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Abstract

Coronary artery disease is the first cause of death worldwide, and as a
complex disease implies the interplay between genetic and environmental
factors. Common genetic variants explain only 15-20% of its heritability. DNA
methylation, which regulates the gene expression without altering the DNA
sequence, has been proposed as a heritable signature to explain this missing
heritability and as a mediator effect of lifestyle and environment on health.

To study the relationship between DNA methylation and smoking, air
pollution, and cardiovascular risk factors (obesity, lipid profile, and HDL
functionality) we wused epigenome-wide association studies, Mendelian
randomization, and multi-stage omics integration approaches. We included data
from ten studies, but the results were mainly based on the REGICOR (REgistre
Glroni del COR) cohort.

We report the association between smoking and 63 methylation sites
(CpGs). We did not find association between air pollution and DNA
methylation. We identified 94 CpGs associated with obesity and 14 with lipid
profile. We observed that methylation at CPT1A and SLC7A11 can modify or be
affected by the triglycerides levels, highlighting the complexity of the lipids
homeostasis. Finally, we performed the first study showing an association
between DNA methylation and HDL functionality.

As conclusions of this research, smoking is strongly associated with a
distinctive methylation pattern and there is a relationship between DNA
methylation and several cardiovascular risk factors, although its causality is
complex.

XVii






Resum

La malaltia cardiovascular, que és primera causa de mortalitat al mon,
com a fenotip complex depen tant dels factors ambientals com dels genétics. Les
variants genétiques comunes expliquen un 15-20% de I’heretabilitat de la
malaltia. La metilacié de I’ADN, que regula I’expressio génica sense alterar la
sequéncia genetica primaria, ha estat proposada com a mecanisme per unificar
els efectes de I’estil de vida, els factors ambientals i els genetics.

Per estudiar les relacions entre metilacio de I’ADN i estil de vida, factors
ambientals i factors de risc cardiovascular hem utilitzat estudis d’associacid
d’epigenoma complet, randomitzacié mendeliana i integracio d’omiques. Hem
inclos dades de 10 estudis diferents, pero els resultats han estat basats sobretot
en I’estudi REGICOR (REgistre Gironi del COR).

Aquesta tesi demostra I’associacio entre 63 llocs de metilacié (CpGs) i
I’exposicid al tabaquisme. No troba associacié entre contaminacié ambiental i
metilacié de I’ADN. Identifica 94 CpGs associats a obesitat i 14 als nivells
lipidics. Observa que els nivells de triglicérids en sang poden ser modificats i al
mateix temps afectar la metilacio en els gens CPT1A i SLC7A11, evidenciant la
complexitat de I’homeostasis dels lipids. A més, s’ha realitzat el primer estudi
que mostra I’associacio entre la metilacio de I’ADN i la funcionalitat de la HDL.

Com a conclusions d’aquesta recerca destaquen la forta associacié del

tabac a un patré de metilacid especific i I’associacié entre la metilacié de I’ADN
i diferents factors de risc cardiovascular amb una relacié causal complexa.
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1. Introduction

1.1 CARDIOVASCULAR DISEASES

1.1.1 Increasing population burden of non-communicable complex
diseases

In the early 19™ century communicable or infectious diseases were the
leading cause of death worldwide.! Improvements in hygiene and public health
measures in the early 20™ century, and the discovery and medical use of penicillin in
the 1940s dramatically decreased mortality due to infectious diseases'?. Moreover,
vaccination campaigns in the United States and Europe further decreased mortality
from these diseases during the second part of the 20™ century.? This decline in
infection-related mortality directly caused an increase in life expectancy and in turn
an increase in mortality due to non-communicable complex diseases (Figure 1).

Figure 1. Epidemiological transition represented by a change in population-
wide causes of mortality in the 20" century.
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(Image from the national digital archives of datasets)

Non-communicable complex diseases are caused by an interplay between
lifestyle, and environmental and genetic factors.” Recent international efforts such
as the Global Burden of Disease Study are monitoring the frequency of the main
diseases worldwide. This study has proposed several indicators for measuring the
burden of a given disease in a population, and one of the most commonly used is
disability-adjusted life-years (DALY). One DALY represents one lost year of
“healthy” life, and is a summary indicator of mortality and morbidity at the
population level. Thus, DALY is the sum of the number of years of life lost due to
premature mortality, and the number of years during which people in a population
have lived with a health condition of interest or its consequences. According to the
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2016 Global Burden of Disease Study, the three diseases with the highest impact on
DALYs were, coronary artery disease (CAD), cerebrovascular disease, and lower
respiratory infection.* Therefore, CAD and cerebrovascular diseases, two complex
non-communicable cardiovascular diseases, are leading contributors to the global
burden of disease.*

1.1.2 Cardiovascular diseases

The term cardiovascular disease (CVD) refers to any disease that affects the
heart or blood vessels. It is the first cause of death in the world, causing ~3.9 million
deaths/year in Europe, and accounting for 45% of all deaths.’ It also causes an
enormous cost to the economy of the European Union economy: €210 billion per
year, of which 53% is related to health care (€111 billion), 26% to lost productivity
loss (€54 billion), and 21% to the informal care of people with CVD (€45 billion).

Cardiovascular diseases include an extended list of individual diseases, of
which CAD and cerebrovascular disease are the most important in epidemiological
terms. In this doctoral thesis we will focus on CAD as the leading single cause of
mortality in Europe, accounting for 19% (862,000 deaths) and 20% (877,000
deaths) of all deaths among men and women each year, respectively.’

1.1.3 Historical context of cardiovascular epidemiology

Following the decline in mortality due to infectious diseases and the
resulting increase in life expectancy, CVD became the leading cause of death
worldwide from the middle of the 20™ century.? In 1932, a seminal study reported
an association between different dietary patterns and CAD mortality in different
regions.® 1In this context, several epidemiology studies were initiated in the late
1940s to elucidate the causes of cardiovascular diseases.” In 1948 the United States
Public Health Service started the Framingham Heart Study, carried out in
Framingham, Massachusetts to study the causes and mechanisms underlying
cardiovascular disease.® The Framingham investigators introduced the term
“cardiovascular risk factor” in 1961.° These epidemiological observations resulted
in a paradigm change in our perception of the causes of cardiovascular diseases, and
influenced physicians to place greater emphasis on detecting, treating, and
preventing risk factors. They also influenced individuals to personally take control
of and reduce their risk for heart diseases.” The Framingham investigators were also
pioneers in developing risk functions for estimating coronary or cardiovascular risk,
with the first function being published in 1967.'° Cardiovascular risk functions are
currently used to estimate the probability of presenting a cardiovascular event,
usually during the following 10 years, based on the presence or absence of
cardiovascular risk factors (CRFs). This risk is used to define the intensity of
cardiovascular prevention."’
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1.1.4 Atherosclerosis: the main etiopathogenic mechanism

The main etiopathogenic mechanism of CAD is atherosclerosis, a complex
chronic inflammatory process characterized by remodeling and narrowing of the
coronary arteries (Figure 2) that supply oxygen to the heart, which can lead to
ischemia or necrosis of the myocardium.’ Key processes in atherosclerosis include
lipoprotein oxidation, inflammation and immunity.'>"> Atherosclerotic plaques
progress from the initial lesion characterized by accumulated LDL-cholesterol in the
sub-endothelial space of the artery, to complicated, advanced lesions characterized
by a high burden of inflammation and a thin fibrous cap that can rupture or erode,
triggering the formation of a thrombus and an acute event.’

Figure 2. Schematic progression of arteriosclerosis over time.
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(Image from commons.wikimedia.org/wiki/File:Endo_dysfunction Athero.PNG).

This complex process has various clinical cardiac manifestations, including
stable angina, acute coronary syndrome, and sudden cardiac death. Like all complex
diseases, it is caused by the interplay of environmental factors such as air pollution
or lifestyle related factors (diet, smoking or physical activity), and inherited factors,
which include genetic or epigenetic factors.

1.1.5 Cardiovascular risk factors

CRFs are traits or measurable characteristics that increase one’s probability
of suffering a cardiovascular event, and they can provide independent significant
predictive information about one’s likelihood of having the disease in the future.’
CRFs can be lifestyles, exposures to environmental factors, genetic variants,
biochemical factors, and functional or imaging traits.'*
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More than 200 cardiovascular risk factors have been identified, and we can
classify them in two main categories: non-modifiable and modifiable risk factors.
The non-modifiable risk factors include age, sex, ethnicity, family history of CVD,
and genetics, while the modifiable category includes lipid levels, blood pressure,
diabetes, obesity, diet and physical activity. In this chapter I will describe some of
the most important ones for estimating cardiovascular risk (age, sex, smoking,
hypertension, lipid profile, and diabetes) as well as those that are important for this
doctoral thesis (family history of CVD, obesity, HDL (high density lipoprotein)
functionality, and air pollution).”

1.1.5.1 AGE

Age is the most important non-modifiable CRF. CVD risk exponentially
increases with age, independently of all other risk factors. >’

Atherosclerosis is a lifetime process that starts during fetal life, although its
clinical manifestations usually appear in middle-aged and older adults.'® Therefore,
even in young individuals with high-risk profile of other CRFs (such as
hypertension, obesity, diabetes and hypercholesterolemia), the estimated 10-year
CVDlsrisk is usually low, highlighting the importance of age as a predictor of CVD
risk.

Aging is a very complex process that depends on sex, lifestyles choices,
environment and genetics. Currently, the scientific community is searching for
molecular markers of aging (biological age) that will help to predict and improve
monitoring of age-associated diseases.'” Several methods can be used to estimate
biological age, such as measuring telomere length, which accelerates or decelerates
under different environments,” and gene expression,?' especially of those related to
metabolism and DNA repair. Recently the epigenetic clock'’** has shown that
biological aging (based on DNA methylation markers'") is associated with risk of
stroke and mortality, even after adjusting for chronological age.”**

1.1.5.2 SEX

Sex is also a non-modifiable CRF with a very significant impact on CVD
risk. When we estimate cardiovascular risk using just age and sex we obtain a high
discriminative capacity (C statistic around 0.70-0.75) to differentiate between
individuals who will suffer a cardiovascular event in the next 10 years and those
who will not.'® Contrary to the common belief that CVD affects men more than
women, CVD mortality is actually higher in women than in men.” However, it is
true that most fatal cases of CVD are the result of cerebrovascular disease in women
and CAD in men. Moreover, the incidence of CVD events is delayed by 5 to 10
years in women with respect to men. These differences between sexes have
classically been attributed to a protective effect of sex hormones during

" This thesis includes a section on epigenetic markers (Section 1.3).
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reproductive life. Early menopause due to surgical removal of the ovaries is
associated with higher CAD risk, with a relative risk of 4.55.% However, other
factors can also explain this gap in risk between men and women.

Notably, the magnitude of the association between CRF and CAD risk
differs between sexes. Young women tend to have a more favorable lipid profile
than young men, but the menopause changes women’s lipid profile, rising their
levels to above those observed in men.”> While female smokers previously tended to
start smoking later in life, and to be exposed to a lower dose of tobacco than men,*®
currently the age of onset of smoking in women is similar to that of men, and
women are now exposed to a similar dose of tobacco smoke.”” Moreover, a meta-
analysis showed that the effect of smoking on CAD risk was higher in women than
in men (25% greater relative risk),”’ although other studies have shown that the
association is only greater in heavy smokers (>20 cigarettes per day).”® A large body
of evidence shows that diabetes increase the relative risk of CAD (44%) and stroke
(27%) more in women than in men.***°

1.15.3 SMOKING

Smoking is a modifiable CRF. Although it is an independent CRF, it
interacts with other major CRFs (HDL-cholesterol (HDL-C), hypertension, and
diabetes mellitus). The main physiopathological mechanisms for CVD risk that are
associated with smoking are endothelial dysfunction, and induction of a
hypercoagulable state, which increase the risk of acute thrombosis.”'

Prospective epidemiological studies have consistently shown that smoking
increases risk of CVD mortality, and a meta-analysis showed a nonlinear dose-
response related to daily smoking and relative risk of the disease.*> Moreover, many
studies have demonstrated that former smokers have lower risk of myocardial
infarction and CVD death than current smokers.”> > Risk decreases very quickly
after cessation, by around one-half after one year, although even 10 years after
quitting, it remains slightly higher among former smokers than among never
smokers.*®

Secondhand smoking is also associated with increased risk of CAD. A meta-
analysis found that individuals exposed to secondhand smoke have 25% to 30%
higher risk of CAD than non-exposed individuals.”’ Smoking and second-hand
smoking are also associated with other diseases, such as several cancers and
respiratory diseases.

Recent surveys report a high prevalence of smoking in the Spanish adult
population, around 27.6% in men and 18.6% in women.” Therefore, preventive
strategies target smoking as a high priority, and several legislative initiatives have
been implemented. Smoke-free legislation has been shown to reduce exposure to
tobacco smoke among non-current smokers (reducing the prevalence of secondhand
smokers).**** Moreover, 2006 partial smoke-free legislation in Spain decreased the
incidence and mortality of myocardial infarction by 11%.*" Smoking control
policies should also focus on reducing the use of any type of tobacco product, and

on implementing better treatments to help smokers quit smoking.***!
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1.1.5.4 HYPERTENSION

Hypertension is a modifiable CRF that is usually asymptomatic.
Epidemiological studies have shown a continuous, gradual and independent
association between systolic and diastolic blood pressure and CVD risk.” Due to the
linearity of this association, the definition of hypertension is currently a subject of
controversy. For example, higher values of blood pressure, even in the normality
range, are also associated with higher risk of CVD. To define hypertension,
European guidelines recommend using the classical blood pressure limits (>140
mmHg for systolic blood pressure or >90 mmHg for diastolic blood pressure), while
American guidelines have proposed a change in the thresholds (>130 mmHg for
systolic blood pressure or >80 mmHg for diastolic blood pressure).'"*

The prevalence of hypertension (based on the classical criteria) is high,
approximately 19% in the Spanish adult population.’ In fact, most individuals who
have hypertension are not aware of it, and most of those who are aware have not
achieved adequate control.

Clinical trials have demonstrated that antihypertensive treatment is
associated with a 35-40% decrease in risk of stroke, a 20-25% decrease in risk of
myocardial infarction, and >50% decrease in risk of heart failure.” Therefore, it is
important to increase awareness of this CRF, and improve its control among
individuals with hypertension.

1.1.5.5 DIABETES

Type 2 diabetes (T2D) is a complex disease involving an heterogeneous
group of chronic metabolic disorders characterized by hyperglycemia.* 1In
epidemiological studies T2D is classically defined by a fasting serum glucose
concentration of >126 mg/dL (or self-reported treatment for diabetes). It is one of
the main modifiable risk factors associated with CAD, and increasing risk by 2-3
fold.” Women with diabetes have a higher risk than men with diabetes.*

Diabetes is also associated with other traditional CRFs, such as
hypertriglyceridemia, lower levels of HDL-C, high blood pressure, and obesity, that
usually appear before diabetes.” These risk factors have a common metabolism
alteration which is insulin resistance. A patient presenting a combination of these
CRFs is usually diagnosed with metabolic syndrome.” Metabolic syndrome has
several specific definitions, but the most widely used is the presence of at least three
of the following five criteria*®:

1)  Abdominal obesity (waist circumference >102 cm and >88 cm in men
and women, respectively).

i1) Hypertriglyceridemia (>150 mg/dL)

ii1) Low HDL-C (<40 mg/dL in men and <50 mg/dL in women).

iv) Altered glycaemia (>100 mg/dL).

v) High blood pressure (systolic blood pressure >130 mmHg and diastolic
blood pressure >85 mmHg).
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There is a controversy about whether the combination of these factors (i.e.
the presence of metabolic syndrome) carries greater risk than the sum of the risks
carried by the individual components, and thus provides more information about
CAD risk than each risk factor separately.”*’

1.1.5.6 LIPIDS

Cholesterol and triacylglycerols (or triglycerides, TG) are the most
important lipids for CAD. Cholesterol and TG are transported in the blood, and are
joined to various proteins (apolipoproteins), thus forming lipoprotein particles.
Depending on their molecular weight, these lipoproteins are classified as very low
density lipoproteins (VLDL), intermediate density lipoproteins (IDL), low density
lipoproteins (LDL) or high density lipoproteins (HDL).

