bomed PGS 11 4%, 95% O -04 to 231, pvale = Q05T;
adult-tomed PGS 6§58, 955 O:0.4-1210, pvalue = DI037) adpustng
for oovariates. Fussy eating did not mediate fhe amocdation between
both PGSs and B z-scones.

Figure= 2 and 3 desaribe in mare detil the paths from the two
LGCMA modek, one for each befaviow. Exch growth model esti-
mated fhe ntereept (151 andlog to stabilty, and the slope= (S1) of BMI

FIGURE 2 Latent growth curve
mediation model, for fussy eating .
The figure depids four dieedt
assodations betwesn PGSs and BMI
z-soanes: from the dhild PGS to the
ikl state of B r-scores (1) and
the dope of BMI z-soores (7 and
fram the adult PGS to the niftialstaie
(3] and the slape (4] Four indirect
assodations betwesen PGEs and BMI
r-soones e presenbed: from the
child PGS #hrough fussy eating o the
il starbe (1) and the shope (2) and e

173

from the adult PGS through fussy

eating io the initial stabe {3 and the
shape (4 Paths inbold are signifiant

Child alal N e Adukz
i ey ling Yo

BRI Wivsy L=

from ages & o 13 Exch model ako estimated the putative dived: and
ndirect confributions of eadch PGS the tter through over-eating
and fumy eating, respectively. The tao models wevealed unique direct
and indirect (ie. medizied) mabribufiors of both the child-tossd PGS
and adult-based PGS to BMI stabiity and slope. In the cse of fussy
eafing (Figure 2] direct asociatios were the ke and mediation
mtimays were not condusive. For instance, both the chilld-tosed
PGS and the adult-baed PGS were directly assodated with the BiMI
ntereept, but not with the Bl slope. The almence of mediation by
fumy eating & indimted by the assocation betwemn fussy eating and
the BM I intercept being close to the null. Figure 3 llustraies that both
the child-bamed PGS and the sdult-homed PGS were amocoted with
over-zating, whidh was in tum asocaied with the BMI niecopt
Onver-eating was nversely amocided with the BMI slope, which

SN e

at p < 0UDS. I, inftial state; 51, slope_

-
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FIGURE 3 Latent growth aurve mediation maode | for over-sating. The figure depick four direct associxions betsrsen PGSs and BMI z-smees:
froam #he child PGS to the nitial state of Bl z-scones (1) and the sope of BMI zsmres (2 and from the adult PGS to fhe il stabe () and the
shpe (4] Four indined: asocatsons betwean PGSs and B z-scosess: 2= peesented: from the dhild PGS fheough over-sating to the nitial state

(1) and the slape (2) and from the adult PGS through over-sating to the initialstabe (3) and the slape (4] Paths in bold 2e= sgnificant at p < Q05
15, miktial stader SLshpe
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explans the decressing mediation olserved for both PGSs through
time. The assodation betwemn fhe adult-tesed PGS and B slope
0.2 ie noexse over time in the direct effedt on BMI) wes higher
compared to the dhild-based PGS (& QUDOOL which ilhetrates the
higher deorease in mediation olserved through time for the adult-
bamed PGS compared 1o the child-homed PGS In additional anabyss,
we rxexead whether the proportion me diated by over-eating differed
betwesn boys and girks. The modek did not differ by == (& Chi-
square 1050, A DF: & p-value 2°32]

To ames fhe robustness of our findings. we paformed IPW o
enzure e shudy sample resembied the nital smple n btems of
bxeine dorscerstiss. s s=mn in Table 51, IPW did not dchange the
ovemall el with the estimated proporfion of effect mediaded by
over-eafing decreasing with time for bod PGSx In terrms of magnibude,
the proporfion mediated in the IPY model was higher at 2l but two time
punt compared to the orignal analyzes for both PGSs. The main differ-
e aimeved was that the oonfidence nbervals reladed to the adul
PGS wming IPW weere slighily beger compared to the inftil analyses, d-
g o non-sgnificant esulls. Mter adpusting for atbéition, the popartion
mediated by fussy exfing was s8ll dose to null for bodh PGSs.

