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Abstract

Epigenetic mechanisms respond to both genetic and environmental factors, but
these underlying effects are not yet fully characterized or completely understood.
In this thesis | used twins as a tool for evaluating the effect of genetic and
environmental impacts on DNA methylation, a well-known epigenetic
mechanism. DNA methylation was studied on a genome-wide scale in human
blood samples with a combination of bioinformatics, computational, and
statistical approaches. First, genetic influences on DNA methylation profiles were
assessed by estimation of the heritability of DNA methylation and identification
of methylation-quantitative trait loci in identical and non-identical twins profiled
with the commonly used Infinium HumanMethylation450 BeadChip and the new
enhancer-enriched Infinium MethylationEPIC Beadchip. Strong genetic effects
(heritability > 0.4) were detected for 10% of sites and common genetic variants
were identified to affect methylation levels at 22% of sites, from the 771,169
interrogated CpG sites across the genome. Second, | explored influences on the
early-life methylome by comparing genome-wide DNA methylation profiles in
naturally-conceived twins and twins conceived by in vitro fertilisation. Analysis of
epigenetic profiles obtained by methylated DNA immunoprecipitation coupled
with deep sequencing detected small changes at a gene previously associated
with infertility, TNP1. Finally, | explored the effect of intrinsic factors on adult DNA
methylation profiles, performing epigenome-wide studies of menopause and
related phenotypes such as the use of hormone replacement therapy, which
have metabolic consequences in middle-aged women. Epigenetic changes at
seven CpG sites were associated with hormone replacement therapy. In
summary, the results presented in this thesis give insights into genetic and

specific environmental influences on the human epigenome.
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1. Introduction

Epigenetics emerged during the first half of the twentieth-century as the study of
biological mechanisms involved in embryonic development and cell
differentiation [1]. More recently, it has been defined as the study of mitotically
inherited patterns of gene expression that are not explained by modifications in
the DNA sequence [2]. DNA methylation, histone modifications and regulatory
RNAs are considered epigenetic mechanisms that have been involved in
processes, such as, cell differentiation, imprinting, and X-inactivation [3]. One
characteristic of epigenetic patterns is that they are able to change in response
to environmental stimuli [3]. Such change will then be inherited through cell
division to allow daughter cells to conserve the identity of their parent cell. The
dynamics of DNA methylation have been studied specially during early
embryogenesis, when the genome undergoes global DNA demethylation
required to reach a totipotent state followed by the establishment of new DNA
methylation marks necessary for cell differentiation and the commitment of
somatic cells to a specific role [4]. Disruption of some methylation or
demethylation pathways has shown to disrupt development [4]. Apart from its
key role in developmental biology, epigenetics has recently become relevant to
epidemiology. It offers the promise to unravel biological mechanisms underlying
disease and has potential as a biomarker of disease or disease progression. In
1983, Feinberg and Vogelstein [5] reported epigenetic alterations at the human
growth hormone and y-globin genes in colon cancer patients. Since then,
epigenetic alterations have been reported in many other types of cancer [6],
autoimmune diseases [7], diabetes [8], Alzheimer's disease [9], Parkinson's

disease [10], asthma [11], and multiple other human complex traits [12—14].
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One of the best characterized epigenetic mechanisms in humans is DNA
methylation of cytosines at CpG dinucleotides. It was proposed as a mechanism
of mammalian gene regulation in 1975 [15, 16]. DNA methylation may play
different roles, but typically, CpG methylation at the 5’ regions of genes reduces
gene expression. This down-regulation has been shown to occur due to either
the inability of specific transcription factors to bind DNA in the presence of
methylated CpGs or through the recruitment of methyl-CpG- binding proteins
with transcription repression activity [17—19]. Conversely, in gene body regions,
patterns of high methylation have been found in transcriptionally active genes
[20]. The next most studied epigenetic mechanisms are the modification of
histone residues, which are very diverse and may include acetylation,
methylation, phosphorylation, ubiquitination, ADP-ribosylation, and many others.
Combinatorial modifications at selected histone residues trigger specific gene
expression activity [21]. Less studied epigenetic regulators include histone
variants [22, 23], ATP dependent chromatin remodelling complexes [24], and
non-coding RNAs [25]. It is known that different epigenetic regulators might work
in concert to regulate gene expression. A well-known example is X-inactivation,
in which a non-coding RNA within Xist acts in cis to silence the X through the
recruitment of the chromatin modifier complex PRC2, which in turn lays down
H3K27me3 [26]. Despite the importance of other epigenetic regulators, in this
thesis | focus mainly on the study of DNA methylation given the feasibility of its

profiling in a large number of samples.

1.1 DNA methylation

The transfer of a methyl group from an S-adenyl methionine methyl donor to the
fifth carbon of a cytosine by a DNA methyltransferase enzyme to produce 5-
methylcytosine (5mC) is commonly known as DNA methylation [27]. This
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covalent modification usually occurs at cytosines that are followed by a guanine
(CpG dinucleotide). In the haploid human genome there are ~28 million CpG
sites [28], which can be found in a methylated or unmethylated form. The identity
of a differentiated cell, which is determined by its gene expression profile, will
depend on its unique DNA methylation pattern.

In mammals, de novo DNA methylation is laid down by the DNA
methyltransferases Dnmt3a and Dnmt3b. The mitotic inheritance of this mark
requires another methyltransferase, Dnmt1, which copies methylation patterns
from the parental strand to the daughter strand during DNA replication [29]. This
is possible thanks to the symmetric property of the CpG dinucleotide, which is
also read on the opposite strand —from 5’ to 3’- as CpG.

DNA methylation patterns are dynamic, which means that DNA
methylation can be reversed. The removal of methylation is achieved by passive
or active mechanisms. Passive demethylation refers to the lack of maintenance
of 5mC and the subsequent dilution of this modification after a number of cell
divisions. In contrast, active mechanisms require the enzymatic removal of 5mC
[30]. Although no demethylase capable of converting 5mC to cytosine has been
identified, processes that can result in this loss are oxidation and deamination of
5mC by members of the ten-eleven translocation family and the activation-
induced cytidine deaminase, respectively, followed by base replacement via
DNA repair [31].

The specific DNA methylation pattern of a cell is defined through
development. Global and complex waves of DNA de-methylation and re-
methylation are observed in the pre-implantation embryo and primordial germ
cells. Right after fertilization, the zygote undergoes global DNA demethylation, a

characteristic state of pluripotent cells. DNA demethylation occurs independently
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in the paternal and maternal pronuclei, happening at a faster rate in the paternal
genome [32]. Imprinting marks escape this step of reprogramming given that are
parent of origin-specific and essential for development. As the embryo develops,
DNA methylation is regained until cells define their relatively stable epigenetic
identity as differentiated cells. Primordial germ cells are specified from the
epiblast in the post-implantation embryo and have to reset their DNA methylation
profiles, including imprinting marks, in order to gain germline potency and
imprinting marks specific for male or female gametes [33]. On the contrary,
differentiated somatic cells inherit tissue-specific DNA methylation patterns that
remain relatively stable in almost every cell type [34]. As seen in longitudinal
studies, some changes do occur and are accumulated throughout life [35, 36].
Some of these changes are associated with age, which predominately show a
gain in methylation [37]. Whether differential DNA methylation is originated
during embryonic development or acquired after birth, DNA methylation variation
within populations is common and is of scientific interest to understand the

drivers of such variation.

1.2 Factors that influence DNA methylation

DNA methylation patterns are crucial for the correct growth and development of
humans, however, there is room for variability thanks to changes that occur

throughout life due to genetic, environmental, or stochastic factors.

1.2.1 Genetic influences on DNA methylation

Familial clustering of DNA methylation changes over time suggested that this
modification is under genetic control [38]. Twin studies also suggested a genetic
influence on DNA methylation since identical or monozygotic (MZ) twins, who

share most of their genetic variants, had more similar DNA methylation profiles
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than non-identical or dizygotic (DZ) twins, who share in average 50% of their
genetic variants [39]. Kaminsky et al. [11] found significant differences when
estimating locus-specific (~6,000 loci) DNA methylation intra-class correlation
coefficient (ICC) differences (ICCuz — ICCpz) of 40 age- and sex-matched MZ
and DZ twin pairs in buccal epithelial cells (mean ICCuz — ICCpz = 0.15 £ 0.0039,
P = 1.2 x 1072%4) and white blood cells (mean ICCuz = ICCpz = 0.0073 + 0.0034,
P = 0.044). Other twin studies have also observed evidence of genetic influence
on DNA methylation for a proportion of CpG sites in the genome.

Early studies suggested that variants of genes involved in the
establishment and maintenance of DNA methylation had an impact on global
DNA methylation levels [40, 41]. Nevertheless, most of the evidence of genetic
influences on DNA methylation comes from the study of quantitative trait loci for
DNA methylation (meQTLs). These meQTLs have been reported in brain [42,
43], lymphoblastoid cell lines (LCLs) [44], adipose tissue [45], and lung [46]. The
peak abundance of meQTLs is in close proximity to the target CpG site and the
proportion of the variance explained can be high, up to 63% in LCLs [44] and up

to 79.8% in lung [46].

1.2.2 Environmental influences on DNA methylation

Environmental influences may also contribute to changes in DNA methylation
profiles. Tobacco smoking is a commonly studied environmental factor in human
epigenetics as a prenatal and adult life exposure. It was first associated with
differential DNA methylation in an adult population (50 to 60 years of age) at the
F2RL3 gene, which encodes coagulation factor Il receptor-like 3 [47]. Since then,
multiple studies, looking at different tissues, have identified and replicated
smoking-associated changes in DNA methylation at several genes, including the
well replicated AHRR gene [48-50]. Interestingly, changes of methylation at
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AHRR were also observed and replicated when looking at effects of maternal
smoking on DNA methylation profiles of newborns [51, 52].