Low-density lipoprotein cholesterol (LDL-C) is the main lipoprotein that
transports cholesterol to the cells.* LDL-C is a modifiable CRF, and is causally
associated with CAD. This association is direct and linear, such that the higher the
LDL-C the higher the CAD risk. Randomized controlled trials have demonstrated
that risk of CAD events decreases following treatment with lipid-lowering therapies,
such as statins, ezetimibe and PCSK9 monoclonal antibodies.*® It has been
estimated that a 1-mmol/L reduction in LDL-C leads to a 20% decrease in CAD-
related mortality, and a 21-23% decrease in risk of CAD events.*’

The main role of HDL particles is to remove excess cholesterol from cells
and transport it to the liver, a process known as reverse cholesterol transport.*
HDL-C is a modifiable CRF. Epidemiological studies have consistently showed an
inverse association between HDL-C and CAD risk, and that HDL-C is a reliable
predictor of CAD events.’'? It has been estimated that a 1-mg increase in HDL-C is
associated with a 2-3% decrease in CAD risk.”® However, randomized trials using
pharmacological interventions that increase HDL-C concentration did not have any
effect on the incidence of CAD events.”® Moreover, Mendelian randomization
studies suggest that the association between HDL-C and CAD is not causal.”
Although HDL-C does not seem to be causally associated with CAD risk, HDL
particles have several antiatherosclerotic functions not reflected by HDL-C
concentration.”® Therefore, research on HDL is now focusing on HDL quality
(functionality) and not on HDL quantity (Section 1.1.5.7).

TG 1s mainly transported by VLDL and is an independent and modifiable
risk factor for CAD.”” Elevated levels of serum TG (>150 mg/dL) increase CAD
risk with an OR of 1.5-17, even after adjusting for other associated risk factors.”’
Triglyceride-rich lipoproteins can penetrate the arterial wall and promote
atherosclerosis.”™ High TG levels are also associated with the presence of more
atherogenic LDL lipoproteins (smaller and more dense) and lower levels of HDL.”’
Although there is limited evidence from clinical trials about the effects of reducing
TG, Mendelian randomization studies support a causal association between TG and
CAD. A series of genes (ANGPTL3, ANGPTL4 and LPL) have recently been found
to be associated with TG, and work is now underway to develop drugs that target
the proteins encoded by these genes.””*
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1.1.5.7 HDL FUNCTIONALITY

As mentioned above, HDL-C is no longer thought to be causally associated
with CAD, and current work is now focusing on the functionality of the HDL
particle.”® Two of these functions are well studied: reverse cholesterol transport, and
anti-inflammatory capacity.

HDL is the particle responsible for reverse cholesterol transport. This
process starts with a key step, cholesterol efflux, in which cholesterol is transferred
from the peripheral cell (usually macrophages in laboratory studies) to the HDL
particle.’’ In animal models, cholesterol efflux has been causally related to reduced
atherosclerosis.®’ In a human population-based cohort, cholesterol efflux capacity
was found to be inversely associated with CVD incidence.’® These authors found
that individuals in the highest quartile of cholesterol efflux capacity had 67% lower
CVD risk than those in the lowest quartile.*®

Another key step in reverse cholesterol transport is the activity of the
cholesterol ester transfer protein (CETP).®> This enzyme catalyzes cholesterol
transfer from the HDL particles to TG-rich lipoproteins (VLDL), and the transfer of
TG from these lipoproteins to HDL.®* To reduce cholesterol transfer from HDL to
VLDL, with the aim of increasing reverse cholesterol transport to the liver, several
companies have developed drugs to inhibit CETP activity. These drugs have been
shown to increase HDL cholesterol levels, but most have failed to reduce CAD risk.
The most striking results are seen with torcetrapib, which significantly increased
HDL-C levels, but also increased CVD mortality, forcing the clinical trial to be
stopped.®>** Anacetrapib is the only CETP inhibitor that has shown positive results
for clinical outcomes, although these beneficial effects may be due to reduced LDL-
C and not by an increase in HDL-C.**

The final step in reverse cholesterol transport is the transfer of cholesterol
from HDL to the hepatocytes. This transfer is mediated by several receptors
expressed in the hepatocyte membrane, including scavenger receptor class Bl
(SCARBI1). A recent genetic study reported that loss of functions mutations in
SCARBL1 reduced this final transfer, increasing HDL-C levels and CAD risk, which
highlights the importance of HDL functionality for levels of HDL-C.%

One of the most important antiatherogenic properties of HDL particles is
their antioxidant function. This function is important for preventing atherosclerosis
because LDL oxidation is a key event in initiating plaque formation.®* Therefore, a
decrease in the antioxidant activity of HDL has been associated with higher risk of
CVD events.*

1.1.5.8 OBESITY

Obesity is the abnormal accumulation of body fat. It causes health problems
and alters one’s metabolic profile (lipids, glucose), and respiratory and
cardiovascular function and structure.”®” There are several indicators for obesity, the
most commonly used being body mass index (BMI), which is calculated from
weight and height (BMI = Weight in Kg/Height® in meters). Obesity is classified
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according to BMI, as follows: underweight (<18.5 kg/m?), normal weight (18.5-24.9
kg/m?), overweight (25.0-29.9 kg/m?), class I obesity (30.0-34.9 kg/m?), class II
obesity (35.0-39.9 kg/m?) and class III (>40 kg/m?).”’

Obesity is considered a major public health problem. First, because its
prevalence is increasing, currently ~23% of the adult European population is
obese.>®” Second, it has several adverse health effects, such as higher risk of CVD,
diabetes type II, hypertension, cancer, and sleep apnea.’ Obesity is an independent
modifiable risk factor for CAD, increasing risk by 2-3 times in obese adults, and
accounting for 5% and 6% of CAD deaths in men and women, respectively.®® The
Framingham Heart Study also reported a dose-dependent pattern, where every 2
additi(g;lal years lived with obesity corresponds to a 7% increase in the risk of
CVD.

Several studies have reported that higher BMI during childhood is
associated with higher risk of CVD in adulthood. These data support the idea that
atherosclerosis is a continuous process that starts early in life.’

1.1.59 AIR POLLUTION

Epidemiological studies have shown that exposure to air pollution is
associated with higher CVD risk.”® Air pollution can act both as a chronic factor that
promotes atherosclerosis, and as an acute trigger of cardiovascular events.”

The mechanisms underlying the chronic and acute effects of air pollution are
related to the inhalation and deposition in the alveoli of air pollution particles and
other substances that generate a proinflammatory response and release molecules
that modify the activity of the vascular tissue.”' This response leads to an oxidative
and inflammatory process that causes endothelial dysfunction, coagulation changes,
autonomic imbalance, and vasoconstriction.”' Hence, short-term exposure to air
pollution increases risk of CAD, venous thromboembolism, arrhythmia, and cardiac
arrest, and produces a measurable decrease in life-expectancy.”’ Long-term
exposure is also associated with higher risk of type 2 diabetes, hypertension, and
other atherosclerosis-related diseases.”' Epidemiological studies have also shown
that reduced exposure to air pollution results in a CVD risk decrease. A study
estimated that 10 pg/m’-decrease in the concentration of particles with >2.5um
diameter would result in 1,523 fewer cases of CAD and 3,156 fewer admissions for
heart failure per year in US.”?

The current recommendations for reducing air pollution exposure involve
implementing and enforcing regulations, changing to affordable and renewable
energy sources, reducing industrial emissions, and empowering individuals to
prevent air pollution in their own microenvironments.”’

1.1.5.10 OTHER RISK FACTORS AND MARKERS

More than 200 CVD risk factors have been described, including family
history of CVD; lifestyle factors such as dietary patterns and physical activity;
biochemical factors such as Lp(a), C-reactive protein, other inflammatory
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biomarkers, and prothrombotic biomarkers; markers of vascular functional such as
pulse wave velocity, endothelial function; vascular imaging measures, such as
carotid or femoral intima-media thickness or the presence of plaques, and coronary
tomography.’

1.2 GENETICS

Genetic factors have been suggested to be important for CVD because of the
results of several cohort studies showing that a family history of CVD is associated
with individual CVD risk.”

1.2.1 Brief history of genetics

The bases of genetic inheritance were established following the rediscovery
in 1900 of the published work of Gregor Mendel describing his famous studies in
pea plants in 1865.”* Mendel's laws were subsequently explained and put in context
by advances in our knowledge of cells and chromosomes. In 1902, Garrod observed
that alkaptonuria followed the inheritance pattern described by Mendel,” and
Bateson coined the term genetics in 1905 to describe inheritance. Johannsen created
the concept of a gene to define the minimum unit of heredity in Mendelian
inheritance, and introduced the concepts of genotype and phenotype in 1909.7%77 In
1952, results from Hershey and Chase suggested that genes are made of DNA, and
the following year Watson and Crick described the structure of the DNA
molecule.”™”

The 20™ century is full of discoveries in genetics that were also driven by
the fast evolution of technology. After the discovery in 1975 of a method for
sequencing DNA, a great advance in genetics appeared with the invention of PCR
(Polymorphism Chain Reaction) in 1986, that allows us to copy and amplify
DNA.**®! Following the first mapping of the human genome in 1987, the Human
Genome Project was launched in 1990, with a draft sequence published in 2001 and
a complete sequence in 2003.** Another two projects that have had a great impact
in genetics are the HapMap Project and the 1000 Genomes Project.**® HapMap
started in 2002, and it’s main goal was to determine common patterns of DNA
sequence variations and make this information freely available.*> The 1000
Genomes Project started in 2008 with the objective of elucidating most of the
common and rare human genetic variation. This was the first study to sequence the
whole genome of a large number of individuals, and by the time of it ended in 2015,
the project had sequenced 2504 participants from 5 continents.®’” This created the
most complete catalogue of human genetic variation, and the data were released to
the scientific community. Technological advances have reduced the cost of
sequencing faster that what was expected according to the Moore’s law (Figure 3)
from the field of electronics.®™ Moore’s law states that the number of transistors of
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an integrated circuit doubles approximately every 2 years, and is also applicable to
other digital electronic devices, including sequencing technologies® These
advances have made it possible to create research consortia to sequence the entire
exome (the protein coding part of the genome).® The Exome Aggregation
Consortium (EXaC; http://exac.broadingtitute.org/) has sequenced the exome of
60,706 unrelated individuals from 4 continents, and has made summary data
available that include the 1000 Genomes data.®® This project has evolved into the
Genome Aggregation Database (gnomAD; http://gnomad.broadinstitute.org), which
has the goal of aggregating and harmonizing all available exome (n=123,136) and
genome (n=15,496) sequencing data.®

Figure 3. Decreasing cost of DNA sequencing from 2001 to 2011
compared with the expected decrease according to Moore’s law.
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1.2.2 Basic conceptsin genetics

The human genome is located in the cell nucleus, and consists of 23
chromosomes containing three billion DNA base-pairs (bp).* Humans have a
homologous pair of each chromosome, such that individuals have two copies of the
same alele, one coming from each of the parents. This information codes 20,719
proteins, according to GENCODE 19 release.® However, it is believed that many of
these genes do not trandate into a functional protein and the total number of
functional genes is closer to 19,000 than to 20,000.** A gene sequence is composed
of many elements, mostly exons (the protein coding part of the genome) and introns
(sequences removed by RNA splicing during maturation of the transcribed RNA).
Exons represent only 1.5% of the entire DNA sequence.®
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Genetic diseases are broadly classified into two categories according to their
observed patterns of inheritance. One category is monogenic (oligogenic) or
Mendelian diseases. Mendelian diseases are those in which one genetic variant in
one gene accounts for most or all of the variation in diseases risk.’ Their inheritance
patterns follow Mendelian laws, and may be autosomal dominant, autosomal
recessive, X-linked dominant, X-linked recessive or Y-linked, among others.”
Although Mendelian diseases are cases in which a single mutation leads to a
disease, their inheritance patterns can be complicated by pleiotropy and reduced
penetrance.” The other category is complex diseases, which are characterized by
complex patterns of inheritance. Disease risk is determined by multiple genetic
variants (often with a small effect) combined with environmental factors, and is
modulated by their mutual interaction.® Therefore, individuals that carry a specific
genetic variant present an increased risk of a disease compared to other individuals
without the variant, but it does not mean that the carrier individual will develop the
disease. For example, in CAD the effects of known genetic variants range from an
odds ratio of 1.04 to 1.30 per copy of the risk allele.”*

1.2.3 Genetics of cardiovascular disease

In 1985 these two fields of knowledge, cardiovascular epidemiology and
genetics, joined to report a deletion of several exons in the LDLR gene in a patient
with homozygous familial hypercholesterolemia. This was the first demonstration of
a mutation in a Mendelian cardiovascular phenotype.”” Historically, four major
approaches have been used in genetic research to discover genes for complex
diseases (including for CVD, and CVD-related traits).”

1. Linkage Studies: Linkage studies are performed in kindreds in which more
than one family member carries the disease. The disease is diagnosed in one
member (index case), and this family is analyzed for hundreds or thousands of
genetic markers distributed through the genome. Then, the transmission or
sharing of these markers between related individuals is analyzed to identify
where these markers coincide (segregate) with the appearance of the disease.”
The aim is to detect the genomic region where the gene and the causal genetic
variant are located. Once this genetic region is located, a fine mapping
genotyping or sequencing can be carried out to identify the gene and causal
genetic variant.”® This kind of approach has been very useful for find causal
genes in monogenic and oligogenic diseases. Linkage studies identified a
region in the chromosome 1 containing the PCSK9 gene, which is related to
familial hypercholesterolemia.”® Subsequent sequencing analysis identified
variants of PCSK9 that cause the disease.”’ Currently, monoclonal antibody
treatments, known as anti-PCSK9, can be used to block the PCSK9 enzyme,
resulting in greater availability of LDLR, and drastically reducing levels of
circulating LDL-C.”® However, linkage studies have been less useful for
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studying complex diseases, although they have been used to identify genetic
variants in ALOX5AP and MEF2A associated with CAD.**'®

Candidate gene approach: In this kind of study one or more genetic variants in
a specific gene, usually common variants (allele frequency >5%), are selected
a priori based on knowledge about the physiopathology of the disease. The
researcher then tests whether these variants are more frequent in patients with
the disease than in healthy control individuals.” This approach has
contributed very little to the knowledge of the genetic architecture of CAD.
The first candidate gene studied in cardiovascular genetics was ACE, in 1992.
The authors reported an association between a deletion in the gene and
myocardial infarction.'"!

Genome-wide association studies (GWAS): Fast technological progress and
the HAPMAP study have driven the design of genotyping arrays that include
100,000 to 500,000 genetic variants, which capture a large proportion of
common genetic variability.” These studies are hypothesis-free, and test for
association between all of these genetic variants and the phenotype of interest.
They require a population sample for the discovery phase, in which a series of
sequence variants are identified as potentially associated with the phenotype.
This is then followed by a second independent population sample in which the
potential associations are replicated.” The simultaneous analysis of a large
number of variants represents a large number of multiple comparisons,
increasing the alpha error rate.” Several methods are available to correct for
alpha error, such as the Bonferroni correction and the false discovery rate
(FDR).'*”

This type of study has required international collaborations between
groups to assemble the large samples needed to achieve sufficient statistical
power. This is because the corrected p-value considered to be statistically
significant is very small (usually <1-10"®), and also because of the very small
magnitude of the effects of common genetic variants on risk of complex
phenotypes (e.g. the OR for CAD ranges from 1.05 to 1.40).” Several GWAS
have identified ~176 genetic variants associated with CAD, and >300
associated with CRFs.*»**!112 Most of these variants are located in
intergenic regions close to gene promotors, indicating a possible influence on
gene expression and epigenetics in determining CAD risk.” These variants
only explain ~20% of the heritability of CAD (the proportion of the total
population variance of the phenotype at a particular time or age that is
attributable to genetic variation®), and some are also associated with lipid
metabolism, blood pressure, and inflammation.’*'®® Due to the small effect of
the variants associated with CAD, individually they have limited capacity to
predict cardiovascular risk but they can be combined in polygenic risk scores
and have better predictive capacity.”” Using information provided by 6.6
million genetic variants captured by commercial genotyping arrays and
imputation, a recent study has developed a new polygenic score that can
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identify individuals with 4-fold greater risk of CAD than the population
average.'"’