4 | DISCUSSION

The goal of the present shudy was to asse= (1) the conourent assod-
ations b two PGSs derived from chill and adult GWAS and
chilldhood BMI and (2) if prabk ic eating behan such as fussy
eating and overeafng mediaded thess xsocatiors Lsing LGCMA,
we found that the child-derived and the adult-derived PGSs were
ndependently associated with BMI r-scoms in childhood. Ths sug-
gests that albeit being comelated, both PGS captue unique genefic
contributions to abesity. Furthermare, we confamed that over-eating
mediates the xsocation betwesn both PGSs and BMI z-smres. This:
resuit & oesstent with recent reseaach sugpesting that weight-
refated genes act by changing the expremion of probeins in brain
regions ivalved in anpetite and sitiety regubtion ™

Owr study adds o growing evidenoe of the emerging mle of com-
man genetic variants nfluencing BMI In dhidhood in teo ways
i1] the presence of ndependent effeds on BMI from PGSs derved
from dhid and adult GWAS, and (2 the norease over Bme in the
disect effect on BMI for the adull-bamed PGS, but not the dhild-hosed
PGS This & mmsishent with evidence from bnge-scals GWAS anaysis
and twin studies. Inoreasing differences: in weight between high- and
low-gene ic-risk individuals throughout childhood in 300 000 ndivid-
uak sugpest that new genetic sources of variation s=em toemenge in
childhood ** This is alo supporisd by the obseration that 2 PGS
developed on an adult GWAS peesenied an noressing condrilbu tion to:
the variation in BMI throughout dhilhood, especially betwesn 3 and
8 years " Furthermare, results fram a bnge-scale analysis of over
38 000 twin pais support that genetic faciors affecting variations in
BMI changs throughout chidhood. The study™ showed that geneic
comelations b EMI weere smaller with noreasing age
from 1 to 19 yeas. More specifically. owr study added evidence for

e T tiors to BM I variation from genetic facos present in
ety childhood and those emerging ier in development. This =ug-
gests that PGSs derfved from GWAS statistics oblained in child and
auilt popubatiors mntain overlapping, but distinet genefic fadors

The mie of appetite as a2 mediator of the genetic conribution to
body weight in childhood & a central Enet of the Behovioural suse pti-
hility theory. Changes in the food envisonment contrilute to the risk of
abesity, with genetc phbilty ghle for shoping the individ-
wals reporses to sudh denges. Owr study supports this hypothess
Our over-eating scome B composed of teo fhems referming to eating too
much and eating too fast. The welHonown Children's Eating Behonviour
Cuetionmaiee subscale= food repomEienss and oitiety responsie-
e o wnes in mating inchudes similar ibems a5 *If dlowsed ta, my dhild
weould =t too much’, and $y dhilld finishe s his fher meal very quiddy®,
respectively” It i Fosly that our over-sating score rebtes more to the
Fppetie and stisty mmpared o il ey that cn also be
shudied. This also aligns with another study completed using QLSD
data that found an =sodation betwesn the ovwer-eating sme and oiti
ety Fsponsivene s messred at 22 years using the adult version of the
Childrer's Eating Behaviowr Ouestionaine

Prior studies harve wmed 2 similar approsch to test fhe med ation
of the contribution of genetic fados to BMI by appetie-related fraits
in children_ One study™ found mediation by stisty repansvenss,
wihiile another*® did not. Differences betwesn prior resits ould be
expilained through a contrast in methods. banly, ores-sedional data
was used in the shady that chesrved mediation at a single point n
me, while the ofher used 2 bngitudinal method designed to identify
mediation for BMI growth (sbpel, rather than BMI at 2 specific tame
paint. With its long itudinal design focused on idenfying mediaton a2
different points in Sme, our study alibwed s toshed ight on previows:
mixed msults We identifed mediation through over-sating =
sequential time points that was langely drifven by the interospt of BML
The use of structural modek alowesd us to dhserve the shrong associa-
fion hetwesn over-sating and the intenoept of B resporsihle for the
high mediation at & years, which then decressed due to an inverse
effect of over-sating on the slape of BML

This resuilt s consstent with anofer study of children that found
decrexsing mediaBion theough time. High appetite at 2 years medixted
the sffect of a 16 variant PGS on BMI zsmre fiom 2 to Syess in
ower 1000 Frendh Canadian chihren™ The proportions mediated by
high appetite decreased from 47% at the 2-yeor mark to 24% at the
Seyear mark Liee our shudy, the reduction in mediation at older time
paints ey stems from the pasage of time, where appetite a
2yeas beomes pogresively less nfuential ndesd, fhe nverss
effect of ower-e=ating on BMI growth muld be explained by the Bl
dimervatios becaming further apart from the index measuement of
ower-sating 2 time pames. The conmrdance of owr eesulis and thos=
dbtained in Lauzmn-Guilsin et al * & compeliing since one study gath-
ered anthropometric data before adipasity rebound (typially around
Syeas)] and the other after This suggests that mediation through
over-zating remains presnt at different devebpmental stages.