The number of studies looking for environment-associated changes in
human DNA methylation at a genome-wide level is steadily growing. Apart from
smoking, other environmental factors considered include influences of alcohol
[53, 54], tea and coffee [55], maternal nutrition [56], dietary fat [57, 58], folate
[59, 60], fluorinated chemicals [61], season of birth [62, 63] and season of DNA
collection [64], air pollution [65], and others.

Epigenetic studies can particularly benefit from the use of twins given that
genetic and environmental factors influence DNA methylation profiles. The
classical twin study design can be used to study the extent to which genetic and
environmental factors influence DNA methylation profiles. The study design of
discordant MZ twins can be used to study the association of epigenetics and
disease or environmental exposures controlling for many potential confounders
such as genetic factors, age, gender, maternal effects, cohort effects, and most

in utero and environmental influences.

1.3 Twins and epigenetics

Most complex phenotypes arise as a result of the interplay between genetics and
environment. In epidemiology, it is of interest to determine what proportion of the
phenotypic variance each of these factors can explain. Classical twin studies
make use of MZ and DZ twins to decipher these influences. Since MZ twins are
assumed to share virtually 100% of their genetic variants, and DZ twins share on
average only 50% of their variants, the difference in phenotype concordance
levels between these two groups can be indicative of the genetic influence on
the phenotype. Greater phenotype concordance in MZ twins would point to a
higher contribution of genetics to the disease.
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Heritability in the broad sense has been used to define the fraction of the

total phenotypic variance (o7) in a population that can be attributed to genetic

2

variance (o) [HZ = U—G], but genetic variance can further be partitioned into the

op
variance attributed to additive (¢7), dominant (¢3), and epistatic (o) effects. This
partition gives origin to the definition of heritability (h?) in the narrow sense, which

only considers the fraction of the total phenotypic variance attributed to additive
2

genetic effects [hz = %] [66]. The rest of the variation that is not attributed to
P

genetic effects is attributed to environmental influences, which can be divided
into shared and unique environmental influences and random error. The classical
twin estimate of heritability, known as h?, is defined as twice the difference
between MZ and DZ intra-pair correlation coefficients (ICC) [h? = 2(ICCy; —
ICCp7)] [67]. The twin model also assumes that MZ and DZ twins equally share
the environment and a fraction of the correlation is due to the shared
environmental influences. The fraction corresponding to shared environmental
effects is estimated as the difference between the total correlation and the
heritability estimate. Finally, the missing variation is attributed to unique
environmental effects plus error.

Heritabilities can be calculated for particular epigenetic variants at specific
epigenetic loci by treating them like phenotypes. Genome-wide studies using the
classical twin design have estimated that the mean heritability of DNA
methylation in adult tissues is between 18-20% [3-5] and between 5-12% in
neonatal tissues [6]. These results suggest that environmental and stochastic

factors may have a greater effect on methylation sites than genetic factors.
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1.4 Epigenome-wide association scans (EWAS)

Epigenome-wide association scans (EWAS) aim to determine epigenetic factors
across the genome that are associated with complex traits [68]. In the context of
DNA methylation this consists of testing the association between DNA
methylation and a trait of interest at a large number of methylation sites across
the genome.

Common considerations for EWAS are the choice of DNA methylation
assay, tissue selection, identification of confounding variables, and study design
[68—70]. Options for genome-wide DNA methylation interrogation are array-
based methods, enrichment methods, sequencing methods, or a combination of
them. The Infinium methylation assays, which include the promoter-enriched
HumanMethylation27 BeadChip, the gene centric HumanMethylation450
BeadChip, and the enhancer-enriched MethylationEPIC BeadChip are examples
of array-based methods; they offer CpG-site resolution, but are limited to a
defined number of sites targeted throughout the genome. Enrichment-based
methods can be based on antibody affinity binding followed by sequencing, such
as, methylated DNA immunoprecipitation (MeDIP-seq). MeDIP-seq does not
offer CpG-site resolution, but allows a larger coverage of the genome since it is
not limited to a number of predefined probes. Whole genome bisulfite
sequencing (WGBS) is the gold standard for DNA methylation characterization,
although its cost is still high for epidemiological studies. The technique is based
on the conversion of unmethylated cytosines to uracil followed by sequencing.
This method offers single-base resolution, genome-wide coverage, and is not
biased towards the capture of specific regions as enrichment-based methods.
One of the limitations of bisulfite treatment is its inability to discriminate between

5mC and its oxidized form, 5-hydroxymethylcytosine (5hmC). Protocols of
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oxidative bisulfite sequencing have now overcome this problem by oxidizing
selectively 5hmC to 5-formylcytosine (5fC), which is then converted to uracil as
an unmethylated cytosine [71]. A more cost-effective version of WGBS is
reduced representation bisulfite sequencing (RRBS). This method uses
methylation-sensitive restriction enzymes to enrich for regions of high CpG
density and reduce the amount of DNA to be bisulfite converted and sequenced
[72].

The next consideration is the selection of the appropriate tissue since
epigenetic patterns are tissue-specific. Tissue availability and the biological
question may define this selection. Another consideration is cell heterogeneity of
the tissue since methylation differences may represent differences in cell
composition rather than methylation changes present across multiple cell types.
In a similar way, confounding may be introduced if the population of study is not
homogenous with respect to factors that impact on DNA methylation, such as
biological (age, gender, and others) or technical effects. Lastly, another
important consideration is the study design. A retrospective population-based
study allows for large samples, however has the drawbacks of selection bias as
the sample might not properly represent the population. An attractive design in
epigenetics uses discordant MZ twins, which allows controlling for many
confounding variables such as age, gender, and most genetic and environmental
effects [73]. Another attractive design is the longitudinal study. This allows
inferring causation, for example if samples are collected before and after disease

onset, but the limited availability of longitudinal samples is a challenge.

1.5 Project overview

The aim of this project was to understand the factors that drive DNA methylation
variation in human populations, specifically genetic and environmental effects.
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The first stage of the project looked at genetic influences. | first assessed on a
genome-wide level the heritability of DNA methylation in blood samples of
identical and non-identical twins profiled with the Illumina's Infinium
HumanMethylation450 BeadChip and the enhancer-enriched Infinium
MethylationEPIC Beadchip. | then investigated the regions of the genome
influencing DNA methylation in a study of methylation quantitative trait loci.

The second component of the thesis aimed to investigate the effect of
environment. Given that embryonic stages of development are crucial for the
establishment of epigenetic profiles, | explored the effect of perturbations to the
cellular environment during conception on the epigenetic profile of newborns. |
compared genome-wide DNA methylation profiles of naturally-conceived twins
and twins conceived by in vitro fertilization to determine if epigenetic changes
were introduced as a result of the fertility treatment. Finally, | explored the effect
of intrinsic environment, specifically hormonal changes, on adult DNA
methylation profiles. To this end | selected menopause and the use of hormone
replacement therapy as a proxy measure of hormonal changes in adult females,
and both of these factors have been shown to have profound metabolic

implications in middle-aged women.
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1.5.1 Research hypothesis and objectives

The overall research hypothesis of my thesis is that DNA methylation responds
to intrinsic and extrinsic factors from conception to adulthood.

To address this, | tested three specific research hypotheses and aims.

Chapter 3
Research hypothesis: Greater genetic effects will be found in the EPIC
array compared to its predecessor the 450K array given that it
interrogates more CpG sites at intergenic regions, which are more likely
to be under control of genetic variants according to previous studies.
Aims:
e To characterize DNA methylation heritability at different functional

regions of the genome using the classical twin study

e To identify the genetic variants contributing to DNA methylation

variability

Chapter 4
Research hypothesis: In vitro fertilisation overlaps with an important
period of global epigenetic reprogramming affecting not only imprinting,
therefore, | hypothesize that differences in DNA methylation between
newborns naturally-conceived and those conceived by in vitro fertiilsation
will be observed throughout the genome.
Aims:
e To conduct EWAS of in vitro fertilisation.

e To explore the impact of in vitro fertilisation on imprinting marks
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Chapter 5

Research hypothesis: DNA methylation changes associated to the
menopausal transition will be observed in blood given the myriad of
metabolic changes that occur in menopausal women.
Aim:

e To conduct EWAS on age at menopause, menopausal status, and

use of hormone replacement therapy
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2. Materials

The work presented in this thesis is based on three main studies that explore
different population samples as described in Table 2-1. All studies presented in
this thesis were conducted with appropriate ethics approval. All participants
provided written informed consent and in case of minors, consent was provided
by the parents.