The main benefits of GWAS are the consistency of the results, the
creation of international collaborative research networks, and the free
availability of genetic data (crude and aggregate) to the scientific community.
GWAS databases are available through the European Genome-phenome
Archive (EGA) and the database of Genotypes and Phenotypes (dbGaP).''*!!?
Aggregate data on associations between genetic variants and CAD, including
data for >60,000 patients and >123,000 controls are available from the
CARDIoGRAMplusC4D Consortium (www.cardiogramplusc4d.org). The
UK Biobank (biobank.ctsu.ox.ac.uk) has also published and made available
individual and aggregate data from GWAS of CAD and other phenotypes.

However, the main limitations of GWAS are that they do not identify
the genetic variants that are causally associated with the phenotype (the causal
associated variant could be in linkage disequilibrium with the identified
variant). Also, they do not provide information about the pathophysiological
mechanism,” which requires functional studies. Moreover, due to
international collaboration among many groups, the phenotype definition can
be heterogeneous. Also, GWAS are designed to identify common genetic
variants, which generally have small effects, but are underpowered to detect
rare variants that potentially have larger effects.”

4. Genome sequencing studies: Sequencing was classically used to study
monogenic and oligogenic diseases.” Currently, it is possible to sequence the
entire exome (the protein-encoding part of the genome) or the entire genome,
which includes ~3.1 billion nucleotides and around 19,000 genes.” This type
of study has identified genes with rare variants that usually result in a gain- or
loss-of-function of the coded protein that is associated with the risk of CAD;"
the genes identified include LPL, ANGPTL3, ANGPTL4, SVEP1, LDLR and
APOA5."'" The OR for the association between these rare genetic variants
and CAD ranges between 1.5 and 4.5, which reinforces the idea that there are
rare genetic variants with larger effect on the outcome than common variants
(rare variants with small effect are also probably present but difficult to
identify due to limited statistical power).”

Several studies have estimated that the heritability of CAD is between 35
and 55%.” However, in addition to genetics, family relationships also share
values, lifestyles and environment, which may account for some of this
heritability. Despite advances in identifying genetic variants associated with CAD,
a large proportion of this heritability remains to be elucidated. This missing
heritability is one of the main challenges of the genetics of complex diseases, and
it could be accounted for by unknown common genetic variants, rare variants,
complex gene-environment interactions, or regulatory changes in DNA that do not
modify the DNA sequence (epigenetics).
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1.2.4 Applications of genetics

Knowledge of the genetic architecture of CAD has at least three clinical
applications:

1.2.4.1 IDENTIFICATION OF NEW THERAPEUTIC TARGETS

Genetics can be a powerful tool for discovering or validating therapeutic
targets. Currently, there are three approaches for identifying therapeutic targets:

a) Association studies

Approximately only a third of the CAD-associated loci identified by GWAS
are also associated with classical CRFs, which points to new mechanisms or
possible therapeutic targets.”” An analysis of 361 GWAS published up to February
2011 identified 155 genes that were targeted by ongoing drug therapy research.'?
For 63 of these genes the drug was used for treating or preventing the disease trait
analyzed by the GWAS, while for 92 genes the drug could be used for treating a
different disease.!?® While association studies have had some success, such as the
identification of PCSK9 as a potential therapeutic target, there are many other
negative examples, highlighting the need to understand the mechanism underlying
the association between the genetic variant and the phenotype.” For example, the
first GWAS for CAD found a strong and consistent association in genomic region
9p21, in an intergenic region near to a gene cluster containing CDKN2A and
CDKN2B."?"'?* Various hypotheses have been proposed to explain the association
between this region and CAD, but the mechanism has still not be elucidated, which
has restricted efforts to design new drugs to prevent cardiovascular events.'>

b) Mendelian randomization studies

Mendelian randomization is an epidemiological method that uses single
nucleotide polymorphisms (SNPs) as instrumental variables to test the causality of
associations between a biomarker and a disease.'** It takes advantage of the natural
randomization that occurs at conception and Mendel’s Second Law stating that an
allele of one gene is transmitted between generations independently of that of
another gene.” This approach attempts to simulate a randomized clinical trial, in
that we can create two groups of individuals who are equal except for the genetic
variant of interest associated with a phenotype of interest (biomarker). It is similar
to a randomized controlled clinical trial, except that samples are randomized at the
moment of conception rather than at the moment of recruitment.'?

In this type of study, we select a biomarker associated with the disease, one
or more genetic variants associated with the biomarker (genetic instrumental
variable —~GIV-), and we assess whether this GIV is associated with the disease.'*® If
the results show a significant association between the GIV and the disease, this
suggests a causal relationship between the biomarker and the disease. If there is no
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association, this indicates that there is a non-causal relationship between the
biomarker and the disease.'”® In this case, the association between the biomarker
and the disease could be explained by reverse causation (the diseases cause changes
to the biomarker) or that the relationship is mediated by another biomarker or
confounder.'”® A Mendelian randomization approach makes three assumptions
(Figure 4):125,127,128

1) There is a reliable association between the genetic instrument (Z) and
the biomarker (X) (strength of the GIV) (Figure 4a).

2) The association between the genetic instrument (Z) and the clinical
outcome (Y) is mediated through the biomarker (X) (Figure 4b) and not
through a potential confounder (U) (Figure 4d).

3) The genetic instrument (Z) should not be associated with other
biomarkers or exposures (G) (no pleiotropic effects) (Figure 4c).

Figure 4. Assumptions of Mendelian randomization.
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(Image from Latvala and Ollikainen.'*’) a) The genetic instrument (Z) must be associated with

the biomarker (X). b) The genetic instrument (Z) must be associated with the outcome (Y)
mediated through the biomarker (X). ¢) The genetic instrument (Z) cannot be associated with
other biomarkers or exposures (G). d) The genetic instrument (Z) cannot be associated with
confounder variables (U).

The statistical methods used for Mendelian randomization studies are
constantly improving to allow the use of aggregate data, to correct for pleiotropic
effects, and to control for confounding.'® This approach has been used to assess the
association between CRFs and CAD. It suggests a causal association from LDL-C,
TG, interleukin 6, adiposity, and diabetes to CAD."**'* In contrast, it suggests that
there is no causal association between CAD and HDL-C, C-reactive protein,
adiponectin, bilirubin, and vitamin D, 130131.136-141

Mendelian randomization has also been used to provide information about
the potential side effects of targeting a gene. For example, genetic variants in
PCSKO9 that reduce LDL-C levels and risk of CAD also increase glucose levels,
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waist circumference and risk of diabetes, suggesting that the drugs used to inhibit
PCSK9 have adverse effects.'*” This application of Mendelian randomization has
become more popular since the publication of the first phenome-wide association
study (PheWAS).'* This type of study was initially proposed in 2013 to extend the
classical genome-wide approach to electronic medical records, as an unbiased
approach for replication and discovery that interrogates relationships between
targeted genotypes and multiple phenotypes.'**

C) Sequencing of loss-of-function variants

Loss-of-function variants are normally rare variants that result in a loss-of-
function of the coded protein. This approach requires large studies using sequencing
methods to detect genetic variants in specific genes.” It has become very useful for
identifying and validating some proteins as therapeutic targets.”” For example, loss-
of-function variants in the NPC1L1 gene encoding the NPCI1L1 protein, the target
for ezetimibe, were associated with lower risk of CAD. NPCIL1 was subsequently
validated as target for CAD prevention by the IMPROVE-IT study, a secondary
prevention clinical trial.'**'*® Another example is the discovery of the ANGPTL4
gene as a new therapeutic target; monoclonal antibodies to the ANGPTL4 protein
have been found to markedly reduce triglycerides levels in animal models,”"''® and
clinical trials are now underway to prove safety and efficacy.”

1.2.4.2 IMPROVING THE ESTIMATION OF CVD RISK

Individual CVD risk can be estimated using risk functions, which allows
cardiologists to define the best preventive strategy.'' These functions calculate one’s
risk of suffering a CVD event in the following 10 years according to their exposure
to a series of risk factors.'”” However, risk functions have an important limitation in
that most events occur among individuals with low or moderate estimated risk (they
have low sensitivity).'*” Current research is trying to identify new biomarkers,
including genetic variants that can be added to the function to increase this
sensitivity. While most studies that have added CVD-associated genetic variants to
risk functions have not achieved a better discriminative capacity, they do improve
risk classification, especially in the moderate risk category.'**'"

1.2.4.3 PHARMACOGENOMICS

Genetics can also affect the individual response to a certain drug treatment.
Two clear examples in the cardiovascular field are well known:” a) Genetic
polymorphisms at SORT1/CELSR2/PSRC1, SLCO1B1, APOE and LPA loci could
explain ~5% of inter-individual variability in the reduction of LDL-C by
simvastatin, as well as variants in SLCO1B1 are associated with higher risk of
myopathy induced by simvastatin.'”>'’® b) In 2010, the US Food and Drug
Administration added a warning to the clopidogrel leaflet explaining that genetic
characteristics may stop some patients from experiencing the expected benefit.!”’
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This drug is metabolized by cytochrome P450, and genetic variants in CYP2C19 can
modify the activity of this enzyme and thereby the efficacy of the drug.?

1.3 EPIGENETICS

1.3.1 From epigenesis to epigenetics: a historical perspective

In 1942 Conrad Waddington introduced the word epigenetics to modern
biology with a definition related to epigenesis.'”® The epigenesis theory defines
development as a gradual process of increasing complexity from initially
homogeneous material in the egg following conception.'” Waddington defined
epigenetics as the entire complex of developmental processes that lie between
genotype and phenotype.'”®'® His model of the epigenetic landscape highlights the
different developmental pathways a cell might take during differentiation depending
on the genes that underlie the landscape. Waddington hypothesized that the presence
or absent of a gene determines which differentiation path the cell will follow after a
certain point of divergence."™ In 1958, Nanney cited Waddington’s work but
redefined the word epigenetics. He described two different cellular control systems:
the genetic system, which uses the DNA sequence as a template to build a “library

of specificities”;'®" and an auxiliary, or epigenetic system, which determines the
specificities to be expressed in a particular cell (for example the control of gene
expression).'®!

In 1961 Jacob and Monod provided the operon model, the first
demonstration of gene regulation in bacteria,'®* and this model fitted with Nanney’s
concept of epigenetics.'™ In 1969 Britten and Davidson proposed the first detailed
model of gene regulation in higher organisms.'®® Research into histones and DNA
marks started in the 1960s, although these two lines of research developed
separately during at least two decades.'™ Modern chromatin and histone research
started with the discovery of nucleosomes in 1973-4 by Vicent Allfrey and Alfred
Mirsky, who confirmed the inhibitory effect of histones on transcription.'® In the
1970s several groups reported a correlation between DNA methylation and gene
inactivity, and Holliday and Riggs proposed that DNA methylation could regulate
gene expression.'™ Cedar and Razin in vitro experiments showed that DNA
methylation can repress gene expression, and that the methylation pattern is
maintained from one cell generation to another."™ In the 1990s the discovery of
imprinted genes in mice and humans indicated that epigenetics is linked to DNA
methylation. Holliday, who proposed several definitions of epigenetics during the
1980s and 1990s, defined it as ‘“changes in gene expression through (de-
Ymethylation of DNA”.'* However, after considering that histone modifications are
also epigenetics, the definition was changed by Riggs in 1996 to “the study of
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mitotically and meiotically heritable changes in gene function that cannot be

explained by changes in DNA sequence”.'8!%

1.3.2 Brief concepts in epigenetics

Epigenetics has gained increasing attention as a possible explanation for
missing heritability because it is heritable but also modifiable by the environment,
thereby representing a gene-environment interaction. During conception, both pro-
nuclei undergo changes in epigenetic reprogramming before fusion.'® Epigenetic
reprogramming is a key step in early embryogenesis and gametogenesis that erases
and reestablishes epigenetic marks in the embryonic genome during early
embryonic development.'® This phenomenon occurs twice, first during the
blastocyst stage and second during development of the primordial germ cell.'®
Some genomic regions such as imprinted genes and most repetitive elements
undergo epigenetic reprogramming but under different conditions, because they
maintain the epigenetic marks.'® Imprinting disorders occur because of the loss of
imprinting in key imprinted loci.'® Except in imprinted regions, epigenetic marks
are normally erased from one generation to the next; in contrast epigenetic marks
are conserved during cell division.'"®” Moreover, epigenetic marks can be modified
by the environment, and have been proposed as a possible biomarker of the

exposome. 188

Epigenetics is the study of potentially heritable and environmentally induced
changes in gene expression without altering the DNA sequence. There are three
main mechanisms:

1. DNA methylation is the most broadly studied and well-characterized epigenetic
modification.”” DNA methylation is the reversible addition of a methyl group to
the 5™ position of the pyrimidine of cytosine, forming 5-methylcytosine (Figure
5).'% This reactions is catalyzed by enzymes of the DNMT family (DNA
methyltransferase).'® This addition is a common epigenetic mark in eukaryotes,
and represents 3% of the cytosine nucleotides in the human genome, mostly in
the context of cytosine-phosphate-guanine (CpG) dinucleotides.”” In CpG
regions, 70% to 80% of cytosines are 5-methylcytosine, which usually silences
the gene.'”” CpG sites tend to cluster in regions known as CpG islands,
frequently located at the promoter regions of genes.'”’ DNA methylation within
the body of the gene does not silence the gene, but may stimulate transcription
elongation or alter splicing.'”! Thus, the location of methyl groups influences
gene expression.'”’ Moreover, many methylated sites are localized in repetitive
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elements, and their function is not linked to transcription regulation, but rather
to preserve chromosomal stability and avoid gene disruption'*® (Figure 6). Non-
CpG methylation sites have also been described in humans. They have the
structure CpHG and CpHH, where H is adenine, cytosine or thymine, and seem
to be enriched in the gene bodies, and depleted at protein binding sites and
enhancers.'” Non-CpG sites have been identified in stem cells, decrease during
differentiation, and are restored in induced pluripotent stem cells, suggesting a
role in the origin and maintenance of the pluripotent state.'” Given the dynamic
nature of DNA methylation, epigenetics has been referred to as the interface
between genome and environment.'*?

Figure 5. DNA methylation in a cytosine.
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Figure 6. DNA methylation patterns in the genome.
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(Image modified from Portela and Esteller) . a) CpG islands at gene promoters are normally
unmethylated, allowing transcription. Aberrant hypermethylation leads to transcriptional
inactivation. b) The same pattern is observed when studying island shores, which are located up
to 2 kb upstream of the CpG island. ¢) However, when methylation occurs at the gene body, it
facilitates transcription, preventing spurious transcription initiations. In disease, the gene body
tends to be demethylated, allowing transcription to be initiated at several incorrect sites.
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2. Various histone modifications can occur in histone tails, including acetylation,
methylation, phosphorylation, ubiqutination, SUMOylation and ADP-
ribosylation.'”® Histone modifications have an important role in transcription
regulation, DNA repair, DNA replication, alternative splicing and chromosome
condensation.'”™'*> Histones can be modified at different sites simultaneously;
the histone state is not determined by a single histone mark, but rather by the
combination of all marks in a nucleosome.' The nucleosome is formed by the
core histones H2A, H2B, H3 and H4, which group into two H2.A-H2.B dimers
and one H3-H4 tetramer. A 147 bp segment of DNA is wrapped in 1.65 turns
around the histone octamer and neighboring nucleosomes are separated by
around 50 bp of free DNA.'”" Histones changes can regulate gene expression by
organizing the genome into formations: euchromatin, which has active and
transcription-accessible DNA and is characterized by high levels of acetylation;
and heterochromatin or trimethylated H3K4, H3K36 and H3K79, which has
inactive and compacted DNA that is less accessible for transcription, and is
characterized by low levels of acetylation and high levels of H3K9, H3K27 and
H3K79."