The presence of mediation of genetic susceptibility to obesiy
through over-safing alignes with moleculr genetic ferature that
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emphasires the mportnee of the brain in tramskiing the effect of
genetic facors on body weeight reguiation. RhA-based amalyses
appiied to brge-scale GWAS have shown that most variants assod-
ated with BMI are predominantly sxpresssd in the contral nervous:
systam i regios such as the hippocampus and Embsc system,
nwolved In cognition and emotion regulation, but also the hypothala-
mus and pituitary gland, resporsshle for agpetite regubfon® ™ Addi-
tomally, a reent study identified &0 stanoes where protein
conceniration in the bran wes Inked with genefic varants known to
nfluence dhesity. " Mo specificaily, that study used a combinaBon
of gene cobailzation and mendeian rand omization amalyses fooused
on the l=ft dorsobsteral prefiontal coex. This brain region notably
influences appetile, stiety regulation and cognifive functions, incud-
ing dedsian-making and executive functioning ™ These results pro-
vide a hiclogial sk for the theory that genetic susosptibility to
obesity & opresed through variations in appetite, remilting from
ot L L fon. We did not dimerve mediation
thmough fusy eating. This result complEments the available but sonce
[terarture on the subject. Awoidant eafing and slowne s in eating were
nat found to mediate fhe efied of 2 PGS on BMI n a Fnnish adult
cohort and a Morwegian longitudinal chibiren study, respectively ==

The addifional evidence Gvowing the Behovioun] susceptibifty
efforts that foous on oe=ating a healthy food emvionment rather than
o | an | ghility. This s an important public health
Emue since 2 shift from the giohal food system leading 1o d etesioating
nubitional chodes & considered a driviing factor behind the ree of obe-
sty For mample, the curment food emvironment in Canada does nat
favour hedthy food comumption pattemns on most fons.™ A recent
evahotion of the poices and actiors of multiple evek of govemment
in Canada for creating 3 healthy food environment: highlighted (1) many
mitatons to Camada™s food emvionment policy bndscape and
(2] restictions on marketing aimed at dhillen as a key policy anea to:
improve 3 healthier food bndscape i Canada ™

The primary strength of the present study is the wse of a longitu-
dinal design. This allows a better dharacteriation of the mediaton of
genetic susceptihilty to odbesty by over-eating theoughou t childhood
and e ok ce. Many studies only wse a sSngulbsr time paint to
describhe fhis proces, while we were ahls o detaill how the mediciion
evaives through time. Furthermore, the we of PRS-CS to calculate
the PGSs & another strength of the study consideding the method
captures mose penetic varishility compared with methods only incar-
parating a few variants into the scores. The shudy also ha a few mi-
tationz. Frst even though we adusted owr analsis models for
potenfal confounders, there could =l be unmessrsd confounders,
such as physical activity, bhuring the association betwem fhe exting
befoviours and BMI rsoores specificlly. Second, we wsed nverss
probebilty weighting to attenuate potenfal seiedion bias through
attrifion. However, we could only produce 2 weighted sbudy
similar to the initial OLSCID ssmple in f2ems of availdhie hosslfine char-
acteristics, therefore, the study sample @uld stil differ from the nigal
sampl in some capadty. Thisd, BMI s known to have mits in distin-
guishing betwemn kan and fat moss and does not distinguish between

G Wivsy L=

the loation of fat n the body. Fourth, eafing befanviour dats was not
awallabie fhroughout the dhilhood period with messured anthropo-
metric collection. Eafing befonviowrs might change = children's age
nivezmes, and the strength of the xsocation betwesn =afing bekone-
ours exchibited in early childhood and BMI would be expeced to
diminish a5 tme passes.