Table 2-1. Samples

Study Cohort(s) Description
(_Zhapter 3: Genetic ) DNA source: Whole blood
influences on DNA TwinsUK Platform: 450K (n=728)
methylation Platform: EPIC (n=226)
Chapter 4: The
effect of in vitro DNA source: Whole blood
fertilisation on DNA PETS (n=98); Cord blood mononuclear
methylation profiles cells (n=82)
at birth Platform: MeDIP-seq

Chapter 5: DNA
methylation changes

: : CHARGE consortium DNA source: Whole blood
associated with (TwinsUK, EPIC-Norfolk, Platform: 450K (n=2500, see
menopause related ALSPAC, KORA, RS, FHS)* chapter 5 for details)

traits

*Participating cohorts: The UK Adult Twin Registry (TwinsUK), The European Prospective
Investigation of Cancer (EPIC)-Norfolk, The Avon Longitudinal Study of Parents and Children
(ALSPAC), Cooperative Health Research in the Augsburg Region (KORA), Rotterdam Study
(RS), and The Framingham Heart Study (FHS)

2.1 The UK Adult Twin Registry (TwinsUK)

Genotyping, DNA methylation, and gene expression data used in Chapters 3 and
5 were collected by the UK Adult Twin Registry (TwinsUK). TwinsUK is a nation-
wide registry of adult twins hosted by the Department of Twin Research, King’s
College London, UK. TwinsUK is the largest twin registry in the UK with over
12,000 volunteers (>80% female, 50:50 zygosity ratio) recruited trough media
campaigns without selecting for particular diseases. The registry started in 1992
recruiting middle-aged female twins and from 1995 the invitation was extended

to men and women over 18 years old.
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2.1.1 TwinsUK phenotype data

The main areas of research in TwinsUK have been the study of common
complex diseases and the process of healthy aging. Twins receive detailed
disease and life-style questionnaires and are asked to attend clinical
assessments where biological samples are taken and multiple phenotypes are
measured. The phenotypes collected cover areas of endocrinology, allergy,
toxicology, cardiology, gastroenterology, neurology, oncology, radiology,
rheumatology, ophthalmology, urology, and obstetrics, among others. Biological
samples include, but are not limited to, serum, plasma, fat, skin, urine, and stool.
TwinsUK collects hundreds of clinical, biochemical, behavioral, and socio-
economic variables, but also ‘omics’ data including transcriptomics,
epigenomics, proteomics, metabolomics, microbiomics, and metagenomics.

The cohort also benefits from the collection of longitudinal data. Between
1992 and 2004 a total of 5725 twins attended a comprehensive baseline visit.
Active twins were invited for a follow-up visit between April 2004 and May 2007
and a second follow-up visit that started in August 2007. More information can
be found on the registry’s website (www.twinsuk.ac.uk) and published cohort
profiles [74-77]. Further information with respect to specific TwinsUK

phenotypes explored in this thesis is provided in Chapter 3 and 5.

2.1.2 TwinsUK genotype data

More than 5,000 participants of TwinsUK have been genotyped with one of two
chips, Illumina HumanHap300 BeadChip and Illumina HumanHap610
QuadChip. Furthermore, additional genetic variants have been imputed in this
cohort using the HapMap and 1000 Genomes project reference panels [78, 79].
Further details on the genotype data used in this thesis are provided in Chapter

3.
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2.1.3 TwinsUK DNA methylation data

Genome-wide DNA methylation has been interrogated in nearly 1,000 twins
using the Infinium HumanMethylationd50 BeadChip (450K array) and the
Infinium MethylationEPIC BeadChip (EPIC array), which target more than
450,000 and 850,000 CpG sites, respectively. Detailed information on the

datasets and quality control analysis of these data is provided in Chapter 3.

2.2 The Peri/postnatal Epigenetic Twin Study (PETS)

The study presented in Chapter 4 used data collected by the Peri/postnatal
Epigenetic Twin Study (PETS). The aim of PETS is to study the plasticity of
epigenetics during the intrauterine period and early childhood. PETS cohort is
comprised of 250 twin pairs and their mothers recruited midway through the
second trimester of pregnancy between January 2007 and September 2009 at
three hospitals in Melbourne, Australia. Detailed data on periconceptional and
parental factors were collected during pregnancy and in the immediate neonatal
period. At recruitment parental age and pre-pregnancy weights and heights were
recorded along with information on education, socio-economic status, medical
history, mode of conception, nutrition, alcohol intake, and smoking. At 24 weeks
gestation pregnancy history detailing maternal weight, illnesses, nutritional
supplements, medication, alcohol intake and smoking was collected. A routine
maternal blood sampling was done at 28 weeks gestation and food frequency
and perceived stress questionnaires were collected. At 36 weeks gestation, if
applicable, maternal weight was recorded once again. In the immediate neonatal
period, pregnancy history was collected again and infant anthropometric
measures were taken. During delivery, or during the immediate neonatal period,

multiple biological samples were collected, including umbilical cord, cord blood,
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buccal epithelium, and placental tissue. Chorionicity and zygosity were
determined from first trimester ultrasound scans and placental examination.
Given that MZ twins may not always share placentae, zygosity in same-sex
dichorionic twins was determined by a 12-marker microsatellite test.

Of the 250 twin pairs, over 40% are MZ, almost 65% were born by
caesarean section, and near a fifth of them were conceived by in vitro fertilization.
The median gestational age and birth weight were 37 weeks (27-40) and 2.5 kg
(0.8-3.9), respectively. Follow-ups at 18 months and 5 years of age were
planned to take biological samples, clinical measures, and detailed history of the
twins’ health and nutrition. More detailed information has been described in

cohort profiles [80, 81].

2.2.1 Sample and phenotypes

The study presented in Chapter 4 was based on 41 MZ and 66 DZ twins from
the PETS cohort. In total, 47 twins were conceived after in vitro fertilization (IVF)
as determined from questionnaire data. Mean birth weight was 2.6 kg in both
groups, IVF and non-IVF. Mean gestational age was of 37 weeks. Mean maternal
age was 35 years in the IVF group and 32 years in the non-IVF group. DNA from
whole blood cells was available for 98 of these twins, while DNA from cord blood

mononuclear cells was available for 82 twins.

2.2.2 PETS DNA methylation profiling

DNA from whole blood cells and cord blood mononuclear cells was subjected to
methylated DNA immunoprecipitation coupled with deep sequencing (MeDIP-
seq) for DNA methylation profiling. MeDIP-seq data have been deposited at the
European Genome-phenome Archive (EGA), which is hosted by the EBI and the

CRG, under accession number EGAS00001002248.
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2.3 Cohorts for Heart and Aging Research in Genomic Epidemiology
(CHARGE) consortium

The CHARGE consortium emerged to facilitate collaboration between cohorts in
the framework of genomic epidemiology. Subjects of the participating cohorts are
not selected for any particular disease, but are not necessarily free of diseases.
Cohorts from predominately Caucasian populations with data on menopause
and hormone replacement therapy contributed to the study presented in Chapter
5.

1. The UK Adult Twin Registry (TwinsUK) is described in section 2.1.

2. The European Prospective Investigation of Cancer (EPIC)-Norfolk
includes men and women from 35 general practices in Norfolk, UK
recruited between 1993 and 1997. The baseline health examination was
attended by 25,639 participants aged between 40 and 79 years. A second
and third health examinations were carried out in 1997-2000 and 2006-
2011, respectively. EPIC-Norfolk has longitudinally characterized the
population in terms of lifestyle and physiological, cognitive, metabolic and
genetic profiles [82].

3. The Avon Longitudinal Study of Parents and Children (ALSPAC)
includes mothers and children from more than 14,000 pregnancies with
expected delivery between 1 April 1991 and 31 December 1992 in the
area of Bristol, UK, and who have been followed-up extensively for more
than two decades. The study was conceived with the aim of investigating
modifiable influences on child health. The ALSPAC phenotype resource
includes data from clinical assessments and questionnaires completed by
children, mothers, and teachers. The ALSPAC biobank has collected

biological samples including blood, urine, hair, toenails, teeth, saliva, and
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placenta since early pregnancy. A subset of the cohort has also “omic”
profiles, including genotypes, gene expression, and DNA methylation
[83].

. Cooperative Health Research in the Augsburg Region (KORA) was
established in 1996 in the region of Augsburg, Germany with the aim of
collecting data and biosamples for future research in health sciences.
Four baseline cross-sectional health surveys were performed at five-year
intervals on individuals sampled at random from the local population. The
total pool consists of 18,000 participants that have been followed-up over
4-20 years. Apart from the baseline questionnaire, participants receive
follow-up postal questionnaires and attend medical examinations. KORA
also contains a Biobank of biological samples, KORA-gen, for genetic
research [84].

. Rotterdam Study (RS) was initiated in 1990 to study late onset disease
in the increasing proportion of elderly people across different populations.
The overall aim was to study cardiovascular, ophthalmic, psychiatric,
respiratory, dermatological, oncological, endocrine, and hepatic diseases,
and others. After three cycles of recruitment in 1990, 2000, and 2006, the
cohort consists of nearly 15,000 participants aged 45 and over from the
district of Ommoord in the city of Rotterdam, The Netherlands. Extensive
examinations, including collection of biological samples, were carried out
at baseline and follow-up examinations were repeated every 3-4 years
[85].

. The Framingham Heart Study (FHS) was initiated in 1948 in the town of
Framingham, Massachusetts, USA. A total of 5,209 participants aged 30-

54 joined the Original Cohort. In 1971, children of the Original Cohort and
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their spouses were enrolled in the Offspring Cohort. In 2002,
grandchildren of the Original Cohort became the Third Generation Cohort.
Currently the overall FHS cohort comprises participants from three
generations in multigenerational families. All cohorts are examined
periodically every 2-4 years. The study started with a focus on
cardiovascular traits and has now expanded to include a wider range of

human diseases [86].

2.3.1 Phenotypes

Cohorts were asked to perform analyses on women with natural age at
menopause (age at last menstrual period in women who are reportedly
postmenopausal or have not had a menstrual period in the last 12 months)
between 40 and 60 years inclusive and premenopausal women. The phenotypes
of interest were menopausal status, age at menarche, duration of reproductive
years, and use of hormone replacement therapy and further details are provided

in Chapter 5.

2.3.2 DNA methylation profiling

DNA methylation in each of the participating CHARGE cohorts was interrogated
in whole blood samples using the Illumina 450K array. Data was background
corrected and normalized according to cohort-specific quality control standards.