3. Non-coding RNA is a functional group of diverse RNA molecules that are
transcribed from DNA but not translated into proteins.'”® Non-coding RNA can
be divided into two groups: (1) Short ncRNAs (<30 nucleotides), including
microRNAs (miRNAs), small-interfering RNAs (siRNAs), and piwi-interacting
RNAs (piRNAs); and (2) Long non-coding RNAs (>200 nucleotides),'*® whose
function is to regulate gene expression at transcriptional and post-transcriptional
level.'”

1.3.3 DNA methylation and complex diseases

DNA methylation is the most widely studied epigenetic mark. Several
studies have shown that methylation patterns could affect the disease phenotype
through changes in the global and tissue-specific gene expression.'”” DNA
methylation is considered an etiological candidate for complex diseases based on

four observations'*®:

1. One of the characteristic traits of complex diseases is discordance between
monozygotic twins (genetically identical twins arising from a single zygote),
which is as high as 25-45% for diabetes, 50% for schizophrenia, and 40-70%
for Alzheimer’s disease. This discordance has been suggested to be due to
differences in exposure to environmental factors.'” Studies in twins showed
similar levels of DNA methylation during childhood, but different
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methylation patterns in adulthood.?”® Therefore, twins’ risk of having a given
disease can differ due to DNA methylation, reflecting differential exposure to
a wide variety of environmental factors and lifestyles.'"’

2. The rapid increase in recent years in the incidence of several diseases such as
diabetes and obesity cannot be explained by genetic factors alone.
Epidemiological studies have demonstrated that the relationship between
diabetes and obesity is at least partly mediated by nutritional and lifestyles
factors.”’! These studies highlight the importance of non-genetic factors such
as lifestyle and environment in risk of complex diseases.

3. Another peculiarity of complex diseases is sexual dimorphism. Males and
females have marked differences in susceptibility to several complex
diseases.'” For example, multiple sclerosis, structural heart disease,
osteoporosis and panic disorders are more common in females, whereas
autism, alcoholism and Parkinson’s disease are more common in men.>%
These diseases are known to be associated with autosomal genes, rather than
genes on the sex chromosomes,”” and there is no specific mechanism to
explain these differences, or how sex hormones could predispose to or protect
against a disease.'”” We know that sex hormones cannot change the DNA
sequence, but they can modify and regulate gene expression through DNA
methylation.'”’

4. Epidemiological studies demonstrate the importance of epigenetic
reprogramming during embryonic development.”*®* Exposure to various
factors during the embryonic stage are associated with the appearance of
several diseases in adult life.®® Individuals who were prenatally exposed to
the Dutch Hunger Winter (1944-1945) show lower levels of methylation in
IGF2 than non-exposed same-sex siblings.””> Depending on the duration of
their exposure to the famine, these individuals have higher risk of obesity or
glucose intolerance. This is the first evidence that the early-life environment
can cause epigenetic changes in humans that persist throughout life, and that
predispose to disease.”*

In this context it is very plausible that changes in DNA methylation are also
import for cardiovascular disorders and atherosclerosis, and that this is modified by
exposure to different environmental factors.

1.3.4 Methods for DNA methylation analysis

PCR is a revolutionary technique in molecular biology that allows us to
copy a DNA fragment from a limited starting amount, and to amplify this up to a
very large number of copies of this fragment.””” However, PCR erases all
methylation markers from the DNA fragment.'" Given this, a major advance in
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DNA methylation research was the development of sodium bisulfite modification,”®
which converts unmethylated cytosine nucleotides to uracil without modifying the
methylated cytosine nucleotides.””® In combination with PCR, this allows us to
distinguish between unmethylated and methylated cytosine nucleotides.'® The
unmethylated cytosine nucleotides are amplified as thymine, and the methylated
cytosine nucleotides remains as cytosines.'® Several methods are available to
analyze DNA methylation, and the choice of the most appropriate approach depends
on the goals of the study in question.*”’

1.3.4.1 ANALYSIS OF GLOBAL DNA METHYLATION

As mentioned above, 70-80% of all CpG sites are methylated in repetitive
elements and regions with low CpG density.'”® Global DNA methylation analysis
provides information about most CpG sites, but not about loci in which the
methylation status is altered. Thus, it is difficult to assess the relationship between
methylation changes and functional outcomes.*” Two main methods are available to
measure global DNA methylation:

a) High-performance liquid chromatography (HPLC) is a highly
quantitative and reproducible technique. However, it requires large
amounts of high-quality DNA, so is not appropriate for high-throughput
analysis.””

b) Bisulfite-based PCR methods do not require large amounts of DNA, and
can be applied to paraffin-embedded tissues.’”” These methods estimate
global DNA methylation by interrogating repetitive elements, mainly
Alu elements and long interspersed nuclear elements (LINE).?*

1.3.4.2 LOCUS-SPECIFIC ANALYSIS

This is a combination of methods that detects the level of DNA methylation at a
specific locus.”” Two main approaches are available, those that determine DNA
methylation at a candidate locus, and those that do so in a genome-wide manner.*”

1. Candidate locus approach: The candidate locus approach targets a specific
locus or a small region, and the most common techniques use PCR methods.””
The main concern is that methylated and unmethylated DNA sequences
sometimes have different amplification efficiencies, leading to so-called PCR
bias;*'® thus, PCR bias should be tested in every assay. The most common
techniques to perform a candidate locus approach are:
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a)

b)

d)

Bisulfite and cloning sequencing provides information on allele-specific
methylation, and is the gold standard. However, this technique is
laborious and very expensive for large numbers of samples.*”

Methylation-sensitive PCR (MSP) is a rapid, highly sensitive technique
that can be used in DNA samples of poor quality and limited quantity.*”’

Direct bisulfite sequencing provides the average methylation
information across all alleles produced after the bisulfite PCR.*” This
method is sensitive and quantitative, but is difficult to apply to many
samples.””

Bisulfite-pyrosequencing is the main extension method for analyzing
short to medium length DNA sequences.”” It quantifies multiple CpG
sites in the same reaction with high accuracy, and adds an internal
control to the procedure.””

Bisulfite-PCR followed by MALDI-TOF MS is another high-throughput
method that allows one to detect more CpG sites in a single amplicon
(maximum of 800 bp); however, it is technically challenging.*”

2. Genome-wide approach: The rapid advance of technology has changed the

analysis of DNA methylation from a locus-specific analysis to a genome-wide
analysis, allowing hypothesis-free approaches. The main techniques are:

a)

b)

d)

Restriction Landmark Genome Scanning (RLGS) provides methylation
information on thousands of loci in a single two-dimensional gel,
although it has lower coverage and sensitivity, requiring 30% of
methylation to be detected.?**"!

Methylation-specific digital karyotyping (MSDK) has similar limitations
to those of RLGS in that it provides low genome coverage and requires
large quantities of DNA.*%-!?

Methylated DNA immunoprecipitation (MeDIP) technique requires
large amounts of DNA and antibody.””” Moreover, it may have low
sensitivity in regions with low-density of CpG sites.?”

The differential methylation hybridization (DMH) method is simple and
needs low amount of DNA. It is based on the digestion of DNA using
specific enzymes.”” Therefore, only the CpG sites within the restrictive
enzyme site can be analyzed and the results are prone to false positive
due to incomplete digestion.*”’
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e) Reduced representation bisulphite sequencing (RRBS) is used to
sequence some regions after enzyme digestion (BglIl or Mspl) without
selecting specific regions, but with enriched content of CpG sites.'®’

f) Whole genome bisulfite sequencing is the most extensive method,
assessing 100% of the coverage. The limitations are the cost and the
difficulty in managing the next-generation sequencing data.*'?

g) Bisulfite-PCR arrays methods are currently the gold standard for
genome-wide methylation studies. They use previously selected
oligonucleotides to quantify the cytosine nucleotides changed to thymine
nucleotides at these regions.?” Although these methods do not assess the
whole methylome as whole-genome bisulfite sequencing does, but rather
use loci-specific PCR, they interrogate hundreds of thousands of loci
simultaneously, and with a lower cost.”” The principal arrays are
commercialized by Illumina.?"

1.3.5 Ilumina Infinium technology: Human Methylation450
Beadchip array

The excessive cost of whole-genome sequencing explains why Illumina’s
Infinium technology is the most widely used for large-population studies; the
Human Methylation450 BeadChip array (450K) has been the most widely
commercialized to date.”"**'" Illumina Infinium is a fast and cost-effective
technology for analyzing methylation levels genome wide and at single CpG site
resolution. The 450K succeeds the HumanMethylation27 BeadChip (27K), and
simultaneously is the predecessor of the HumanMethylationEPIC BeadChip
(EPIC).2">?!° The 450K platform assesses 485,577 assays (482,421 CpG sites, 3091
non-CpG sites and 65 random SNPs), including 94% of the loci interrogated by the
27K array (which assessed 27,578 CpG sites) with a R*>0.95.*'* The new EPIC
array interrogates 853,307 CpG sites, including 91.1% of the 450K probes with
R*>0.98.2'° In addition, the average correlation between replicates of the 450K array
was 99% and the correlation with whole-genome sequencing is around 95%.'* The
450K array prioritizes extensive coverage across genes and CpG islands,”'* and
covers 98.9% of UCSC RefGenes with an average of 17.2 probes per gene region
and 96% of CpG islands with an average of 5.63 probes.*'* The content of the array
was selected according to the recommendations of a consortium including 19
institutions from around the world.*"*

Each well of the Illumina Infinium arrays contains 50-mer locus-specific
sequences linked to silica beads.?'”*'® These are randomly assigned to wells in the
array such that each oligonucleotide is represented by 15-30 beads, providing repeat
measurements.”'*'® This technology uses phosphoramidite chemistry, such that
only the beads attached to a target can be decoded.?'*'* Particularly, the 450K array
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uses two different assays, Infinium I and Infinium II. Infinium I is the assay used in
the 27K array and uses two different probes (one for the methylated allele and one
for the unmethylated allele) attached to two different bead types and emitting the
methylated and unmethylated signal for two different channels; 46,298 probes for
the green channel, and 89,203 probes for the red channel.?"’ Tn contrast, Infinium II
(implemented for the first time in the 450K array) uses degenerate R-bases,
allowing multiple combinations of oligonucleotides to be attached to the bead.*'®
Therefore, one probe can hybridize with both the methylated and unmethylated
cytosine after bisulfite conversion, emitting in the green and red channels,
respectively.?'® It uses a total of 350,076 probes.”'* The main steps performed with
this technology are: First, the DNA undergoes bisulfite treatment and is amplified
by PCR;?" second, the amplified DNA is fragmented and hybridized to the array;*"?
third, primer extension and immunohistochemistry staining are performed.?'’
Infinium I requires two probes to assess a CpG site after allele-specific single-base
extension, but Infinium II requires one bead and determines the methylation level at
a specific CpG site by single-base extension of the matched bead over the
mismatched bead using hapten-labeled terminators.”’’” Finally, the methylation

levels are estimated from the detected signals by two parameters, using equations a)
and b):220,221

2 ﬂ=LLJ b) M =1og2wi *“J
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Where: Mi is the intensity of methylated probes, Ui is the intensity of
unmethylated probes, and o is a constant offset with a value of 100 and 1 in
equations a and b, respectively.””” The B-value facilitates biological interpretation, in
that it ranges from 0 for completely unmethylated to 1 for completely methylated.?*
M-values have a more difficult interpretation, as M-values close to 0 correspond to
half-methylated probes,”*® while positive and negative M-values indicate more and
less methylated than unmethylated cytosine nucleotides, respectively.”’ However,
the M-value has better statistical properties,”® in that it has better detection power
and a higher true positive rate due to its reduced heteroscedasticity.**’ The B-value
can be transformed to the M-value and vice versa using equations c) and d). Several
studies have detected a shift in the B-value distribution between Infinium I and II.
Infinium 1II is slightly less accurate than Infinium I at the extreme values.”’
Consequently, the overall distribution from the Infinium I and Infinium II does not
reflect the true biological effect, and a series of normalization methods have been
developed to solve this problem (Figure 7).*
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Figure 7. Distribution of the p-value for the Infinium I and Infinium 11 assay
and the overall p-distribution.
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The normalization step tries to remove the experimental artefacts, random
noise and technical and systemic variation caused by both assays and identifies the
true biological signal.”> Most currently normalization methods are classified as i)
between-array normalization, which removes technical artefacts between samples
on different arrays, and within-array normalization, which corrects for intensity-
related dye biases.”>® Therefore, it is essential to normalize the data before analyzing
the methylation levels in a region that is interrogated using both Infinium assays.?*
However, normalization is not essential when analyzing single position, although
some authors recommend it. Some methods should also be used to account for batch
effects.

1.3.6 Epigenome-wide association studies

Advances in technology and especially of the Illumina Infinium technology
have allowed us to study associations with DNA methylation in a genome-wide
manner.”” Epigenome-wide association studies (EWAS) assess the relationship
between a phenotype of interest and the methylation status of single positions
throughout the genome.?** Similar to GWAS, many different study designs can be
used (case-control, monozygotic twins studies, longitudinal cohorts, etc.), but there
is no single EWAS design that will be useful for all proposals.”** The researcher
must identify the most adequate to address their hypotheses.

There are some notable differences between EWAS and GWAS:

1. The first difference is the source of tissue from which to extract the
DNA. While GWAS can use DNA from any tissue because the DNA
sequence is “equal and immutable” in all body cells (not entirely true
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because of the presence of somatic clonal cells). In contrast, DNA
methylation is tissue-specific and dynamic. All tissues are composed of
multiple cell types, such that heterogeneity is possible even within a
single tissue.”** For example, there are more than 50 distinct cell types in
the blood, so it would not be possible to detect methylation patterns that
affect the risk of a disease caused by only one cell type that makes up
only a small proportion of cells in the blood. Differences detected
between cases and controls may only reflect different cell type
compositions, but not real epigenetic variation.”** However, most studies
involve living participants, so the DNA must come from an easily
accessible source such as blood, buccal samples, saliva, hair follicles,
urine, or faeces; blood is the most widely used.??* Some authors have
suggested that studying methylation patterns of whole blood is a good
proxy for the methylation levels at a specific site of action.?*>*%

DNA methylation is dynamic and changes over time according to
various environmental and lifestyle.192 Thus, unlike GWAS data, which
can be collected once in a patients’ life and remains constant throughout
their life, EWAS information is valid for a time point, and thus confers
invaluable information as a biomarker.””® The dynamic of DNA
methylation patterns over time affect studies of methylation-phenotype
associations. While GWAS support causal associations between genetic
variants and the phenotype, EWAS results do not support this causal
association, because DNA methylation could be a consequence of the
phenotype of interest rather than a cause. The causal direction in EWAS
can be examined by using an appropriate study design or by taking
advantage of genetic variants (Mendelian randomization approach).'*’ It
is important to understand the causal relationship in order to assess the
usefulness of methylated loci as, for example, markers of disease
progression, targets for reversal by treatment, or measures of drug
response.

Statistical power is a key determinant of success in genome-wide
studies. A EWAS study of a given sample size usually has higher
statistical power than a GWAS of the same size because DNA
methylation level is a continuous variable, unlike the genetic variables
analyzed by GWAS, which can have only 3 possible values (0, 1 or 2).
Both GWAS and EWAS involve testing hundreds of thousands of
hypotheses and must be corrected for multiple testing to reduce type I
error to 5%,”*’ using the Bonferroni correction or the FDR correction.'"