5 | CONCLUSION

In our inmvestigation of French-Canadion children, over-sating fiough-
out chilhood, but not fussy exting. medixied genetic susceptihility to
abesity. Ths result algns with the peevailing theoretial construd
behind the genetc architechure of obesity fhat hing=s on #he rale of
Fppetie. The few previous shudies identified appetibe-slted toits 2=
mediators of penefic susceptibility i weight gain but were mastly per-
fosmed inadult populstions and had a cos-sectional design. The pee-
sent study amahysed datafrom a longitudinal study of Canadian chilldren
and used derme genotypic smes as messures. of genetic susceptibilicy
o abesity. The finding of mediation by ower-sating sugpests that glaba
and wide-reaching polfices @med at introducng a healthier food envi
snment will be key inimplementing obesity prevention =fosts.
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what was done and what was found
Introduction
Background/rationale 2 Explain the scientific background and rationale for the investigation Introduction p.91-92
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categorized
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Discussion
Key results 18  Summarise key results with reference to study objectives Discussion p.100
Limitations 19  Discuss limitations of the study, taking into account sources of potential ~ Discussion p.102-103
bias or imprecision. Discuss both direction and magnitude of any
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Interpretation 20 Give a cautious overall interpretation of results considering objectives, Discussion p.100-102
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Funding 22 Give the source of funding and the role of the funders for the present p-111 Funding statement

study and, if applicable, for the original study on which the present
article is based

217



Genetics of obesity risk and dietary habits Danick Goulet

Appendix 8: Proof of submission email for manuscript 3, Journal of Nutritional
Science.
12324, 213 PM Mal - Danick Goulet - Ouliook

E Outlook

Fwd: Journal of Nutritional Science - JN5-2024-0307: Manuscript Submission

From Lise Dubois <ldubois@uottawa.ca>
Date Tue 2024-12-03 2:12 PM
To  Danick Goulet <dgoull82@ucttawaca>

> 19-Nov-2024

>

> Dear Dr. Dubois,

>

= Your manuscript entitled “Interaction between polygenic scores and dietary intake in relation to body
mass index in Canadian children™ has been successfully submitted online for consideration for
publication in Journal of Nutritonal Sdence. Your manuscript ID is JNS-2024-0307. If we have any queries
regarding your submission we will contact you within the next few days.

>

> Please mention the above manuscript ID in all future comespondence. If there are any changes in your
contact details, please log in to ScholarOne Manuscripts at hiipsYmomanusaiptcentral.com/fins and
edit your user information as appropriate. You can view the status of your manuscript at any time by
checking your Author Centre after logging in to bffpsy/momanuscriptcentral.comfins

>

> As Joumnal of Mutriional Science is an Open Access (0A) publication, you might also like to find out
more about publishing OA such as the benefits of doing so and things you need to know by visiting our
Publishing Open Access information page:

= Thank you for submitting yvour manuscript to Journal of Nutritional Science.
>

> Kind regards,

> Emilie McDermott

>

> [Editorial Assistant

= Journal of Nutritional 5cience

> jns.edoffice@cambridge.org

hitps: fouiopk. oMce.com/mallin o dAACEAG M AN G FMLTEIDGMINGIMC ThODILTROWaZZmJE M2 FEMwAGAL S0P MGM2 NLWTRpYZTge o3l i

218



Genetics of obesity risk and dietary habits Danick Goulet

Appendix 9: STROBE reporting checklist for Manuscript 3.

Original checklist from: von Elm E, Altman DG, Egger M, Pocock SJ, Getzsche PC, Vandenbroucke JP; STROBE Initiative. Strengthening
the Reporting of Observational Studies in Epidemiology (STROBE) statement: guidelines for reporting observational studies. BMJ. 2007
Oct 20;335(7624):806-8. doi: 10.1136/bm;j.39335.541782.AD. PMID: 17947786; PMCID: PM(C2034723.

Item Section and page Relevant text from
No. Recommendation No. manuscript
Title and abstract 1 (a) Indicate the study’s design with a commonly used term in the  Abstract p.122 Secondary analysis of birth-
title or the abstract cohort study.
(b) Provide in the abstract an informative and balanced summary  Abstract p.122
of what was done and what was found
Introduction
Background/rationale 2 Explain the scientific background and rationale for the Introduction p.123-124
investigation being reported
Objectives 3 State specific objectives, including any prespecified hypotheses Introduction p.124
Methods
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and participants) p.125
Setting 5 Describe the setting, locations, and relevant dates, including Methods (study design
periods of recruitment, exposure, follow-up, and data collection and participants) p.125
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follow-up
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and methods of case ascertainment and control selection. Give
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applicable
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Genotyping and
polygenic score
construction) p.125-127

Data sources/
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For each variable of interest, give sources of data and details of

methods of assessment (measurement). Describe comparability of

assessment methods if there is more than one group

Methods
(Anthropometric
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macronutrient and
energy intake,
Genotyping and
polygenic score
construction) p.125-127

Bias

Describe any efforts to address potential sources of bias

Methods (Statistical
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Covariate adjustments and
inverse probability weighting
for attrition

Study size
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Explain how the study size was arrived at

Methods (Study design
and participants) p.125,
Supplementary Figure
6-1

Participants with available
BMI, covariates, and food,

macronutrient and energy data.