Further description is provided in Chapter 5.
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3. Genetic influences on DNA methylation

3.1 Introduction

The extent to which DNA methylation variation is under genetic control can be
explored with the estimation of its heritability. Low to high DNA methylation
heritability has been shown at different loci of the genome. It was reported that
CpG-sites located at the IGF2/H19 locus exhibit high heritabilities between 20%
and 97% [87]. In contrast, low DNA methylation heritability at the major
histocompatibility complex was estimated, between 2 and 16% [88]. To date
multiple genome-wide studies using the classical twin design have estimated
DNA methylation heritability, reporting that the mean heritability of DNA
methylation across tested CpG-sites ranges between 18-20% in adult tissues
[37, 45, 89] and between 5-12% in neonatal tissues [90]. Non-twin based efforts
to estimate heritability have interrogated the proportion of the variance in DNA
methylation at a locus that is explained by common genetic variants. The mean
genome-wide heritability explained by common variants across tested CpG-sites
was estimated at 3% in brain [91] and 7% in blood [89]. Heritability studies have
been helpful in determining the extent to which variation in DNA methylation is
influenced by genetic variation, however are not informative of the specific
mechanisms underlying genetic influences.

Quantitative trait loci (QTLs) studies have provided an insight into these
mechanisms by identifying genetic variants associated with DNA methylation
levels. DNA methylation QTLs (meQTLs) have been explored on a genome-wide
scale using the Infinium HumanMethlation450 BeadChip, identifying local (cis)
and distal (trans) genetic variants associated with methylation levels in multiple

samples across a number of cells, tissues, and ages [37, 42, 43, 45, 46, 92, 93].
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In adipose tissue from 648 individuals, 98,085 (28.5%) of the 344,303
CpG sites tested had a significant association at 1% FDR with a genetic variant
within a 100 kb radius [45]. In lung tissue from 210 individuals, cis meQTLs in a
radius of 100 kb were detected for 40,650 (12%) of the 338,456 tested CpG sites
controlling for FDR at 5% and trans meQTLs acting more than 500 kb away from
the target site or in a different chromosome were identified for 615 CpG sites
(0.1%) [46]. In 64 Yoruba LCLs, 13,915 (4.2%) of the 329,469 tested CpG sites
were associated with at least one genetic variant in cis [92]. In purified
monocytes, neutrophils, and naive CD4+ T cells from nearly 200 individuals, an
average of 9.89% of the tested CpG sites showed an association with a genetic
variant within 1 Mb window [94]. In whole blood from 3,841 individuals, cis
meQTLs were identified for 34.4% of all tested CpG sites [95].

In this chapter | present a two-fold approach, heritability and meQTL
analyses, to study the genetic influences on DNA methylation. DNA methylation
was profiled in whole blood samples from healthy adult twins using both the
Infinium HumanMethylation450 BeadChip (450K), as well as the new Infinium
MethylationEPIC BeadChip (EPIC), a microarray with greater coverage of the
methylome than its predecessor [96]. The use of EPIC allows for the
investigation of genetic effects on enhancers, which were not highly represented

in previous versions of the widely-used lllumina arrays.

3.2 Materials and methods

3.2.1 Subjects

Two datasets were explored in this chapter, 450K and EPIC. The 450K study
was based on blood samples from 728 healthy female twins from TwinsUK. The
sample consisted of 330 MZ and 34 DZ female twin pairs with a mean age of 58

years. The EPIC study was based on blood samples from 226 healthy female
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twins from TwinsUK. The sample consisted of 85 pairs of MZ, 19 pairs of DZ
twins, and 18 unrelated twins with a mean age of 60 years (39-80 years). In total,

196 individuals were in both datasets.

3.2.2 DNA methylation data

Whole blood DNA methylation data were generated with the Infinium
HumanMethylation450 BeadChip and the Infinium MethylationEPIC BeadChip.
In both cases the same quality control checks were applied. Briefly, intensity
signals were corrected for probe type bias using the BMIQ normalization method
[97]. BMIQ normalizes type Il probes into type | keeping the relative ranking of
beta values of the type Il probes by assigning probes to one of three methylation
states and then transforming the probabilities of type Il probes of belonging to a
state into quantiles using the distribution of type | probes. This procedure
reduces technical variation and the bias caused by the lower dynamic range of
type Il probes. Other normalization methods to remove technical variation from
lllumina DNA methylation arrays have been proposed. For example, the
functional normalization method combines quantile normalization and the use of
control probes as surrogates for batch effects, therefore removing technical
variation explained by these covariates. Functional normalization is performed in
type | and type Il probes separately to address the issue of their different
distributions. Using data from technical triplicates, functional normalization
showed a modest reduction of technical variability in comparison to BMIQ,
however effect sizes in association studies showed to be very similar [98].

In this chapter, methylation levels were reported as beta values calculated as
the ratio of the methylated probe intensity signal over the sum of the methylated
and unmethylated probe intensity signals. CpG sites with a detection p-value >
0.01 were discarded. Only CpG sites located in autosomes were considered for
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the analysis. Probes in the array that mapped to multiple locations of the in silico
bisulfite converted human genome allowing two mismatches were discarded.
Probes were also excluded if they targeted polymorphic CpG sites with minor
allele frequency (MAF) > 5% in the UK10K haplotype reference panel [99]. A
total of 420,230 and 771,169 CpG sites remained for analysis in the 450K and
EPIC arrays, respectively. In both datasets white blood cells proportions were
estimated from DNA methylation data for plasmablasts, CD8*CD28 CD45RA" T
cells, naive CD8" T cells, CD4" T, natural killers, monocytes, and granulocytes

[100].

3.2.3 Genotype data

TwinsUK participants were genotyped with one of two chips, Illlumina
HumanHap300 BeadChip or lllumina HumanHap610 QuadChip. Detailed quality
control and imputation of the genotype data in the larger TwinsUK cohort have
been previously described [101, 102]. In this thesis, genotype data from TwinsUK
included directly genotyped and imputed genetic variants, where imputed
variants were based on the 1000 Genomes project reference panel, as
previously described [101]. A total of 6,266,036 variants with a MAF > 5% and
IMPUTE info score > 0.7 were used for QTL analysis. Genotypes were
duplicated for the co-twin when only a single twin from a MZ pair was genotyped.
In this thesis, QTL analysis was performed in the EPIC dataset of 226 individuals.
QTL analysis in the 450K dataset was previously performed by other members
of the epigenetics research group at the Department of Twin Research, King's

College London.
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3.2.4 Annotation datasets

CpG islands and their corresponding shores and shelves were obtained from the
manifest provided by Illumina (https://support.illumina.com/array/kits.html). CpG
sites not located in any of these regions were considered as mapping to “open
sea”. Histone peaks and predicted chromatin states (promoters and enhancers)
of PBMCs were obtained from the Roadmap Epigenomics project [103].
Transcription factor peaks of GM12878 were obtained from the ENCODE project
[104]. PBMCs and GM12878 were selected for being the closest tissues to whole

blood available in those datasets.

3.2.5 Estimation of DNA methylation heritability

DNA methylation heritability at each CpG site was estimated in both 450K and
EPIC datasets, following the same procedure. Methylation beta values at each
CpG site were transformed to standard normal form N(0O,1) prior to analysis.
Methylation beta values were adjusted for age, cell proportions and technical
covariates (plate and position). The observed methylation variance was
partitioned into additive genetic (A), common environmental (C), and unique
environmental (E) factors using the ACE model [105]. The model was fitted using

the OpenMX statistical package [106] in R [107]. In terms of A, C, and E,

A
A+C+E’

heritability (h?) was defined as h? =

3.2.6 Estimation of meQTLs

MeQTLs were estimated in the EPIC dataset of 226 individuals. Methylation beta
values at each CpG site were transformed to standard normal form N(0,1) prior
to analysis. Methylation beta values were adjusted for age, cell proportions,

family structure, and technical covariates (plate and position). The associations
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between genetic variants and corrected methylation values were then computed
using MatrixEQTL [108] in R [107] as follows:

y=a+pfG
where y is methylation, « is the y-intercept, S is the slope of the regression line,
and G is the additive genotype.
Local (cis) effects were investigated if SNPs were within 1Mb from the target
CpG site. Distal (frans) effects were investigated if the SNP was located more
than 1Mb away from the target CpG site, or on a different chromosome. To
correct for multiple testing, results were reported using a permutation-based
false discovery rate (FDR) correction. FDR was determined by dividing the
average number of significant hits in 10 permutations (keeping twin structure)
over the number of significant hits in the observed data at a given p-value

threshold. Results are presented at a FDR 5% threshold.

3.2.7 Blood cell-type specific meQTLs

Methylation beta values at each CpG site were transformed to standard normal
form N(0,1) prior to analysis. Methylation beta values were adjusted for age,
family structure, and technical covariates (plate and position). To detect cell-type
specific associations, a linear regression with an interaction term between
genotype and cell-type proportion was added as follows:
y =a+ BG +yE + 8GxE

where y is methylation, « is the y-intercept, 5,y, § are slopes, G is the additive
genotype, E is the cell proportion, and GxE is an interaction term. The model test
for significance of §. This model has been used previously for the detection of
cell-type specific effects in gene expression [109]. To correct for multiple testing,

a permutation-based FDR was estimated as described in section 3.2.6 above.
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3.3 Results

3.3.1 DNA methylation profiles in twins

We first characterized the patterns of methylation within pairs of twins and pairs
of unrelated individuals. Intra-class correlation coefficients (ICCs) were
estimated within pairs of MZ, DZ and unrelated twin pairs using the EPIC array,
which has a larger coverage of the genome. Higher mean ICC was observed in
MZ twins than in DZ twins (p=1.96x10°) and the latter showed higher mean ICC
than unrelated individuals (p=0.038) (Figure 3-1). At the CpG site level, MZ twin

pairs also showed greater ICCs than pairs of DZ or unrelated twins (Figure 3-2).
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Figure 3-1. DNA methylation profile similarities in twins. The intra-class correlation
coefficient (ICC) was estimated within MZ (n=85), DZ (n=19), and unrelated (n=9) twin

pairs.
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Figure 3-2. Correlation of CpG site methylation in twins in the EPIC dataset.