Similar to GWAS, EWAS can also be confounded by systematic
differences between cases and controls in the processing of samples
(known as the batch effect), or when the ancestry of the cases differs
systematically from that of the controls (known as population
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structure).224 However, in EWAS, environmental factors can affect both

the epigenotype and phenotype, inflating the type I error and resulting in
exaggerated estimates of the effect size.”?* Therefore, all analyses should
be adjusted for potential confounders like age, sex and smoking
exposure where possible.”?* Further methods using high-throughput data
are available to correct for confounding factors such as principal
components, surrogate variables, etc.*****

The typical structure for GWAS and EWAS involves a population sample to
perform the discovery analyses and an independent population to validate the
results.””* The most commonly used strategy is to initially tolerate some false
positive results in the discovery stage and to include and analyze them in the
validation stage.””* The validation phase should ideally include an independent
sample studying the same methylation positions using the same trait definition
(phenotype or exposure).””’ In EWAS, the DNA should be extracted from the same
source due to its tissue-specificity. Moreover, correlations between methylation and
genotype to assess causation should be assessed in the replication cohort.”** To
evaluate the relationship between the methylation site and the phenotype, an optimal
approach is to combine the statistical tests from the two stages using standard meta-
analysis techniques.”**

The purpose of identifying associations using the EWAS approach is to
improve our understanding of disease etiology and provide possible targets to
develop therapeutic strategies and new biomarkers for diagnoses or disease
prediction.”*

1.4 JUSTIFICATION OF THIS THESIS

Cardiovascular diseases in general and CAD in particular is the main cause
of death worldwide. Several cardiovascular risk factors predisposing to this complex
disease have been identified. The risk of presenting CAD depends on a complex
interplay between genetics, environmental and lifestyles factors. Several studies
have estimated that the heritability of CAD ranges from 35% to 55%. Common
genetic variants identified by GWAS explain only around 15-20% of this
heritability, and remainder is called missing heritability.

Epigenetic is the study of mitotically and meiotically heritable changes in
gene function that cannot be explained by changes in the DNA sequence. Some of
these epigenetic signatures can be modified by environmental and lifestyles factors.
Therefore, studying the relationship between epigenetics and CAD risk could
explain some of the missing heritability. Epigenetics could also mediate the relation
between environmental/lifestyles factors and CAD risk. DNA methylation is the
most stable and widely studied epigenetic mark, and has been proposed as a
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mechanism to explain the role of environmental factors and to explain missing
heritability.

Thanks to technological advances, the study of DNA methylation using a
genome-wide approach is now cost-effective and can be performed in
epidemiological studies. Once the DNA signatures related to biological traits are
identified, it is important to assess whether these relationships are causal or not. The
study of causality will support the potential role of these epigenetic marks as
biomarkers and potential therapeutic targets.

In this thesis I will tackle some of these issues and provide new evidence to
expand knowledge on this topic. Specifically, I will address the association between
some lifestyles/environmental factors (smoking and air pollution) and DNA
methylation, and between DNA methylation and several cardiovascular risk factors
(adiposity, lipids, HDL functionality). I will also address the causality of the
association between DNA methylation signatures and lipid profile.
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2. Hypotheses and Objectives

2.1 HYPOTHESES

The lifestyle and environmental exposures influence DNA methylation

signatures, so the DNA methylation changes could partially mediate the effect of
lifestyle and environment on the development of CAD (Figure 8). Moreover,
independently of this mediator effect, DNA methylation could also be associated
with intermediate cardiovascular traits, which could partly explain the missing
heritability and pathogenesis of CAD.**

Figure 8. Scheme of the thesis’ hypotheses.
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General hypothesis 1: The lifestyle and environmental exposures influence DNA
methylation signatures.

> In this thesis, the associations between DNA methylation and the other factors are written
according to the direction of the causality shown in the Figure 8, in which according to the
statistical models designed, it is first mentioned the independent and then the dependent variable.
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Specific hypotheses:

1.1 Smoking exposure modulates DNA methylation patterns throughout the
genome. Smoking is associated with differential levels of DNA
methylation at several specific loci:

- Current smokers have a different DNA methylation signature to that in
never smokers.

- Former smokers have a different DNA methylation signature to that in
current and never smokers.

- Different DNA methylation patterns could be used to discriminate
between current and never smokers.

- Different DNA methylation patterns are associated with gene
expression and plasma protein levels.

1.2 Different exposures to air pollution can result in different DNA
methylation patterns throughout the genome:

- Exposure to traffic related air pollution in residential areas (residential
NO2, traffic intensity in the nearest street, and traffic load within 100
meters) is associated with DNA methylation levels.

- Exposure to particulate matter is associated with differential DNA
methylation.

General hypothesis 2: DNA methylation could be associated with intermediate
cardiovascular traits.

Specific hypotheses:

2.1 DNA methylation signatures are associated with adiposity indicators (body
mass index and waist circumference).

2.2 DNA methylation signatures are associated with serum lipid profile (low
density lipoprotein cholesterol, high density lipoprotein cholesterol, and
triglycerides). Moreover, these different DNA methylation signatures are
associated with levels of gene expression.

2.3 Some DNA methylation loci associated with serum lipid levels directly
cause this association with lipids, whereas others are a consequence of
exposure to these lipid levels (reversal causality).

2.4 DNA methylation signatures are associated with high density lipoprotein
function (cholesterol efflux capacity and/or anti-inflammatory capacity).



2. Hypotheses and Objectives

2.2 OBJECTIVES

General objective 1: To assess the association between lifestyle and environmental
factors and DNA methylation.

Specific objectives:

1.1 To determine the association between smoking exposure and DNA
methylation levels throughout the genome (Manuscript 1) by:
- Comparing current active smokers with never smokers.
- Comparing former smokers with current and never smokers.
- Analyzing whether DNA methylation patterns can be used to
discriminate between smokers and never smokers.
- Exploring the relationship between differential methylation at specific
loci and gene expression and plasma protein levels.

1.2 To assess whether traffic-related air pollution and particulate matter in
residential areas are related to DNA methylation signatures throughout the

genome (Manuscript 2).

General objective 2: To determine the association between DNA methylation and
intermediate cardiovascular traits.

Specific objectives:

2.1 To determine the relationship between DNA methylation signatures and
adiposity indicators (body mass index or waist) (Manuscript 3).

2.2 To test for association between DNA methylation and serum lipid profile
(low density lipoprotein cholesterol, high density lipoprotein cholesterol,
and triglycerides) (Manuscript 4) by:

- Analyzing the linear relationship between DNA methylation and
serum lipid traits.

- Exploring the relationship between differential methylation at specific
loci and gene expression.

2.3 To evaluate causality in the association between DNA methylation and
serum lipid levels (Manuscript 5).

2.4 To explore the relationship between DNA methylation signatures and high
density lipoprotein functionality (cholesterol efflux capacity or anti-
inflammatory capacity) (Manuscript 6).
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3. Methods

The six specific objectives, corresponding to five different phenotypes, are
addressed one by one in the six manuscripts presented in this doctoral thesis. The
methods used for each objective are explained in detail in the corresponding
manuscript. In this section I present a summary of the methods.

3.1STUDY DESIGN

We designed two-stage EWAS to address most of the objectives of this
doctoral thesis (1.1, 1.2, 2.1, 2.2; Manuscripts 1 to 4). In the first stage (discovery),
we assessed the association between the exposure (smoking, air pollution) or the
clinical trait (obesity, lipids) of interest and DNA methylation in a genome-wide
manner in the REGICOR study. We selected CpG sites associated with the exposure
or clinical trait for subsequent validation, using an arbitrary p-value threshold of
<1-107. In the second stage (replication), we evaluated the selected CpG sites in one
or more independent populations (Table 1), and meta-analyzed the results from
these study populations to assess whether the associations selected in the discovery
phase were statistically significant. To declare a candidate association as statistically
significant we used the Bonferroni correction. This adjusts for the multiple
comparisons performed in the analyses, which we established as the number of CpG
sites analyzed in the discovery stage (p-value threshold for statistical significance =
0.05/number of CpG sites analyzed in the discovery stage).

To address objective 2.3 (Manuscript 5), we used the Mendelian
randomization approach to evaluate the causality of the association between DNA
methylation signatures and lipid profile. First, we selected the results reported in
Manuscript 4. Second, we replicated the associations in a third database (GAW20
data). Third, we identified genetic variants associated with methylation levels at the
CpG site of interest and created a polygenic risk score (genetic instrumental
variable) to analyze whether the association from methylation to lipid level was
causal. To analyze causality in the opposite direction, i.e. that lipid levels modulate
methylation levels, we selected genetic variants associated with the lipid traits of
interest, and created polygenic risk scores for these traits. In these analyses we also
searched for pleiotropic effects.

To address objective 2.4 (Manuscript 6), we also used an EWAS design, but
only included a discovery sample, as no external population with data on
methylome and HDL functionality were available to replicate the results.

In Manuscripts 2 and 6, we also used a candidate gene approach to replicate
CpG sites in genes previously related to the exposures or traits of interest.



Table 1. Summary of the populations and -omics data used to address the objectives in this thesis.

Study Population

Omic Data

Obijectives (O) — Manuscripts (M)

Cohort
Name

Information

Ref.

Genetics

DNA methylation

Transcriptomics

450K

Pyros.

parray

012|021
M2 | M3

022
M 4

024
M 6

REGICOR

Population-based cohort
representing Girona
Province (n=11,158).

230

N=648

N=622

BASICMAR

Prospective registry of
acute ischemic stroke
patients within the
reference area of Hospital
del Mar, Barcelona
(n=7,000).

231,232

N=377

PREDIMED

Large, multicenter
randomized, controlled,
parallel trial to study the

long-term effects of a
traditional Mediterranean
diet, Spain (n=7,447).

233,234

N=22

TALAVERA

Population-based survey
undertaken in Talavera

235

EPIC-Italy

Multi-center prospective
study including data from
two case-control studies
on breast and colorectal
cancer, Italy (n=47,749).

236,237

N=454

FOS

Population-based cohort
including 5,209 offspring
of participants in the
original Framingham
Heart Study. Data
obtained through dbGAP.

238

N=2,542

GOLDN/
GAW20

Families of self-reported
European descent with at

239

N=655

N=993




least two siblings,

recruited from two
centers, in Minneapolis

and Salt Lake City.

GLGC

Summary statistics for
SNPs associated with lipid
traits from 45 studies
(n=188,577). Aggregated
data available at:
http://csg.sph.umich.edu/
willer/public/lipids2013/

240

°
N=188,577

CARDIo
GRAMplus
C4D

Consortium including the
Coronary Artery Disease
Genome wide Replication
and Meta-analysis
(CARDIOGRAM) and the
Coronary Artery Disease
(C4D) consortia
(n=185,000). Aggregated
data available at:
http://www.cardiogramplu
sc4d.org/data-downloads/

241

N=-~185,000

GIANT

Consortium focused on
identifying genetic loci
that modulate human body
size and shape, including
80 GWAS plus data from
34 additional studies
(n=339,224). Aggregated
data available at:
https://portals.broadinstitu
te.org/collaboration/giant/i
ndex.php/GIANT consort

ium data files

107

N=339,224

Ref.: References; 450K: HumanMethylation 450 Beadchip Kit; Piros.: Pyrosequencing technology; RNAs.: RNA sequencing technology;

parray: Microarray technology; Prot.: Proteomics.
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3.2STUDY POPULATIONS

To address the hypotheses of this thesis, we included individual or
aggregated data from ten different studies. All cohorts are briefly summarized in
Table 1, explained in detail in the corresponding manuscripts,'">*272%241 apd
described below:

1. The REGICOR (REgistre Glroni del COR or Girona Heart Register)
study was the main source of population data.”*® It was used in five of the six
manuscripts (Objective 1.1, 1.2, 2.1, 2.2 and 2.4) Manuscripts 1, 2, 3, 4, 6) as a
discovery cohort, and also used as a replication cohort in Manuscripts 1, 2 and 6.
The REGICOR study is a population-based cohort created from three population-
based surveys: i) 1,748 individuals aged 25-74 years recruited from 33 villages in
1995; ii) 3,058 individuals aged 25-74 years recruited from 14 villages in 2000; and
ii1) 6,352 individuals aged 35-79 years recruited from 5 villages in 2005. The
participation rate was >70% in all three surveys. The 11,158 participants included
are of European ancestry and represents the urban and rural diversity of the province
of Girona in Catalonia. All participants were invited to participate in a follow-up
visit in 2009-2013. A random subsample of 648 participants recruited in 2005 and
attending the follow-up visit was selected to participate in these EWAS as a
discovery population, and an additional random subsample of 622 individuals was
used as a replication cohort in Objective 1.1, Manuscript 1.2

2. The BASICMAR (BASe de datos de ICtus del hospital del MAR) study
is a hospital-based prospective register of stroke patients since 2005. All stroke
patients who are attended at Hospital del Mar, Barcelona, are invited to participate
in the register.”>'***> BASICMAR currently includes more than 7,000 patients. A
random subsample of 377 patients was selected to analyze genome-wide DNA
methylation. This study was a replication population to analyze the association
between smoking and DNA methylation (Objective 1.1, Manuscript 1).

3. The PREDIMED (PREvencion con Dleta MEDiterranea) study was used
to study DNA methylation and gene expression data.”>>*** We had access to
genome-wide gene expression data for a subsample of 22 individuals. We included
this study in our analysis of the association between smoking and epigenetics
(Objective 1.1, Manuscript 1).

4. The TALAVERA study is a population-based survey performed in an
urban area in the province of Toledo, Spain.”*® We included this population to
analyze DNA methylation, gene expression and the plasma proteome. We
determined the levels of a protein of interest in the plasma of 267 individuals
participating in this survey. The data allowed us to perform indirect validation of the
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association between smoking and epigenetics and plasma proteome (Objective 1.1,
Manuscript 1).

5. The EPIC-Italy (European Prospective Investigation into Cancer and
nutrition) study is a European collaborative effort to analyze the relationship
between nutritional variables and cancer risk in a prospective cohort.”*” EPIC-Italy
was used to perform a nested case-control study (cases include 231 individuals with
breast cancer and 304 with colorectal cancer) to analyze DNA methylation; EPIC-
Italy has also collected data on exposure to air pollution.*** This study was included
as a replication population in our analysis of the association between air pollution
and DNA methylation (Objective 1.2, Manuscript 2).

6. The Framingham Offspring Study (FOS) is a community-based cohort
study.”*® This study was initiated in 1971 and includes the offspring of participants
from the initial 1948 cohort. These participants were followed-up and invited to
attend to the study clinic every 2-4 years. For participants who attended examination
8 (2005-2008), data are available on DNA methylation pattern and some of the traits
of interest for this thesis. This population was used as a replication cohort to address
Objectives 2.1 and 2.2 of this thesis (Manuscripts 3 and 4). We obtained these data
through the dbGAP (http://dbgap.ncbi.nlm.nih.gov; project number #9047).

7. The GOLDN (Genetics of Lipid-Lowering Drugs and Diet Network)
study is a family study investigating gene-environment interactions using controlled
interventions, as part of PROgram for GENetic Interaction (PROGENI) Network.
The aim of this study was to characterize the genetic and epigenetic basis of
individual variability in triglycerides in response to three weeks of treatment with
fenofibrate.”**** This study includes genome-wide data on DNA methylation,
expression and genotyping. We used the gene expression data to address the
Objective 2.2 (Manuscript 4). The same GOLDN data were released for Genetic
Analysis Workshop 20 (GAW20 data), and were used through the GAW20
procedure to address Objective 2.3 (Manuscript 5). This work was conducted during
a 6-month stay by the PhD candidate with the GOLDN investigators at the
University of Alabama, Birmingham (UAB).