Quantitative variables

Explain how quantitative variables were handled in the analyses.
If applicable, describe which groupings were chosen and why

Methods (Food,
macronutrient and
energy intake,
Genotyping and
polygenic score
construction) p.126-127

Single average dietary intake
per participant. Standardized
polygenic score

Statistical methods

12

(a) Describe all statistical methods, including those used to
control for confounding

Methods (Statistical
analysis) p.127-128

(b) Describe any methods used to examine subgroups and
interactions

Methods (statistical
analysis) p.127-128

Interaction with sex tested for
all statistical models

(c) Explain how missing data were addressed

NA

Complete case

(d) Cohort study—If applicable, explain how loss to follow-up
was addressed

Case-control study—If applicable, explain how matching of
cases and controls was addressed

Cross-sectional study—If applicable, describe analytical methods
taking account of sampling strategy

Methods (statistical
analysis) p.128

Inverse probability weighting
for attrition

(e) Describe any sensitivity analyses

Methods (statistical
analysis) p.128

Inverse probability weighting
for attrition. Adjustment for
total energy intake in
macronutrient models.

Results
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Participants 13* (a) Report numbers of individuals at each stage of study—eg Methods (Study design  Flow chart for study sample
numbers potentially eligible, examined for eligibility, confirmed  and participants) p.125.  available.
eligible, included in the study, completing follow-up, and Supplementary Figure
analysed 6-1.
(b) Give reasons for non-participation at each stage Methods (Study design  Described in cohort profile.
and participants) p.125
(c) Consider use of a flow diagram Supplementary Figure Flow chart for study sample.
6-1
Descriptive data 14%* (a) Give characteristics of study participants (eg demographic, Results p.129, Table 6-  Supplementary Table 6-1 and
clinical, social) and information on exposures and potential 1 p.136-137 6-2 also have comparative
confounders information to non-participants.
(b) Indicate number of participants with missing data for each NA Complete-case analyses.
variable of interest
(c) Cohort study—Summarise follow-up time (eg, average and Methods (Study design
total amount) and participants) p.125
Outcome data 15* Cohort study—Report numbers of outcome events or summary Table 6-1 p.136-137 Mean BMI at 4, 8 and 13 years
measures over time old
Case-control study—Report numbers in each exposure category, NA
or summary measures of exposure
Cross-sectional study—Report numbers of outcome events or NA
summary measures
Main results 16 (a) Give unadjusted estimates and, if applicable, confounder- Results p.129-131 Adjusted estimates for direct
adjusted estimates and their precision (eg, 95% confidence Tables 6-2 to 6-4 p.138- associations and interaction
interval). Make clear which confounders were adjusted for and 140 analyses.
why they were included
(b) Report category boundaries when continuous variables were NA
categorized
(c) If relevant, consider translating estimates of relative risk into ~ NA
absolute risk for a meaningful time period
Other analyses 17 Report other analyses done—eg analyses of subgroups and Results p.129-131, Sex interaction analyses, inverse
interactions, and sensitivity analyses Supplementary Tables probability weighting, and energy
6-3 to 6-9 adjustment sensitivity analysis.
Discussion
Key results 18 Summarise key results with reference to study objectives Discussion p.131-132
Limitations 19 Discuss limitations of the study, taking into account sources of Discussion p.134-135
potential bias or imprecision. Discuss both direction and
magnitude of any potential bias
Interpretation 20 Give a cautious overall interpretation of results considering Discussion p.131-134
objectives, limitations, multiplicity of analyses, results from
similar studies, and other relevant evidence
Generalisability 21 Discuss the generalisability (external validity) of the study results Discussion p.135
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Other information

Funding 22 Give the source of funding and the role of the funders for the p.142 Funding statement
present study and, if applicable, for the original study on which
the present article is based
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