Density plot of CpG site ICCs in MZ (n=85), DZ (n=19), and unrelated (n=9) twin pairs.

3.3.2 Heritability of DNA methylation

DNA methylation heritability was estimated in the two datasets of healthy twins,
450K (728 twins) and EPIC (226 twins). In the 450K dataset, the genome-wide
mean heritability (h?) across 420,230 autosomal CpG sites was estimated at
12%. Altogether, 43,993 CpG sites (10%) had evidence for strong heritability (h?
> 40%).

The classification of CpG sites by functional regions of the genome
showed that sites within enhancers exhibit greater mean heritability than sites
within promoters (Figure 3-3, Table 3-1). The classification by CpG content
showed that sites within CpG islands have lower mean heritability than sites
within shores, shelves, and the open sea (Figure 3-4, Table 3-1). Comparing our
results with ChlP-seq experiments, we observed that heritability at CpG sites that

overlap TFBS peaks is lower than the mean overall heritability and CpG sites
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that overlap with two repressive histone marks, H3K27me3 and H3K9me3, have

higher mean heritability than the overall (Table 3-1).
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Figure 3-3. Genetic influence on DNA methylation in 450K dataset by functional
genomic region. Plot shows the proportion of CpG sites within promoters or enhancers

that showed heritability greater or equal to h?.
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Figure 3-4. Genetic influence on DNA methylation in 450K dataset by CpG content.
Plot shows the proportion of CpG sites within CpG islands, shores, shelves, or open sea

that showed heritability greater or equal to h?.

In the EPIC dataset, results showed the same patterns seen with the 450K
dataset. The genome-wide mean heritability (h?) across 771,169 autosomal CpG
sites was estimated at 12%. Altogether, 79,408 CpG sites (10%) had evidence
for strong heritability (h?> > 40%). As observed for the 450K results, the
classification of CpG sites by functional regions of the genome showed that sites
within enhancers exhibit greater mean heritability than sites within promoters

(Figure 3-5, Table 3-1). Classification by CpG content showed that sites within
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CpG islands have lower mean heritability than sites within shores, shelves, and
the open sea (Figure 3-6, Table 3-1). Heritability at CpG sites that overlap TFBS
peaks is lower than the mean overall heritability and CpG sites that overlap with
two repressive histone marks, H3K27me3 and H3K9me3, have higher mean

heritability than the overall (Table 3-1).
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Figure 3-5. Genetic influence on DNA methylation in EPIC dataset by functional
genomic region. Plot shows the proportion of CpG sites within promoters or enhancers

that showed heritability greater or equal to h?.
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Figure 3-6. Genetic influence on DNA methylation in EPIC dataset by CpG content.
Plot shows the proportion of CpG sites within CpG islands, shores, shelves, or open sea

that showed heritability greater or equal to h?.
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Table 3-1. Mean heritability of DNA methylation

EPIC 450K

#CpG , HCpG 2
Category sites Mean h sites Mean h
All 771,169 0.12 420,230 0.12
Promoter (PBMCs) 39,328 0.07 32,366 0.06
Enhancer (PBMCs) 30,057 0.18 14,842 0.20
Island 147,597 0.09 135,010 0.09
Shore 139,787 0.14 98,751 0.15
Shelf 53,402 0.12 38,925 0.12
Open Sea 430,383 0.13 147,544 0.13
TFBS (GM12878) 157,963 0.09 111,675 0.07
H3K27ac (PBMCs) 598,723 0.12 380,275 0.12
H3K27me3 (PBMCs) 408,331 0.14 262,832 0.15
H3K36me3 (PBMCs) 370,544 0.12 236,421 0.12
H3K4me1 (PBMCs) 601,044 0.12 379,277 0.13
H3K4me3 (PBMCs) 486,043 0.12 331,910 0.12
H3K9ac (PBMCs) 557,277 0.12 359,922 0.12
H3K9me3 (PBMCs) 141,923 0.14 90,784 0.15
New in EPIC 369,415 0.13
Overlap with 450K 401,754 0.12

The results between the 450K and EPIC datasets were very consistent and
showed the same trend in every category annotated. The correlation of the

heritability estimates between the two was of 0.88.

3.3.3 Identification of methylation quantitative trait loci (meQTLs)

Genetic effects were further explored by the identification of meQTLs in the EPIC
dataset of 226 twins. In total, 171,156 CpG sites (22%) were found to be affected
by cis meQTLs and 2,021 CpG sites (0.2%) were found to be affected by trans
meQTLs at 5% FDR (P=3.6x10“ and P=1.1x10?%, respectively). As expected, the

median heritability of DNA methylation at CpG sites affected by meQTLs, both
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cis and trans, was greater than that of the overall (Figure 3-7). Altogether, we
identified common genetic variants to explain the genetic influence on 38,755

(49%) of the CpG sites with strong DNA methylation heritability (h? > 0.4).
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Figure 3-7. Heritability of DNA methylation at CpG sites affected by meQTLs.
Proportion of CpG sites with heritability of DNA methylation > h? in all analysed CpG

sites, CpG sites affected by cis meQTLs, and CpG sites affected by frans meQTLs.
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3.3.4 Annotation of meQTL CpG sites

We then explored where the CpG sites affected by cis and frans meQTLs were
located in the genome. Overall, we observed opposite trends in CpG sites
affected by cis meQTLs and trans meQTLs. CpG sites affected by cis meQTLs
were depleted in TFBSs, promoters, CpG islands, regions of positive selection,
and conserved elements (Table 3-2, Fisher’s exact test). In contrast, CpG sites
with cis meQTLs were enriched in shores, shelves, open sea, enhancers, gene
bodies and intergenic regions. Concordantly, CpG sites affected by cis meQTLs
were also depleted in H3K4me3 peaks, which are associated with promoters,
and enriched in H3K4me1 peaks, which are associated with enhancer regions
[110] . Conversely, CpG sites affected by trans meQTLs were enriched in TFBSs,
promoters, H3K4me3 peaks, and CpG islands. CpGs with trans meQTLs were
depleted in shores, shelves, open sea, enhancers, and H3K4me1 peaks.
Interestingly, both CpG sites affected by cis meQTLs and CpG sites affected by
trans meQTLs were depleted in exon boundaries. To account for the fact that the
methylation variance affects the probability of harboring meQTLs, enrichment
analyses were also performed by matching to sets of CpGs with similar variance.

Conclusions remained unchanged (Annex I).

3.3.5 Properties of meQTL SNPs

The peak abundance of SNPs that are cis meQTLs was found in close proximity
to the target CpG site (Figure 3-8) and the effect sizes tended to be small with a
maximum peak at R?= 0.06 (Figure 3-9). SNPs were found to be distributed
across all the MAF range (Figure 3-10). It is important to highlight that in this
section, only the most significant association per CpG sites was considered,

which is not necessarily the causal genetic variant.
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Figure 3-8. Distance of cis meQTL SNP to target CpG site. Histogram showing the
proportion of CpG sites with a meQTL acting at a given distance. Only the most

significantly associated SNP per CpG site is considered in this plot.
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Figure 3-10. MAF distribution of cis meQTLs. Histogram of MAFs showing only the

most significant association per CpG site.
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3.3.6 Blood meQTLs are likely to be shared across blood cell-subtypes

Since the analyses performed so far were in whole blood samples, we further
sought to identify blood cell-type specific meQTLs. We performed analyses
testing if DNA methylation levels at each CpG site were significantly associated
with the interaction between genotype and proportion of each CD4* T cells, CD8*
T cells, B cells, natural killers, monocytes, and granulocytes. We did not identify
any genome-wide significant meQTL for any of the tested interactions at 5%

FDR.
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Table 3-2. Enrichment and depletion of CpG sites affected by cis meQTLs