8. Aggregated data from several genome wide association studies were used
to test for association between SNPs located in genes of interest and blood lipids
(Global Lipid Genetics Consortium), CAD (CARDIoGRAMplusC4D), and body
mass index (GIANT).!07-240-241

The methods used in this thesis adhere to the principles of the Declaration of
Helsinki and current legislation in the corresponding countries, and were approved
by the local clinical research ethics committees.



m DNA methylation and its relationship with lifestyle, environmental and cardiovascular risk factors

3.3 EXPOSURES / PHENOTYPES OF INTEREST

In the REGICOR, BASICMAR, PREDIMED, TALAVERA, EPIC-Italy and
GOLDN/GAW20 studies, trained teams performed examinations and administered
standardized methods and questionnaires to collect biological samples,
sociodemographic and lifestyle data, and other information related to cardiovascular
risk factors.”** For FOS, the relevant information was obtained via dbGAP.

3.3.1 Smoking

Smoking was self-reported and collected using the standardized MONICA
questionnaire. Four categories were defined: never smokers, former smokers >5
years, former smokers 1-5 years, and current smokers.****

3.3.2 Air pollution

REGICOR and EPIC-Italy followed the ESCAPE protocol to evaluate long-
term exposure to air pollution.*****” All addresses were geocoded at front-door level
and we used land use regression (LUR) models to estimate concentrations of
nitrogen oxides (NOX), nitrogen dioxide (NO,), and exposure to particulate matter
[aerodynamic diameter of <lOum (PM10), <2.5um (PM2.5), and PMcoarse (the
difference between PM10 and PM2.5)] for each participant.***** Moreover, we
estimated traffic intensity in the nearest street and traffic load (sum of traffic
intensity multiplied by length of road segment) for all segments in a 100-meter
buffer zone, and derived 10-year average values for each participant.*

3.3.3 Obesity traits

The weight and height of participants from REGICOR and FOS were
measured barefoot and in underwear by nurses using a precision scale of easy
calibration. Waist circumference was measured at the umbilicus using standard
measuring tape. In FOS, these measures were rounded to the nearest pound and
down to the next 4 inch, respectively, and then converted to SI units (kg and cm). In
both studies BMI was calculated as weight divided by the square height (kg/m?).

3.3.4 Lipid profile

In REGICOR and FOS, TC and TG concentrations were determined
enzymatically from serum (Horiba ABX, Montpellier, France); HDL-C
concentrations were measured as soluble cholesterol determined from serum using
an accelerator-selective detergent method (Horiba ABX). LDL-C was estimated
using the Friedewald equation when TG levels were lower than 300 mg/dl.
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3.3.5 HDL functionality

All HDL functionality experiments were performed in apolipoprotein-B
depleted plasma (ABDP). THP-1 monocyte-derived macrophages were incubated
with 0.2 pCI/mL of 1,2-*H(N)-choleseterol (Perkin-Elmer, Waltham, MA, USA),
washed, and cultured in the presence or absence (control) of 5% ABDP from the
participants. The culture supernatants were obtained and the cell culture lipids
extracted. We quantified the radioactivity signal in both the supernatant medium and
cell lipids using a beta scintillation Tri-Card 2800TR counter (Perkin-Elmer,
Waltham, MA, USA), and the cholesterol-efflux capacity was calculated using the
equation e:

radioactivity in supernatant
(radioactivity in supernatant+cells)

Efflux value of the pool

100

e) Cholesterol efflux capacity =

The other property, HDL anti-oxidant capacity, was measured according to
the “HDL inflammatory index” (HII) technique.””® We measured the capacity of
participants’ HDL to avoid the oxidative modification of 2’-7’-
dichlorodihydrofluorescein diacetate (H2DCF-DA, Life Technologies, Thermo
Fisher Scientific, MA, USA) in the presence of oxidized LDLs. Both properties
were normalized according to equation f:

X-X)

0Z=
TX=X)°
(n-1)

Where: Z=standardized cholesterol efflux capacity or standardized HDL
inflammatory Index, X= cholesterol efflux capacity or HDL inflammatory index for
a specific individual, X= mean cholesterol efflux capacity or mean HDL
inflammatory index, and n= sample size.

3.4 DNA METHYLATION ANALYSES

3.4.1 DNA methylome

REGICOR and BASICMAR extracted DNA from peripheral whole blood
and EPIC-Italy and FOS extracted DNA from buffy coats. All used standardized
methods (Puregen TM; Gentra Systems). GOLDN/GAW20 extracted DNA from
CD4+ T-cells. All cohorts assessed methylation levels using the HumanMethylation
450 Beadchip Kit (Illumina, CA, USA) according to the Illumina Infinium HD
Methylation protocol. Quality control of DNA methylation data was performed in
all cohorts, with each cohort using their own well-defined pipeline.



m DNA methylation and its relationship with lifestyle, environmental and cardiovascular risk factors

The analyses were carried out using methylation as -value and M-value in
Manuscript 1 for the REGICOR and BASICMAR cohorts. GOLDN/GAW20 data
also used B-value for the analyses in Manuscripts 4 and 5. To reduce batch effects,
we developed a standardization process for the B- and M-values (using the equation
f, where Z= standardized B-value or standardized M-value, X= B-value or M-value
for a specific individual, X= mean of B-value or mean of M-value, and n= sample
size). We used this M-value standardization for the analyses in Manuscripts 2-4 and
6 (Table 2).

One of the limitations of the HumanMethylation450 Beadchip is the non-
biological variation caused by using different techniques, namely the Infinium I and
Infinium II assays in the chip.”** We used raw data in the analyses to interrogate a
single methylation position (Manuscripts 1-4, and 6) because a specific position is
always addressed using the same assay (Infinium I or II). However, when we
evaluated methylation levels in regions containing different CpG sites addressed
with both assays, we normalized the data. We normalized the REGICOR data using
dasen””'** for the analyses of methylation in regions (Manuscript 1).
GOLDN/GAW20 data are normalized using the Combat R package®' (Manuscripts
4 and 5).

3.5 OTHER OMICS DATA

While, this thesis mainly focuses on DNA methylation using the
HumanMethylation450 Beadchip array (Illumina, CA, USA), we also performed
analyses using other omics data sources, such as genomics, transcriptomics and
proteomics (Table 1).

3.5.1 Genome

We downloaded publicly available aggregate GWAS data for lipids, CAD,
and BMI. We explored additive associations between genetic variants at several loci
of interest and their corresponding phenotypes (Objectives 2.1, 2.2 and 2.4,
Manuscripts 3, 4 and 6).

We also used individual genetic data from GAW20 to build polygenic risk
scores. These polygenic scores allowed us to use the Mendelian randomization
approach to address Objective 2.3 and to explore causality in the association
between DNA methylation at specific CpG sites and lipid traits (Objective 2.3,
Manuscript 5).

3.5.2 Transcriptome

We used transcriptome data to address Objectives 1.1 and 2.2, Manuscript 1
and Manuscript 4.
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In Manuscript 1 we used data from the PREDIMED study. Gene expression
was evaluated using a whole transcriptome microarray (Affymetrix Gene Chip
Human Genome U133A 2.0). These data were used to study the association between
smoking and gene expression, focusing on loci that showed differential methylation
related to smoking exposure.

In Manuscript 4 we used data from the GOLDN study. In this study, gene
expression levels were assessed using RNA sequencing. We evaluated the
relationship between DNA methylation and gene expression, focusing on loci
showing differential methylation related to lipid traits.

3.5.3 Proteome

In Objective 1, Manuscript 1 we assessed the plasma concentration of a
candidate protein related to a gene showing different methylation in one locus and
differential gene expression in relation to smoking exposure. We used the dot-blot
technique in serum from participants in the TALAVERA cohort.

3.6 OTHER COVARIATES

We also estimated other important covariates such as cell count proportion
or surrogate variables:
- the cell count proportion was calculated using the Houseman algorithm
implemented in the minfi R package.?
- surrogate variables capturing unmeasured confounder variables were
directly constructed from high-throughput data using the sva R
package.”®

3.7 STATISTICAL ANALYSES

Table 2 shows a summary of the main statistical methods used in the thesis.

To address Objective 1.1 and 1.2, we considered smoking and air pollution
as independent variables, and DNA methylation as the dependent variable. When
analyzing the association between DNA methylation and intermediate
cardiovascular traits (Objective 2.1, 2.2 and 2.4), we used DNA methylation as
independent variable and the intermediate cardiovascular traits as dependent
variables.

To analyze the association between smoking and DNA methylation we fitted
a classical multivariate linear regression model (Manuscript 1). In the posterior
analyses we used robust multivariate linear regression model to reduce the effects of
potential outliers**> (Manuscripts 2, 3, 4 and 6). To account for family relatedness in
the GOLDN/GAW20 cohort, the analyses were performed using multivariate linear
mixed models (Manuscript 4 and 5).
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Table 2. Statistical models and types of methylation data used in this thesis.

Study Obijectives (O), Manuscripts (M)
Cohort Name | O1.1M1| O12M2 | 0O21M3 | O22M4 | O23M5 | 0O24M6
MLM RMLM RMLM RMLM - RMLM
REGICOR 1\/{/:1111 CLB Z-M value | Z-M value | Z-M value - Z-M value
Raw and Raw data Raw data Raw data - Raw data
dasen data
MLM
BASICMAR | MandP - - - - -
value
Raw data
RMLM
EPIC-Italy - Z-M value - - - -
Raw data
RMLM RMLM
FOS - - Z-M value | Z-M value - -
Raw data Raw data
LMM LMM
GOLDN / B value B value
GAW20 ) ) i Combat R | Combat R )
data data

Ref: References; MLM: Multivariate Linear Model; RMLM: Robust Multivariate Linear Model;
M: M-value; B: B-value; Z-M: Standardized M-value.

All analyses were adjusted for potential confounders in a stepwise manner.
In most cases, the analysis was initially adjusted for cell count proportion, then for
smoking (except in Manuscript 1), and finally for other potential confounder
variables, including the surrogate variables.

The main analyses were an epigenome-wide association analysis of single
methylation positions (Manuscripts 1, 2, 3, 4, and 6). As explained in the section on
study design, we selected for replication the CpG sites with a p-value <1-10, and
then meta-analyzed the results of the discovery and replication stages. We declared
as statistically significant the CpG sites with p-values >0.05 after Bonferroni
correction (p-value <0.05/number of discovery CpG sites).

For the analyses using the candidate loci approach (Manuscripts 2 and 6) we
selected the CpG sites according to previous knowledge, and declared as statistically
significant those results that fulfilled Bonferroni or FDR criteria.

All analyses were conducted using R.**
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4. Results

Table 3 shows a brief summary of the main findings of this thesis. Detailed results
are shown in the corresponding scientific manuscripts published in high-impact
journals.*

3" Supplemental information for each of the manuscripts is available at the journal’s websites.



Table 3. Summary of the main results of this thesis.

General Specific
L Objective - Association Main Results
Obijective ;
Manuscript

To assess the
association
between
lifestyle and
environmental
factors and
DNA
methylation.

Objective 1.1
Manuscript 1

Smoking exposure - DNA
methylation

We identified 63 CpG sites that are hypomethylated in current smokers vs never smokers.

We discovered a new CpG in the LNX2 gene that shows differential methylation in relation to
smoking.

We provide new functional information to two previously reported associations in the THSB1 and
MTSS1 genes.

The effect of smoking on DNA methylation seems to be reversible.

We identified 7 promoter regions, 8 gene body regions, and 4 non-coding RNA regions associated
with smoking exposure.

Objective 1.2
Manuscript 2

Air pollution - DNA
methylation

We did not find any association between air pollution exposure and DNA methylation.

To assess the
association
between DNA
methylation
and
intermediate
cardiovascular
traits.

Objective 2.1
Manuscript 3

DNA methylation - Obesity
traits

We validated 94 CpG sites in 72 genes and 23 intergenic regions associated with BMI, of which 70
CpG sites were new.

We validated 49 CpG sites in 37 genes and 12 intergenic regions associated with WC, of which 33
CpG sites were new.

These CpG sites explain approximately 14% and 17% of the variability of BMI and WC in FOS,
respectively.

tagSNPs in 10 of the genes showing differential methylation in relation to obesity were also
associated with BMI in the GIANT consortium data.

Our pathway analysis found that 4 networks, related to neurologic, psychological, endocrine and
metabolic pathways, were associated with obesity.

Objective 2.2
Manuscript 4

DNA methylation - Serum
lipid profile

We validated 14 CpG sites in 9 genes and 2 intergenic regions related to TC, HDL-C and TG.

We replicated previous CpG associations located in ABCG1, SREBF1 and CPT1A and 1 intergenic
region.

We discovered 7 new CpG sites associated with TC (located in SREBF2), HDL-C (located in
PHOSPHO1, SYNGAP1 and an intergenic region on chromosome 2) and TG (MYLIP, TXNIP and
SLC7AL1).

These CpG sites explained approximately 1%, 10% and 20% of TC, HDL-C and TG in FOS,
respectively.




Methylation levels of cg16000331 and cgl11024682 were inversely associated with expression of the
SREBF2 and SREBF1 genes, respectively. SREBF1 expression levels were directly associated with
higher levels of HDL-C.

Genetic variants in SREBF1, PHOSPHO1, ABCG1 and CPT1A were associated with lipid traits in
the GLGC consortium data.

Objective 2.3
Manuscript 5

Causal relationship between
DNA methylation and lipid
traits

Methylation levels of cg00574958 (CPT1A) and cg06690548 (SLC7A11) can be affected by TG.

Methylation levels of cg00574958 (CPT1A) could modify the levels of TG.

Objective 2.4
Manuscript 6

DNA methylation - HDL
functionality

Using an EWAS approach, we discovered 3 CpG sites in HOXA3, PEX5, PER3 that are associated
with cholesterol efflux capacity.

Also using EWAS, we discovered a CpG site located in GABRRL1 that is related to HDL
inflammatory index.

Using a candidate gene approach, we found 2 CpG sites located in CMIP that are related to
cholesterol efflux capacity.

Genetic variants in PER3, HOXA3 and GABRR1 showed a possible association with CAD in data
from the CARDIoGRAMplusC4D consortium.
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4.1 MANUSCRIPT 1

Sayols-Baixeras S, Lluis-Ganella C, Subirana I, Salas LA, Vilahur N,
Corella D, Mufioz D, Segura A, Jimenez-Conde J, Moran S, Soriano-
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Identification of a new locus and validation of previous reported loci
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4.2 MANUSCRIPT 2

Sayols-Baixeras S, Fernandez-Sanlés A, Prats A, Lluis-Ganella C, Subirana
I, EPIC-ITALY, ISGLOBAL 1-2, Marrugat J, Basagafia X, Elosua R.
Association _between long-term _air__pollution exposure and DNA
methylation: _the  REGICOR _ study. bioRxiv. 2018. doi:
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4.3 MANUSCRIPT 3

Sayols-Baixeras S, Subirana I, Fernandez-Sanlés A, Senti M, Lluis-Ganella
C, Marrugat J, Elosua R. DNA methylation _and obesity traits: An
epigenome-wide association study. The REGICOR study. Epigenetics.
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4.4 MANUSCRIPT 4

Sayols-Baixeras S, Subirana I, Lluis-Ganella C, Civeira F, Roquer J, Do AN,
Absher D, Cenarro A, Mufioz D, Soriano-Tarraga C, Jiménez-Conde J,
Ordovas JM, Senti M, Aslibekyan S, Marrugat J, Arnett DK, Elosua R.
Identification and validation of seven new loci showing differential DNA
methylation related to serum lipid profile: an epigenome-wide approach.
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Epigenetics is a heritable phenomenon that could explain part of the missing
heritability of CAD. It has also been proposed as one of the mechanisms that
mediates the effect of lifestyles and environmental factors on risk of complex
disease. This thesis addresses some of these questions, focusing on: i) the
relationship between smoking and air pollution, and DNA methylation; and, ii) the
association between DNA methylation and several intermediate cardiovascular traits
(obesity, lipid traits and HDL functionality). In addition, to identify new potential
therapeutic targets, it is essential to explore the causality of these associations. In
this thesis we also evaluate the causality of the relationships we identified between
DNA methylation and serum blood lipids.

5.1 SMOKING, AIR POLLUTION, AND DNA
METHYLATION

In this work, we replicate previously reported CpG sites associated with
smoking, and we identify a new locus associated with smoking (Manuscript 1). We
do not identify CpG sites associated with exposure to air pollution (Manuscript 2).

5.1.1 Smoking and DNA methylation

We identified 66 CpG sites showing a differential methylation signature
related to smoking exposure, most of which (n=63) were hypomethylated in current
smokers with respect to never smokers. This pattern of smoking-associated
hypomethylation has been reported in previous studies,”?*****’ and was also
observed in a recent meta-analyses from the CHARGE consortium.**®

Our top hit, ¢g05575921 (AHRR), was also the CpG that showed the
greatest magnitude of association with smoking in most studies. This gene
participates in the aryl hydrocarbon receptor signaling cascade, and in regulating
cell growth and differentiation.”>” Methylation at this locus could represent both a
pathogenic pathway and a biomarker of smoking exposure:

1) A recent study reported an association between hypomethylation of
AHRR and increased risk of lung cancer, suggesting that methylation at
this locus may mediate the carcinogenic effects of smoking exposure*®

i1) Methylation levels at cg05575921 have been found to accurately
discriminate between current smokers and never smokers (area under the
curve (AUC) >0.926), and are thus an excellent biomarker of active
smoking exposure?®!2%2

We also validated two recently observed associations between smoking and
CpG sites in the MSS1 and THBS1 genes. We further analyzed the functional impact
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of smoking on the THBS1 locus and reported that current smoking was associated
with reduced methylation of THBS1, and increased expression of THBS1, although
paradoxically smokers had lower plasma levels of THBS-1 protein. We proposed
that this is due to post-transcriptional regulation of THBS-1 protein levels, or
complex feedback regulation mechanism of the THBS1 gene. A decrease in THBS-1
protein levels caused by smoking could be compensated for by hypomethylation of
the THBS1 locus, leading to increased expression of the gene and an increase in
concentration of the protein.

As a novel result, we identified and validated the association between
smoking and a CpG site located in the LNX2 gene. LNX2 encodes the protein ligand
of numb-protein X2, an E3 ubiquitin ligase giving specificity to the ubiquitination
process by selectively binding substrates. This protein is upregulated during
osteoclast differentiation, and has also been associated with adenocarcinoma,
epithelial neoplasia, and preeclampsia.’®>*** This result, similar to that for AHRR,
could indicate a pathogenic mechanism mediating carcinogenic and other
deleterious health effect of smoking.

We also identified new genomic regions located in seven genes (AGAP2-
AS1, IGHJ3P, IGHJ5, IGHJ6, CLEC16A, ZNRF1 and PRF1) and in four non-
coding RNAs that show differential methylation in relation to smoking, as well as
we replicated some of the previously reported loci. These results are interesting
because they highlight modifications not only in a specific CpG position, but also at
the region level. While we did not validate the results for these genomic regions in a
distinct population, several were replicated in other studies after the publication of
Manuscript 1.265:2¢¢

5.1.2 Smoking and DNA methylation: time-dependent
association

To analyze the time-dependent association between smoking and DNA
methylation we defined four smoking categories: current, former (1-5 years, and >5
years) and never smokers, and analyzed the pattern of association with the 66
identified CpG sites. We also reported a time-dependent relationship between
smoking and the methylation signature at the 66 identified CpG sites. These patterns
have also been reported in other studies,”****%" suggesting that the relationship
between smoking and methylation is reversible.

5.1.3 Causal association between smoking and DNA methylation
Although the cross-sectional design of our study prevents us from

disentangling the causal effects of smoking on DNA methylation, there is some
evidence smoking modifies DNA methylation rather than vice versa:
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i) The time-dependent reversible effect.

ii) The experimental evidence in animals and in vitro cultures.’®’

iii) The results of cord blood methylation analysis from newborns and
maternal smoking in pregnancy.?¢*%

iv) The results from a causal inference study using the method Inference about
Causation through Examination of Familial Confounding (ICE FALCON)),
a regression-based methodology for twins. This study suggests that
smoking has a causal effect on peripheral blood DNA methylation, but not
vice versa.”®

5.1.4 Air pollution and DNA methylation

In this thesis we also used an epigenome-wide association approach to
investigate the association between DNA methylation and air pollution. We did not
identify any CpG site showing differential methylation related to air pollution
exposure.

Previous studies analyzed the association between air pollution and
DNA methylation, two of which identified and validated differential methylation
signatures related to this environmental factor.?"**"’

We selected these CpG sites as candidate loci to be replicated in our cohort,
but we did not find any statistically significant association. Our top hit was
associated with PM, 5, and was located in an intergenic region on chromosome 1,
close to the CDKN2C gene (cg10893043, p-value=6.79-107). Expression of this
gene was shown to suppress the growth of human cells in animal models, and could
have a role in tumorigenesis.

270-278

The absence of positive results in our study could be due to several factors:

1) Limited power to detect associations with a small effect size. However,
we estimated that our statistical power was similar to that of previous
studies.”™**"”’

i1) The variability in exposure to air pollution in the REGICOR population
is lower than that observed in other studies, which reduces the
probability of finding real associations in our study.

iii) In addition, we studied long-term exposure (5 year exposure) whereas
other studies have analyzed short-term exposures (2 days to 28
days).”’**"7 Nevertheless, a study that analyzed different exposure time
points (2 days, 7 days and 28 days) observed that the number of CpG
sites associated with air pollution increased with increasing exposure
time.*”’
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As a summary of objectives 1.1 and 1.2:

- We have demonstrated a reversible time-dependent relationship between
smoking and DNA methylation, which validates several previously
reported loci plus a new one.

- Although we did not find any statistically significant associations between
air pollution and DNA methylation, other studies have reported this
relationship. New joint efforts to analyze this association are warranted to
increase the sample size, and therefore increase the statistical power and
clarify these discrepancies.

52 DNA METHYLATION AND INTERMEDIATE
CARDIOVASCULAR TRAITS

In this thesis we found different associations between DNA methylation at
specific loci and some of the main cardiovascular risk factors (obesity and serum
blood lipids), and the two main functions of the HDL particles (cholesterol efflux
capacity and anti-inflammatory capacity) (Manuscripts 3, 4 and 6).

5.2.1 DNA methylation and obesity traits

Objective 3 was to assess the relationship between DNA methylation and
obesity traits. We identified 94 CpG sites associated with obesity, 70 of which were
novel discoveries. All 94 reported CpG sites were associated with BMI and 49 were
also associated with waist circumference. These 94 CpG sites explained 14.18% and
16.73% of total variability in BMI and waist circumference in the FOS study,
respectively. These percentages are surprisingly high when compared to the
variability explained by common genetic variants. Genome-wide estimations
suggest that genetic variants should explain >20% of the variation in BMI, but the
97 SNPs described to date explain only around 2.7% of this variation.'"’

A meta-analysis by the CHARGE consortium investigating this relationship
also observed that a large number of CpG sites throughout the genome are related to
obesity.”® It is interesting that only a limited number of CpG sites overlapped
between the CHARGE study and ours, especially considering that we replicated
more CpG sites from previous studies than from the CHARGE consortium.?*-2%2%
This lack of replicability with respect to the CHARGE meta-analysis may be partly
due to heterogeneity in measuring the phenotypes included in this meta-analysis, in
which the data from several studies (using different measurement methodologies)
are pooled.”’!
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In our results, it is important to remark that ten of the loci identified (INTU,
SFRP2, RUNX2, CTTNBP2, CPT1A, CACNA1C, MCF2L, BCL2L2, MPG and
KRT16) also have tagSNPs associated with obesity. This reinforces the importance
of these loci for obesity, and suggests a possible direct causal relationship between
these loci and the obesity trait.

Note that some of the CpG sites associated with obesity are located in genes
with a plausible clinical or functional impact (CUX1, DDAH2, CACNA1C, PDE1A,
CLOCK). CUX1 has been proposed as a regulator of FTO and RPGR1P1L, both of
which are important loci for obesity.””> The DDAH2 gene inhibits nitric oxide
synthase, altering the process of vasodilation, respiration, cell migration, immune
response and apoptosis.’”>*** Finally, CACNALIC and PDE1A are involved in
glglgracellular calcium balance, and CLOCK is associated with circadian rhythms.?>

We also highlight that some of the loci associated with obesity show
differential methylation related to lipid traits (ABCG1l, SREBF1, SYNGAPL,
SLC7A11, MYLIP, and CPT1A) (we explained these genes in more extension below
in the subsection DNA methylation and lipid traits). These results highlight the
close relationship between adiposity and lipid metabolism.

The loci that show differential methylation related to obesity traits indicate
four main enriched networks that highlight a link between obesity and endocrine
and  metabolic  diseases  (diabetes  mellitus, metabolic  syndrome,
hypercholesterolemia, non-alcoholic liver disease), and psychological and
neurologic processes (depression, dementia, Alzheimer, schizophrenia, compulsive
gambling, bulimia nervosa). These results seem to indicate different pathogenic
pathways in the origin of obesity, one more metabolic and other more
psychological. Further studies should focus on the value of this epigenetic signature
to reclassify obesity into subcategories according to the relevance of these two
pathways.

5.2.2 DNA methylation and lipid traits

We identified 14 CpG sites in 9 genes (SREBF1, SREBF2, PHOSPHOL1,
SINGAP1, ABCG1, CPT1A, MYLIP, TXNIP and SLC7A11) and 2 intergenic regions
showing differential methylation associated with at least 1 of the lipid traits of
interest: total cholesterol (TC), high density lipoprotein cholesterol (HDL-C), and
triglycerides (TG). These CpG sites explained approximately 0.7%, 9.5% and
18.9% of the variability in TC, HDL-C and TG in FOS, respectively. This
variability is similar to that explained by common genetic variants, which is 10-12%
of the variance in these lipid traits.>*

Our results replicate previous hits located in three interesting genes, ABCG1,
SREBF1 and CPT1A:

i) ABCGL1 encodes a transporter involved in macrophage cholesterol and
phospholipid transport, and may regulate cellular lipid homeostasis in
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other cell types.”” Higher methylation of this gene has been associated
with CAD and aging.**>%

SREBF1 activates the synthesis of fatty acids and the synthesis and
uptake of cholesterol.**>** We also found an inverse association
between methylation in SREBF1 and its gene expression. The expression
of this gene was directly associated with HDL-C levels.

ii1) CPT1A is a key enzyme in the mitochondrial oxidation of long-chain

fatty acids. CPT1A deficiency results in a decreased rate of fatty acid
beta-oxidation.”’* Methylation levels in this gene have also been
associated with BMI, diabetes and plasma adiponectin.?*-?8%305-306

Our work also provides novel findings of association between lipids and
methylation levels in SREBF2, PHOSPHO1, SYNGAP1, TXNIP, MYLIP and

SLC7A11:

)

SREBF2 is similar to SREBF1 and regulates the metabolism of
cholesterol and fatty acids.’”” This gene has been related to intima-media
thickness through a common genetic variant. We also described an
inverse association between methylation levels in this CpG site and
SREBF2 expression, suggesting a potential role in atherosclerosis
progression through the regulation of lipid metabolism.
PHOSPHOL1 regulates the vascular smooth muscle calcification.****%
These results and previous reports allows us to hypothesize that lower
methylation levels is associated with higher PHOSPHOL levels,
inducing calcification due to lower HDL-C levels and altered glucose
homeostasis or other potential mechanisms.

iii) TXNIP is involved in redox homeostasis and regulates glucose

homeostasis.’'*>'> Methylation of TXNIP has been associated with
diabetes.*”>*>1°  We demonstrated a relation between TXNIP
methylation and TG, independent of diabetes.

Interestingly, we observed an association between MYLIP methylation
and TG levels. MYLIP is an ubiquitin ligase that regulates the LDL
receptor.’'® The regulatory mechanism seems similar to that of PCSK9
in that induction of MYLIP leads to the ubiquitination of LDL
receptors.’'®*!” Thus, RNA silencing downregulates MYLIP, which
upregulates LDL receptors and enhances LDL uptake.*'® Our results
support the notion that increased MYLIP methylation decreases MYLIP
expression and increases triglycerides by decreasing the availability of
the LDL receptor, ultimately increasing risk of atherosclerosis.
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v) SYNGAP1 encodes a Ras GTPase activating a protein member of the N-
methyl-D-aspartate receptor complex. It regulates synaptic plasticity and
neuronal homeostasis. Common genetic variants have been associated
with intellectual disability and autism spectrum disorder.*'®

vi) Finally, SLC7A11 has an important role in protecting cells from
oxidative stress and in glutamine metabolism.*'**? It also regulates the
glucose and glutamine dependency in cancer cells.**’

5.2.3 DNA methylation and HDL functionality

Clinically important blood lipids (LDL and HDL cholesterol, and
triglycerides) have an important impact in CAD risk. However, while experimental
and Mendelian randomization studies support the causal association between CAD
and LDL-cholesterol and TG, these same approaches have questioned the causal
relation between CAD and HDL-C levels.*?**! Some authors suggest that the
functionality of HDL rather than its concentration might better explain its protective
properties.

In this thesis, we carried out the first study of DNA methylation in relation
to the two main functions of the HDL particle, cholesterol efflux capacity, and HDL
inflammatory index. We discovered:

1) Five CpG sites associated with cholesterol efflux capacity
a. Using an EWAS approach, three CpG sites located in three genes
- HOXAS3, its expression is associated with abdominal adiposity**
- PERS, its expression is altered in atherosclerotic plaques®*
- PEXS5, this is an important element for peroxisome formation®**
b. Using a candidate approach, two CpG sites located in the CMIP

gene' ', polymorphisms in the gene are associated with HDL-C levels.

i1) Using an EWAS approach, a CpG site associated with HDL inflammatory
index. This CpG site is located in GABRR1, which is the main inhibitory
neurotransmitter in the central nervous system.>*’

Interestingly, hypomethylation of these loci is associated with better HDL
functionality, and could explain the protective role of HDL in arteriosclerotic
disease.

Analyzing aggregated data from the CARDIoGRAMplusC4D consortium,
we also observed an association between CAD and genetic variants in PERS3,
HOXA3 and GABRRL1. These results may suggest that these genes have a causal role
in CAD that could be mediated by the functionality of HDL particles.

Our study provides the first evidence to suggest a relationship between HDL
functionality and methylation patterns. However, we were unable to replicate these
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findings as we were unable to obtain any independent populations with suitable data
to confirm these results.

As a summary of objectives 2.1, 2.2 and 2.4:

- We found a significant number of CpG sites associated with obesity in genes
that are important for four networks related to endocrine and metabolic
diseases and psychological and neurological processes.

- We confirmed previous results for known loci associated with blood lipids,
and identified new loci, PHOSPHO1, SYNGAP1, TXNIP, MYLIP and
SLC7A11, showing differential methylation related to blood lipids. In
particular, MYLIP seems to be a good therapeutic candidate because it has
similar regulation of LDL receptors to PCSKO9.

- Finally, we report evidence of the relationship between DNA methylation and
HDL functionality, and highlight the fact that hypomethylation in HOXA3,
PER3, PEXS5, CIMP and GABRR1 is associated with improved HDL
functional capacity.

5.3 CAUSAL INFERENCE OF THESE RELATIONSHIPS

5.3.1 From DNA methylation to lipid traits, or vice versa, or
both?

In this thesis we also analyzed the causality of the reported associations
between DNA methylation and lipid traits (Manuscript 5). We found evidences that
the causal relationship could be bidirectional: DNA methylation modulates lipid
levels, lipid levels have a causal effect on DNA methylation, and both effects may
occur simultaneously. For example, we found that DNA methylation regulates TG
levels and that TG levels can also modify the methylation pattern.