All cis meQTLs trans meQTL

#CpG sites Proportion #CpG sites Proportion Oddsratio P-value #CpG sites Proportion Odds ratio P-value
TFBS (GM12878) 157,963 0.205 30,374 0.177 v 0.799 1.10E-227 630 0.312 A 1,761 1.14E-29
H3K27ac (PBMC) 598,723 0.776 133,927 0.782 A 1.047 5.87E-12 1,574 0.779 A 1.014 8.10E-01
H3K27me3 (PBMC) 408,331 0.529 94 607 0.553 4 1128 4 97E-106 972 0.481 v 0.823 1.34E-05
H3K36me3 (PBMC) 370,544 0.480 82,961 0.485 A 1,022 7.67E-05 939 0.465 w 0.938 1.54E-01
H3K4me1 (PBMC) 601,044 0.779 136,953 0.800 A 1173 4.30E-124 1,506 0.745 w 0.827 2.57E-04
H3K4me3 (PBMC) 486,043 0.630 106,098 0.620 w 0945 7.66E-24 1,393 0.689 4 1.302 2.96E-08
H3K9ac (PBMC) 557,277 0.723 124,200 0.726 4 1.020 1.59E-03 1,534 0.759 A 1210 2.30E-04
H3K9me3 (PBMC) 141,923 0.184 30,848 0.180 w 0.968 4.08E-06 386 0.191 A 1,047 4.21E-01
Island 147,597 0.191 25,928 0.151 v 0.702 0.00E+00 673 0.333 A 2114 2.60E-51
Shore 139,787 0.181 33,104 0.193 4 1109 6.29E-49 325 0.161 w 0.865 1.64E-02
Shelf 53,402 0.069 12,180 0.07 A 1.040 2.81E-04 114 0.056 v 0.803 2.24E-02
Open sea 430,383 0.558 99,934 0.584 4 1145 212E-131 909 0.450 w 0.647 1.52E-22
Promoter (PBMCs) 39,328 0.051 6,758 0.039 v 0.716 1.20E-140 208 0.103 A 2141 4 .88E-21
Enhancer (PBMCs) 30,057 0.039 8,523 0.050 4 1408 2.28E-143 52 0.026 v 0.651 1.51E-03
TSS1500 114,681 0.149 24 823 0.145 w 0.963 1.17E-06 309 0.153 4 1,033 5.95E-01
TSS200 73,929 0.096 13,284 0.078 w 0.748 3.36E-194 355 0.176 A 2015 1.79E-28
5 UTR 101,401 0.131 20,622 0.120 v 0.881 1.58E-53 311 0.154 A 1,202 3.34E-03
1* Exon 42 877 0.056 6,963 0.041 w 0.666 4 57E-219 204 0.101 A 191 7.96E-16
Exon boundary 6,594 0.009 1,235 0.007 w 0.806 4.37E-12 8 0.004 w 0.460 2.08E-02
Gene body 325,070 0.422 72,997 0.426 A 1,026 2.43E-06 716 0.354 w 0.752 6.99E-10
3'UTR 21,658 0.028 4618 0.027 w 0.949 1.72E-03 47 0.023 v 0.824 2.00E-01
Intergenic 214,281 0.278 51,269 0.300 4 1146 7.55E-113 514 0.254 w 0.886 1.82E-02
Positive selection 7418 0.010 1,346 0.008 w 0.775 7.03E-18 20 0.010 A 1,029 8.20E-01
Conserved elements 148,701 0.193 27,082 0.158 v 0739 0.00E+00 403 0.199 A 1043 4 46E-01




3.4 Discussion

We know from previous studies that DNA methylation at specific loci in the
genome can be influenced by genetic effects. The aims of this study were to
characterize DNA methylation heritability at different functional regions of the
genome using the classical twin study and to identify the genetic variants
contributing to DNA methylation variability both by replicating published results
on the 450K array and by using the new EPIC array to identify novel effects.

The patterns of heritability observed in this study were in line with a
published study conducted in whole blood [89], where they observed that highly
heritable sites (h? 2 0.5) showed an enrichment in CpG island shores and
depletion at CpG islands. One of the key novel results from this chapter was the
assessment of DNA methylation heritability on a genome-wide scale using the
new EPIC array, which targets enhancers. Strong heritability (h? > 0.4) was
observed for at least 10% of the CpG sites in the array, and for almost half of
those sites we were able to identify common genetic variants influencing their
methylation levels.

The strongest genetic effects on DNA methylation were observed at CpG
sites away from transcription start sites and outside of the CpG islands. These
results suggest that DNA methylation variation at promoters is mostly due to non-
genetic effects, which may include environmental or stochastic factors. It is
important to note that these low heritability estimates observed mainly at
promoters may arise from the lack of actual variation. These CpG sites exhibit
very low methylation values and the observed variation might be only the result
of measurement error. Others have addressed this issue by looking only at the
top 10% variable CpG sites interrogated by the array, which limits the analysis to
a reduced subset of CpG sites [45].
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Further annotation of CpG sites using predicted chromatin states of PMCs
showed that enhancers are the regions of the genome where genetics effects
are stronger. Conversely, TFBSs are regions where weak genetic effects are
observed.

The second main novel result in this chapter was the identification of
common genetic variants that influence DNA methylation levels at CpG sites
profiled on the EPIC array. By looking at local and distal effects of genetic
variants through QTL analysis we were able to observe that the affected CpG
sites are located in very different genomic regions, which might indicate different
mechanisms of gene regulation exerted by genetic variation. It would be
interesting as well to investigate if cis and trans meQTLs fall within particular
regions of the genome. From work done by Dr. Elena Carnero-Montoro
(manuscript in preparation) characterizing meQTLs identified with the 450K
dataset, we know that cis meQTLs are enriched in TFBSs, while trans meQTLs
are depleted. It has been planned to extend the approach used on the 450K
meQTLs to characterize novel EPIC meQTL SNPs identified in this chapter.

In this study we looked at whole blood and used estimated cell proportions
to investigate if this could mediate an association with genotype. We did not
identify blood cell-type specific meQTLs, which may suggest a lack of power
[109], but also suggests that cell-specific genetic effects may not be common as
shown in a recent study looking at almost 200 samples of purified monocytes,
neutrophils, and naive CD4* T cells that reported less than 0.1% of CpG sites
having a cell-type specific QTL [94]. In this same study, cell-type specific histone
and expression QTLs were found to be more abundant. In addition, one study
following a similar approach using whole blood and a proxy for cell counts also

showed evidence of cell-type specific expression QTLs [109]. These results
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suggest that gene regulation mechanisms of cell-type specific QTLs may not be
mediated by DNA methylation to a great extent.

The main strength of this study was the use of the new EPIC array that
allows the exploration of almost twice the number of CpG sites compared to its
predecessor the 450K array. However, the number of samples profiled with this
platform at the moment is a limitation. Currently, more samples are being profiled
in TwinsUK with the idea of combining them with these 226 samples and
extending the analyses to include the functional annotation of SNPs that are

meQTLs.
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4. The effect of in vitro fertilisation on DNA methylation
profiles at birth

4.1 Introduction

As the frequency of in vitro fertilisation (IVF) treatment increases worldwide,
much research effort has focused on exploring both short and long-term health
outcomes associated with conception via IVF, with contradictory results. A
number of studies have observed associations with adverse perinatal and
obstetric outcomes including low birth weight, preterm birth, perinatal mortality,
congenital malformations, placental complications, and increased frequency of
imprinting disorders such as Angelman syndrome and Beckwith-Wiedemann
syndrome [111-114]. On the other hand, parallel efforts have reported that these
associations are not attributed to IVF treatment itself, but rather to multiple
pregnancy or parental subfertility, both common factors in IVF births [115, 116].
Further research is required to identify potential factors associated with
conception via IVF, including not only health outcomes, but also biological
consequences such as epigenetic modifications.

Given that birth weight and imprinting disorders are controlled at least in
part by epigenetic factors [90, 117], IVF may have an influence on epigenetic
profiles, potentially resulting in changes that persist well after birth and over the
life course. Epigenetic mechanisms are considered possible mediators of the
developmental origins of health and disease [118], therefore an assessment of
the influence of IVF on DNA methylation profiles may give some insights into
mechanisms underlying potential related health outcomes. Establishment of
DNA methylation profiles in the germ line and embryo takes place early in
development [119]. Theoretically, this epigenetic reprogramming could therefore

be influenced by IVF-related interventions that occur very early, prior to
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blastocyst implantation. Indeed, induction of ovulation, embryo culturing, and
cryopreservation, among others, have all been linked to specific alterations in
DNA methylation in mice, although results are somewhat inconsistent [120-122].
Most studies in humans comparing naturally- and IVF-conceived
newborns have interrogated DNA methylation alterations targeting almost
exclusively imprinted Differentially Methylated Regions (DMRs). These studies
have reported hypomethylation at the KvDMR1 DMR in peripheral blood and cord
blood of IVF children [123, 124]. Reduced methylation was also observed at the
H19 DMR in placentas and buccal epithelium of IVF newborns [80, 125]. At the
MEST DMR, hypermethylation was observed in maternal peripheral blood and
umbilical cord blood of IVF newborns [126]. However, a different study reported
hypomethylation at the MEST DMR in placentas of IVF cases [125].
High-throughput approaches using bead array technology have also
interrogated DNA methylation in IVF in a genome-wide manner. Katari et al.,
2009, reported differential methylation at 78 genes in cord blood and 40 in
placenta with at least two differentially methylated CpG sites (P<0.08) when
looking across the promoters of 736 genes (GoldenGate Array, lllumina) in 10
cases and 13 controls [127]. A more extensive study using the promoter-enriched
lllumina Infinium HumanMethylation27 bead array in cord blood samples from 10
IVF cases and 8 controls, reported a total of 24 genes with at least two
differentially methylated CpG sites (P<0.05) [128]. More recently, a study used
the genome-wide lllumina Infinium HumanMethylation450 bead array in samples
from 38 IVF-conceived newborns followed by fresh embryo transfer, 38 IVF-
conceived followed by cryopreserved embryo transfer, 18 born to subfertile
parents after conception by intrauterine insemination, and 43 controls born to

fertile parents [129]. This platform interrogates CpG sites across the whole
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genome although with a limited coverage since it targets gene-centric
annotations [130]. The authors identified differential methylation at multiple sites,
including metastable epialleles.

Here, we interrogated evidence for differential methylation between IVF
and non-IVF newborn twins in a more comprehensive manner by conducting
epigenome-wide association scans (EWAS) [68] using methylated DNA
immunoprecipitation followed by deep sequencing (MeDIP-seq) [131] genome-
wide in samples from cord blood, and its mononuclear fraction, collected at birth
from IVF and non-IVF twins. The use of twins in this study allowed the partition
of the observed variance in DNA methylation into genetic and environmental
factors. The approach also avoids potential spurious associations due to an
imbalanced number of multiple and single pregnancies between conception

method groups.

4.2 Methods

4.2.1 Subjects and sample collection

The study included 47 IVF and 60 non-IVF newborn twins (from 54 twin pairs)
from the Peri/postnatal Epigenetic Twins Study (PETS), Melbourne, Australia.
Recruitment and full study procedure has been described previously [81, 132].
Cord blood was collected at birth and used to process mononuclear cells by Ficoll
gradient centrifugation as described previously [133]. Whole blood cells (WBCs)
from cord blood were available for a total of 98 twins (40 IVF and 58 non-IVF)
and cord blood mononuclear cells (CBMCs) for a total of 82 twins (35 IVF and 47
non-IVF). Maternal age and method of conception were determined via
questionnaire at recruitment (18-20 weeks gestation). Twins of mothers who said
yes to IVF or ICSI treatment were classified as IVF regardless of the use of

ovulation induction medication or other fertility treatments. Maternal smoking
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status was collected via questionnaire on recruitment and at 24 and 36 weeks of
pregnancy. Birth weight was collected during the immediate neonatal period.
Zygosity and chorionicity were determined by physical examination of the inter-
placental membranes at birth, and by genetic test when required, as described
previously [81, 132]. For a subset of the whole blood samples (n=54, 22 IVF and
32 non-IVF), blood cell subtype counts were obtained through automatic
differential counting. Pregnancy complications were recorded and are shown in
Table 4-1.

Table 4-1. Pregnancy complications

Occurrence (N)

Pregnancy complications non-IVF IVF

Gestational diabetes
Vacuum-assisted vaginal delivery
Intrauterine growth restriction
Shortened cervix

Elevated blood pressure
Twin-to-twin transfusion syndrome

PN o TS G G o T o )
O O N =~ N = -

Hyperemesis

4.2.2 DNA methylation profiling

MeDIP-seq was performed at BGI-Shenzhen, Shenzhen, China. Extracted DNA
was fragmented using a Covaris sonication system and sequencing libraries
were prepared from 5ug fragmented genomic DNA. End repair, <A> base
addition and adaptor ligation steps were performed using lllumina’s Single-End
DNA Sample Prep kit. Adaptor-ligated DNA was immunoprecipitated by anti-
5mC using a commercial antibody (Diagenode) and MeDIP products were
validated by quantitative PCR. MeDIP DNA was purified with ZYMO DNA Clean
& Concentrator-5 columns and amplified using adaptor-mediated PCR. DNA
fragments between 200 and 500 bp in size were gel-excised, and the
amplification quality and quantity were evaluated by Agilent BioAnalyzer

analysis. The libraries were subjected to highly parallel 50-bp single-end
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sequencing on the lllumina GAIl platform. All sequencing data passed initial
quality checks for base composition (no exclusions) using FASTQC v0.10.0. For
each individual, ~30 million reads were generated and mapped onto hg19 using
BWA. After removing duplicates, we filtered data using quality score Q10. We
quantified methylation levels using MEDIPS [134] producing the mean relative
methylation score (RPM) in 500-bp bins (overlap of 250 bp) across the genome.
Altogether, there were 11,524,145 windows and these were used for the

analyses.

4.2.3 Epigenome-wide IVF-DMR analyses

Data were analyzed by subsets looking at each tissue type independently and
looking at all samples together in order to identify tissue-independent and tissue-
shared IVF-associated differentially methylated regions (IVF-DMRs) as shown in
Figure 4-1. Methylation bins with RPM values equal to zero in more than 50% of
the individuals were excluded resulting in 9,592,803 and 9,285,089 bins to be
analyzed in WBCs and CBMCs, respectively. Transformed to standard normal
form (N(0,1)) methylation scores in each genomic bin were regressed using a
linear mixed-effects model to account for twin structure (Ime4 package [135] in
R [107]). Tissue type, birth weight, sex, maternal smoking, DNA purity, DNA
concentration, and the loadings of the first five principal components were used
as covariates and included as fixed effects in the model. Family and zygosity
were included as random effects. The principal components were included to
account for unknown sources of variation, such as cell heterogeneity. Correction

for multiple testing was performed by a Benjamini-Hochberg FDR calculation.
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47 IVF and 60 non-IVF
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at birth
Cord blood (whole Cord blood mononuclear
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Validation : :
N = 36 MZ twins - EpiITYPER (2 regions)

Figure 4-1. Analysis flow chart. DNA from whole blood cells (WBCs) and cord blood
mononuclear cells (CBMCs) of IVF and non-IVF twins was subjected to MeDIP-seq.
Relative methylation scores (RPM) were calculated in 500 bp bins. Principal component
analysis (PCA) was used to identify covariates and global patterns of methylation. IVF-
DMR analyses were conducted in all samples available and in WBCs and CBMCs
separately. Validation of two IVF-associated differentially methylated regions (IVF-

DMRs) was performed with EpiTYPER in monozygotic (MZ) twins.

4.2.4 Variance decomposition of WBC IVF-DMRs

The contribution of additive genetic (A), common environmental (C), and unique
environmental (E) factors to DNA methylation was estimated using the ACE
model based on the classical twin design [105]. The model was fitted using the
OpenMX statistical package [106]. RPM values without adjustment for covariates

were used to estimate the ACE proportions.
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4.2.5 Statistical analysis

Pairwise correlations and PCA were performed using RPM values across all bins
with values > 0 in at least 50% of the samples. Hierarchical clustering was
performed using Euclidean distance as measure of dissimilarity and average

linkage clustering.

4.2.6 Validation with EpiTYPER

Validation of two top signals in genes previously linked to infertility, TNP71 and
C9orf3, was pursued with EpiTYPER. Five hundred nanograms of genomic DNA
were bisulphite converted using the MethylEasy Exceed Rapid Bisulphite
Modification Kit (Human Genetic Signatures, North Ryde, NSW, Australia).
Primers to target the regions in TNP1 and C9orf3 were designed using the
EpiDesigner tool (Sequenom Inc., Herston, QLD, Australia). The H19 CTCF6
region was assayed in a previous study [133]. Primers, genomic coordinates and
PCR conditions are shown in Table 4-2. Methylation levels were determined by
EpiTYPER on the MassARRAY System (Sequenom Inc., Herston, QLD,
Australia). Differential methylation analysis considered the average of 2-3

technical replicates and was performed using data on single CpG sites.
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Table 4-2. PCR conditions

Assay 1 (TNP1)

Assay 2 (C90rf3)

Location chr2:217727235-217727594 chr9:97503908-97504381

Product 360 474

size

Number of 2 2

analysable

CpG sites

Left primer aggaagagagTTGTGTGAAATTATGTTTT aggaagagagATTTTATTTTTAGTGGTAT
ATGTTTGT GGTTTT

Right cagtaatacgactcactatagggagaaggctCCCT cagtaatacgactcactatagggagaaggctACC

primer ACCTTAAAATAACCCCACTTA TTCTAAATAAAACTCCCTATATAATC

PCR 95°C for 10 min 95°C for 10 min

conditions
5 cycles of 95°C for 20 s, 59-60°C for 30 5 cycles of 95°C for 20 s, 56-58°C for 30
s, and 72°C for 2 min s, and 72°C for 2 min
40 cycles of 95°C for 20 s, 59-60°C for 40 cycles of 95°C for 20 s, 56-58°C for
30 s, and 72°C for 2 min 30 s, and 72°C for 2 min
72°C for 10 min 72°C for 10 min

4.3 Results

4.3.1 Genome-wide methylation profiles in twins

We profiled DNA methylation levels from a total of 107 newborn twins (47
conceived via IVF and 60 conceived in vivo) in whole blood and in cord blood
mononuclear cells (WBCs and CBMCs, respectively). Details of any fertility
treatment used and demographic characteristics that represent potential
confounders of DNA methylation levels at birth such as, sex, birth weight,

maternal age, and maternal smoking status are shown in Table 4-3.
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Table 4-3. Sample description

Total number of . Birth weight Maternal age Maternal .
Group twins (number of ZC%%?E gc?tnf Sex® (kg) (years) smoking st(i)n\:jlrall ?ign ICSI GIFT ;rr?bzreg
complete sets) y mean(s.d.) mean(s.d.) (% smokers) Y
WBCs
10 MZ MC 18(F) 6(No) 22(No) 28(No)
IVF 40 (20) 30DZDC  22(M)  287(477) 36(4) 20% 34(Yes)  18(Yes) 12(Yes)
14 MZMC
34(F) 56(No) 56(N)
Non-IVF 58 (29) 12MzZ DC 2.58(3.99) 32(5) 28% - -
32 DZ DG 24(M) 2(Yes) 2(Y)
CBMCs
9 MZMC
1 MZ DC 16(F) 1(No) 14(No) 24(No)
IVF 35 (16) 25DZDC  19(M)  2:50(442) 35(5) 23% 34(Yes)  21(Yes) 11(Yes)
12 MZMC
30(F) 45(No) 45(N)
Non-IVF 47 (22) 10 MZ DC 2.60(3.48) 32(4) 28% - -
25 DZ DC 17(M) 2(Yes) 2(Y)

aMZ, monozygotic; DZ, dizygotic; MC, monochorionic; DC, dichorionic
bF, female; M, male

°N, no; Y, yes

ICSI, intracytoplasmic sperm injection; GIFT, gamete intra-fallopian transfer

62



Hierarchical clustering of pairwise correlations of genome-wide methylation
profiles showed that global patterns of methylation were not influenced by tissue

type, method of conception, chorionicity, or zygosity (Figure 4-2).
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Figure 4-2. Heatmap of pairwise correlations of genome-wide methylation profiles.
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Hierarchical clustering was performed on pairwise correlations of methylation profiles.

Top bars were coloured to indicate sample type, method of conception, chorionicity, and

zygosity.