While the cross-sectional design of the analyses performed in this thesis did
not allow us to infer causality, we were able to examine causality using Mendelian
randomization. We analyzed the results of the associations we observed between
DNA methylation and lipid traits (Manuscript 4) in data from the publicly available
GAW20 study, which includes data on genome wide genotypes and methylation,
and on lipid traits.
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In the GAW20 database we replicated 5 CpG sites associated with TG, but
none of those associated with HDL-C. We applied the Mendelian randomization
using a bidireccional approach to these 5 CpG sites. We implemented an elastic-net
strategy (a penalized regression model which shrinks coefficients and sets some
coefficients to zero) to select the genetic variants related to the methylation locus of
interest and to TG, in order to construct our genetic instrumental variables (Section
1.2.5.2). This approach prevents the inclusion of genetic variants that are in linkage
disequilibrium. In addition, instead of adding the variants individually, we created a
polygenic score for each methylation locus and also for TG. Our elastic-net method
allowed us to assess the causal relationship between methylation and TG in two of
the five selected loci. The results of our analyses were as follows:

i.  We observed a reversal causal effect from TG to DNA methylation in
two loci, cg06690548 and cg00574958, located in SLC7A11 and CPT1A,
respectively. That is, TG levels modulate DNA methylation levels at
these two loci.

ii. ~ We were unable to find a genetic instrument related to the methylation
level at cg06690548, because no SNPs were associated with this
methylation locus, to assess its causal effect on TG levels.

iii.  We report that the methylation level of the CPT1A locus (cg00574958)
is causally associated with TG.

These results are partially concordant with those of the largest published
Mendelian randomization study assessing the relationship between DNA
methylation and blood lipids.'* This study supported a causal relationship from
methylation levels of CPT1A to TG, but ruled out the reverse causation that we
observed.

Dekkers et al. used as a genetic instrument all cis-mQTLs (methylation
quantitative trait loci, SNPs that are associated with a CpG site) associated with the
methylation loci."® We believe this approach could introduce significant noise
because some SNPs are likely to be in linkage disequilibrium; this could be avoided
with the elastic-net approach we used. Dekkers et al. also created a polygenic score
to assess the causal association from lipids to methylation, but did not create this
type of instrument variable to study the association from methylation to lipids.'**

Dekkers et al.'"*® have also reported a causal association from TG to DNA
methylation at two loci: cgl11024682 — SREBF1 — and ¢g06500161 — ABCG1 —. The
CHARGE consortium also provided evidence that methylation level at the SREBF1
locus (cg11024682) is causal associated with obesity, adiposity and CAD.**° In this
context, we can propose a causal mechanism where an increase in the levels of TG
causes an increase in the methylation levels at the SREBF1 locus, increasing in turn
BMI (obesity) and adiposity, and finally leading to higher risk of CAD.
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5.3.2 From smoking and air pollution to DNA methylation?

Regarding the association between lifestyle and environmental factors and
DNA methylation, above (Section 5.1) we described the indirect evidence
supporting the causal association between smoking exposure. If we consider the
Bradford Hill criteria,™®’ we see that a causal effect is supported by various pieces of
evidence such as the strength of the association, its consistency across populations
and studies, its temporality (time-dependent association), dose-response gradient,
and biological plausibility. We were unable to analyze the causal association
between air pollution and DNA methylation due to the lack of positive results in our
cohort, and the lack of an instrumental genetic variable related to air pollution.

5.3.3 From DNA methylation to obesity and HDL functionality?

Although we did not assess the causal relationship between DNA
methylation and obesity in this thesis, other authors have analyzed the direction of
causality of these associations.

Elliot and coauthors’® assessed the causal relationship between DNA
methylation and diabetes, and found that half of the SNPs associated with diabetes
can modify methylation levels and could be on a causal pathway to future disease or
could be non-causal biomarkers. These authors highlighted one locus on KCNQ1
that could be in the causal pathway to diabetes.**®

Since there are no GWAS studies assessing the two main HDL functions, it
was not possible to build a genetic instrumental variable, so we were unable to
explore the causal association between DNA methylation and HDL functionality.

As a summary of objective 2.3:

- To infer causality using Mendelian randomization, we implemented an
elastic-net method to improve the selection of SNPs to enhance the genetic
instrument.

- We updated the causal relationship between TG and methylation levels of
cg00574958 (located in CPT1A). We replicated the previous observation
that TG modifies methylation levels at CPT1A. We also observed that
methylation at that locus can change levels of blood TG, which
demonstrates the complexity of lipid homeostasis.

- We observed that TG can modify methylation at SLC7A11l. However, we
were unable to build a good instrument to rule out a causal relationship from
methylation levels at this locus to TG.




5. Discussion

133

5.4 STRENGTHS AND LIMITATIONS

The strengths of this work can be summarized in the following highlights:

i)

iii)

The standardized quality control and analysis pipelines developed and used
for DNA methylation studies. The methodology used for the epigenome-
wide association analyses has been demonstrated to be powerful and very
accurate.

As novel approaches, we standardized the M-values to remove non-
biological sources of variation, we removed outlier values that could affect
the results, and we used robust multivariate models to reduce even further
the potential effect of outliers. Similar to genome-wide studies, we divided
our EWAS into two phases (discovery and replication) to minimize type I
errors in our observations and findings.

The sample selected for this thesis were large, had very well-defined
phenotypes, especially in the cardiovascular area, and the same technology
was used to determine DNA methylation in all cases, namely the Illumina
450k array.

The integrated approach used to address some objectives, including
additional sources of information from other omics data, such as genetic
variants, gene expression and proteomics data, as well as the information
obtained from pathway databases (Ingenuity Pathways Analysis).

Following publication of the manuscripts presented in this thesis, most of
the relevant discoveries have been replicated and supported by other
studies.”***?%° The consistency of our results increases their validity and
reduces the likelihood that they are false positive results.

This project has several limitations:

)

Methylation markers have been studied in DNA obtained from different
sources: whole blood, buffy coat and CD4+ T-cells. Methylation levels in
some CpG sites/regions are tissue or cell-specific, so we could miss some
signals because we may not have studied the tissue where the phenotypes
have the most direct impact.”****' However, whole blood is easy and
minimally invasive to obtain, and has been proposed as a good proxy for
methylation levels at specific sites.”>**® Although there is an inter-
individual variability in the cell composition of whole blood, various
algorithms can be used to estimate blood cell count, and thereby to take into
account this variability in blood cell type.””* Differences in the source
tissues used assess methylation levels (e.g. CD4+ T-cells vs whole blood)
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iii)

vi)

could explain some of the discrepancies observed in the association between
DNA methylation and blood lipids.

In some of the hypotheses tested in this thesis we did not have objective
quantitative measurements of the exposure of interest, principally smoking
and air pollution. Smoking exposure was self-reported and collected using
questionnaires, and we had no data on passive smoking exposure. However,
self-report questionnaires have been shown to be a valid instrument, and this
is the classical method used in epidemiological studies.?**** Regarding air
pollution, this exposure was assessed using LUR models, the methodology
used in ESCAPE, a European project that has proposed a standardized
methodology for estimating exposure to air pollution. The ESCAPE
protocol was validated in REGICOR cohort.?*’ However there may still be
some misclassification of air pollution exposure, which could affect the
results.

We detected some heterogeneity between the results observed in the
discovery and validation populations. We tried to address the differences by
performing a meta-analysis of the observed results. It will be interesting to
incorporate other populations to address this heterogeneity and assess the
consistency of the results across populations.

In most of the manuscripts (1, 3, 4 and 6) we had large sample-sizes and
good statistical power to identify and validate associations between DNA
methylation and exposures or phenotypes. However, the analysis of the
association between air pollution and DNA methylation had low power due
to the small sample size of the replication sample (Manuscript 2).

The cross-sectional design used in this thesis has made it more difficult to
infer causality. Therefore, we took advantage of genomic variations to
disentangle the causal relationships in the associations using the Mendelian
randomization approach.**®

In Manuscript 6 we were not able to replicate the findings observed in the
discovery study due to the lack of replication cohorts, mainly because of the
great novelty of the research question.
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Cardiovascular disease is a complex disease caused by the interplay between

genetic, environmental and lifestyle factors. In this thesis we have analyzed the
association between some environmental and lifestyles factors (air pollution and
smoking exposure), and DNA methylation, and also between DNA methylation and
some intermediate cardiovascular traits (obesity, blood lipids and HDL functions).
However, other relationships remain to be evaluated:

iii)

Physical activity and DNA methylation. We are co-leading a project in the
CHARGE consortium to explore the association between physical activity
and DNA methylation and epigenetic age. We are fitting multivariate linear
models in which physical activity is the independent variable and DNA
methylation, measured as [-value or epigenetic age, is the dependent
variable. This project will include 8 cohorts (Multi-Ethnic Study of
Atherosclerosis -MESA—, Coronary Artery Risk Development in Young
Adults -CARDIA—, NES, Women's Health Initiative ~-WHI—, Framingham
Heart Study —FHS—, REgistre GlIroni del COR —REGICOR—, Genetics Of
Lipid Lowering Drugs and Diet -GOLDN- and the Rotterdam study).

In addition to our contribution to the CHARGE consortium, to
further explore this association we have designed a two-stage EWAS using
REGICOR as the discovery study and FOS as a replication study. We are
implementing different methods to solve the non-symmetrical distribution of
physical activity with inflation at zero.***

Diet and DNA methylation. We are also implementing a two-stage EWAS
to explore the association between dietary patterns and DNA methylation.

Sex and DNA methylation. We have identified and validated a group of
3241 CpG sites that have different methylation levels in men and women,
most being hypomethylated in women. We have used an elastic-net
approach to build an epigenetic score of 50 relevant CpG sites, allowing us
to discriminate between men and women (AUC=0.99) and to transform the
categorical variable sex into a continuous trait. We will explore the
association between this epigenetic sex score and several diseases that have
different prevalence in men and women, with the aim of explaining these
sex-related differences. Currently, we are analyzing the relationship between
this epigenetic sex score and CAD in several cohorts (REGICOR, FOS,
ESTHER- Estrogen and Thromboembolism Risk—, KORA— Cooperative
Health Research in the Augsburg Region—, MESA— Multi-Ethnic Study of
Atherosclerosis — and WHI —Women Health Initiative—).

DNA methylation and other intermediate cardiovascular traits (diabetes,
blood pressure, subclinical atherosclerosis). We will use the methodology
described in this thesis to expand our current research to other
cardiovascular risk factors and markers.
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Vi)

vii)

DNA methylation and clinical cardiovascular disease. A clear extension of
this work will be to explore the association between DNA methylation and
CAD or other cardiovascular outcomes. This work is ongoing in the
REGICOR study.

The results of this thesis highlight some mechanisms that could help us to
better understanding the pathogenesis of cardiovascular disease. We used
Mendelian randomization to infer causality in the observed association.
Disentangling causality is essential for selecting candidate therapeutic
targets. In this sense, severa studies are planned:

a. Smoking and CAD. We will use public databases to implement a
Mendelian randomization approach to determine whether smoking is
causally associated with CAD. Due to the ethica issues, no
experimental human study can be performed to show whether the
association between smoking and CAD is causal. Only a recent
study that used the Inference about Causation through Examination
of Familial Confounding method, disentangled the causal network.?®
We will also analyze the potential mediating role of DNA
methylation in this association. We will use summary GWAS data
from the UK Biobank (n=337,030) and CARDIOGRAMA4D (Ncases=
60,801; Neonrois= 123,504). We will then assess whether any CpG site
are causally associated with smoking. We will use the mQTLdb
resource™* (http://www.mqtldb.org/) to create a genetic instrument
for the CpG sites, and we will use the summary GWAS data from
the UK biobank to create a genetic instrument for the smoking
exposure.

b. MYLIP and CAD. As described above (Section 5.2), MYLIP seems
to have a similar regulation mechanism to that of PCSK9. We will
further study the causal association between MYLIP methylation and
TG and CAD by creating a genetic instrument for MYLIP
methylation based on mQTLdb data®* The genetic instrument for
TG and CAD will be created from the specific GWAS summary data
of those phenotypes. 204

In addition to the importance of these causal associations between the
methylation markers and the phenotypes of interest, and their possible value
as pharmaceutical targets, we will assess the utility of these biomarkers for
improving the classification of complex syndromes such as obesity.

We will use the 94 CpG sites that explain 14.18% and 16.73% of the
variability in BMI and waist circumference, respectively, and the genes
where those CpG sites were located. These genes are enriched in pathways
related to endocrine and metabolic diseases and psychological and
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viii)

neurological processes. It may be possible to subcategorize obese
individuals in a way that better represents the underlying metabolic
pathways or psychological mechanisms. Using these 94 CpG sites, we will
apply multidimensional scaling to assess whether these two pathogenic
clusters can be identified in individuals with obesity, to differentiate those
with a more psychological background from those with a more metabolic
background. This clustering could greatly impact therapeutic strategies.

The scientific community has identified some genetic and epigenetics effects
on cardiovascular risk factors. Integrating different omics data in the same
analysis, such as genetics, epigenetics, transcriptomics, proteomics and
metabolomics could improve our understanding of the pathogenesis of
complex diseases. The project I really would like to carry out would be an
observational study of approximately 2000 participants with baseline
samples collected in order to study genetics, epigenetics, transcriptomics,
proteomics and metabolomics. I would like to follow them for 10 years and
obtain samples and data for all of these omics platforms (except genetics)
after 1, 2, 5, 8 and 10 years. In terms of genetics, I would like to perform
whole genome sequencing to capture all of the genetic information (rare and
common) in those individuals. I would like to observe the changes in the
epigenetic data (methylation of the DNA and RNA, non-coding RNA),
transcriptomic, proteomics and metabolomics during those years. I would
assess the association with phenotypic data, and the most exciting part
would be to bring together all of the signals for different omics platforms to
try to explain the mechanisms of cardiovascular disease, taking into account
genetics and the effect of the environment through other mechanisms.
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General conclusion 1: We identified significant associations between smoking and
DNA methylation.

Specific conclusions:

1.1 Regarding the associations between smoking and DNA methylation level
across the genome:

- We report that smoking is associated with a strong DNA methylation
signature: 63 CpG sites are hypomethylated and 3 CpG sites are
hypermethylated in current active smokers with respect to never
smokers.

- We also report a time-dependent association, suggesting that the effect
of smoking on DNA methylation could be reversible.

- Our top hit, a methylation site located in AHRR, discriminates very
accurately between current smokers and never smokers, (AUC>0.926)
and could be used as a biomarker for smoking exposure.

- We show that current smokers have reduced methylation levels at the
THBS1 locus, increased expression of the THBS1 gene, but reduced
plasma levels of THBS-1 protein.

1.2 We did not detect any significant association between traffic-related
residential air pollution or particulate matter concentration and genome-
wide DNA methylation.

General conclusion 2: We identified several loci showing differential methylation
related to intermediate cardiovascular traits, especially obesity, blood lipids and the
main functional properties of HDL particles.

Specific conclusions:

2.1 We identified 94 CpG sites associated with obesity traits, 70 of which were
novel discoveries. These CpG sites explaining approximately 15% of the
variability in BMI and waist circumference. These loci are enriched in four
metabolic networks related to endocrine and metabolic diseases, and
psychological and neurological processes, highlighting the importance of
metabolic and psychological pathways in the pathogenesis of obesity.

2.2 We report differential methylation signatures in 14 CpG sites, located in 9
genes and 2 intergenic regions, associated with three lipid traits (TC, HDL-
C and TG). Five of these loci were new discoveries (PHOSPHOL,
SYNGAP1, TXNIP, MYLIP and SLC7A1l). Globally, these methylation
markers explain around 1%, 10% and 19% of the variability in TC, HDL-C
and TG, respectively.
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2.3 We observed a causal effect from TG to DNA methylation at two loci
located in CPT1A and SLC7A11. We also report a causal relationship from
methylation at CPT1A locus to TG, which demonstrates the complex
relationship between DNA methylation and serum lipids.

2.4 We identified for the first time hypomethylation in 4 genes associated with
better cholesterol efflux capacity (HOXA3, PER3, PEX5, CIMP) and better
anti-inflammatory capacity (GABRR1), the two main functional properties
of HDL particles.
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