We then explored genome-wide patterns of DNA methylation variability in
the dataset. Principal component analysis was used to identify factors that were

significantly associated with genome-wide variability in DNA methylation profiles.
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The first five principal components in the dataset, which explained ~13% of the
total variance in DNA methylation, were at least nominally associated (P<0.05)
with sample type (WBCs vs CMBCs), birth weight, maternal smoking, and

conception method (Figure 4-3a).

a PC1 PC2 PC3 PC4 PC5

Sample type |
2Zygosity 65
Chorionicity 6
Sex 55
Birth weight 5
Gestational age 45
Maternal age —~ 4
Maternal BMI % 35
Maternal smoking g’ 3
Conception method T 25
PC1 PC2 PC3 PC4  PC5 5
Neutrophils* 15
Eosinophils* 1
Monocytes* 05
Lymphocytes* o
e rrrrrrreoririT T T T
o 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15
% of variance explained
b wBC CBMC

0.95
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Figure 4-3. Global methylation patterns. (a) Biological factors associated with
principal components of variation of methylation profiles. Variables marked with * were
only available in a subset of the sample (n=54). (b) Within-pair methylation correlation

in WBCs and CBMC:s.

We next estimated the within twin-pair correlation of methylation profiles
in twin pairs available in both datasets. In concordance with previous studies [90],
we observed higher median correlation within monozygotic (MZ) twin pairs
compared to dizygotic (DZ) twin pairs (Figure 4-3b). Previous studies have shown
that twin chorionicity can have an effect on within-pair DNA methylation
differences, but not with consistent direction of effect across tissues [39, 90, 133].
In our study, we did not observe significant chorionicity-related methylation
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differences (Figure 1b), but the number of MZ twins within chorionicity categories
was relatively low (n=8 monochorionic and n=5 dichorionic pairs). Interestingly,
the method of conception showed methylation profile differences within MZ twin
pairs. MZ IVF twins had higher median correlation compared to MZ non-IVF twins
in WBC, but the opposite trend was observed in CBMCs, and in both cases the

MZ IVF sample was small (n=3).

4.3.2 IVF-DMRs in CBMCs and WBCs

In order to identify tissue-independent and tissue-specific IVF-associated DMRs,
we compared DNA methylation profiles in WBCs and CBMCs in relation to
method of conception adjusting for birth weight, sex, maternal smoking, and the
first 5 principal components, which capture partly cell heterogeneity (Figure 4-3b).
Epigenome-wide analyses of DNA methylation in relation to method of
conception did not identify genome-wide significant signals in the CBMCs subset
or in the combined CBMC and WBC datasets, after correction for multiple testing
(data not shown). In WBCs alone, one significant DMR was observed at a false
discovery rate (FDR) of 5% (Figure 4-4). This was located ~3kb upstream of
TNP1 (chr2:217,726,751-217,727,250), which encodes a transition nuclear
protein that replaces histones and is subsequently replaced by protamines during
spermiogenesis. A deletion in the promoter region of this gene, which reduces
its expression, has been reported in infertile men [136]. Methylation upstream of
TNP1 might have an impact on its expression. In mice, methylation changes
during spermatogenesis have been observed at TNP1, which suggests a role of

methylation in the regulation of this gene [137].
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Figure 4-4. TNP1 IVF-DMR. Left, manhattan plot of the WBC IVF-DMR analysis
showing 1 genome-wide significant hit at 5% FDR (red line) and 46 suggestive hits at
25% FDR (blue line). Right, boxplot of the methylation values (RPM) at the top IVF-DRM
identified ~3kb upstream of TNP1.

To explore the biological characteristics of the top-ranked results in the
IVF epigenome-wide analyses we selected a more liberal threshold of FDR 25%,
at which 46 IVF-DMRs were identified (Table 4-4). Interestingly, the third-ranked
DMR genome-wide was located in the first intron of C9orf3 (chr9:97,504,001-
97,504,500), which has been associated with polycystic ovary syndrome in
women [138] and development of erectile dysfunction after radiotherapy for
prostate cancer in men [139]. Another signal within this list was located in intron
1 of STOX2 (chr4:184,814,001-184,814,500), whose reduced expression has
been implicated in pre-eclampsia [140]. Since adverse perinatal outcomes may
be associated with maternal age, we further adjusted for this covariate and

observed that the 46 FDR 25% WBC IVF-DMRs remained significant (Table 4-4).
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Table 4-4. FDR 25% WBC IVF-DMRs

Chromosome Start End p FDR p (adjusted  Gene name* Gene start* Gene end*
adjusted p for
maternal
age)
chr2 217726751 217727250 2.30E-09 0.0221 6.40E-10 AC007557.1 217735495 217736362
TNP1 217724181 217724787
chr5 178761751 178762250 5.43E-08 0.1244 1.76E-05 ADAMTS?2 178537852 178772431
chr9 97504001 97504500 5.83E-08 0.1244 5.14E-07 C9orf3 97488983 97849441
chr5 9275751 9276250 5.86E-08 0.1244 1.67E-06 SEMASA 9035138 9546187
chr4 184814001 184814500 7.95E-08 0.1244 4.96E-07 STOX2 184774584 184944679
chr5 142488501 142489000 8.73E-08 0.1244 5.76E-07 ARHGAP26 142149949 142608576
chr9 118148751 118149250 9.20E-08 0.1244 4.61E-06 DEC1 117904097 118164923
chr9 118149001 118149500 1.04E-07 0.1244 3.47E-06 DEC1 117904097 118164923
chr11 82654251 82654750  1.30E-07 0.1250 5.26E-08 C110rf82 82611017 82669319
PRCP 82534544 82681626
RAB30 82684175 82782965
chr19 6165251 6165750 1.40E-07 0.1250 1.00E-06 RFX2 5993175 6199583
ACSBG2 6135258 6193112
MLLT1 6212966 6279959
chr1 85522251 85522750  1.43E-07 0.1250 2.56E-07 WDR63 85464830 85598821
MCOLNS3 85483765 85514182
chr17 42569001 42569500 1.64E-07 0.1274 1.90E-05 GPATCHS8 42472652 42580798
chr4 141606501 141607000 2.03E-07 0.1274 1.59E-05 TBC1D9 141541919 141677274
chr5 137736001 137736500 2.06E-07 0.1274 1.13E-06 REEP2 137774706 137782658
KDM3B 137688285 137772717
chr5 150614501 150615000 2.14E-07 0.1274 2.23E-07 SLC36A3 150656323 150683327
GM2A 150591711 150650001
CCDC69 150560613 150603706
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chr17

chr6

chr7
chr12

chr4
chr13
chr11

chr12

chr2
chr8
chr17

chr4
chr16
chr19

36918251

126138251
144431251
70937251
141606251
90019001
74179001

99153001

223336751
120972001
38047001

64626751
87256751
10656751

36918750

126138750
144431750
70937750
141606750
90019500
74179500

99153500

223337250
120972500
38047500

64627250
87257250
10657250

2.32E-07

2.36E-07
2.70E-07
2.76E-07
2.80E-07
2.84E-07
2.92E-07

3.93E-07

4 47E-07
4.98E-07
5.25E-07

5.45E-07
5.51E-07
5.77E-07

0.1274

0.1274
0.1274
0.1274
0.1274
0.1274
0.1274

0.1637

0.1788
0.1869
0.1869

0.1869
0.1869
0.1869
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2.02E-07

2.12E-06
5.29E-09
1.83E-06
1.50E-05
5.94E-07
1.61E-09

2.44E-07

2.00E-06
3.26E-08
7.83E-06

2.67E-06
2.12E-08
1.42E-06

MLLT6
CISD3
CWwC25
PIP4K2B
PCGF2

CTB-58E17.5

PSMB3

AC006449.1

NCOA7
TPK1
PTPRB
TBC1D9

LIPT2
POLD3
KCNES3

ANKS1B
APAF1
SGPP2

DEPTOR
GSDMB
ZPBP2

IKZF3

ORMDL3

C160rf95

CDKN2D
ATG4D

36861795
36886488
36956687
36921942
36890150
36905613
36908989
36884086
126102307
144149034
70910630
141541919
74202757
74204896
74165886
99120235
99038919
223289236
120885957
38060848
38024417
37921198
38077294
87117168
10677138
10654571

36886056
36891297
36981734
36956379
36906070
36906969
36920484
36884451
126252266
144533488
71031220
141677274
74204778
74380162
74178774
100378432
99129204
223425667
121063152
38076107
38034149
38020441
38083854

87351022
10679735
10664094



chr7
chr11

chr10
chr22
chré
chr16
chr18

chr9
chr1
chr13
chr9
chr13
chr21
chr2
chr12
chr6
chr14

2487251
74178751

119176501
34755251
161664751
17161751
23695001

26364751
25227001
68877251
89126501
35317501
19575001
169470001
4310251
157136501
104067251

2487750
74179250

119177000

34755750

161665250

17162250
23695500

26365250
25227500
68877750
89127000
35318000
19575500

169470500

4310750

157137000
104067750

5.85E-07
6.82E-07

6.87E-07
7.32E-07
7.42E-07
7.80E-07
8.39E-07

8.90E-07
9.05E-07
9.43E-07
9.59E-07
9.72E-07
9.92E-07
1.06E-06
1.06E-06
1.15E-06
1.17E-06

0.1869
0.2059

0.2059
0.2094
0.2094
0.2137
0.2235

0.2267
0.2267
0.2267
0.2267
0.2267
0.2267
0.2307
0.2307
0.2448
0.2448

2.03E-05
1.31E-07

1.11E-06
1.76E-05
2.93E-06
2.41E-06
1.97E-06

1.02E-06
1.61E-05
2.19E-05
7.00E-06
2.51E-05
2.31E-06
4.35E-07
8.13E-05
1.61E-06
8.21E-06

KEAP1
AP1M2
KRI1
S1PR5
CHST12
KCNES3
LIPT2
POLD3
PDZD8

AGPAT4
XYLT1
PSMAS8

SS18

RUNX3

CHODL
CERS6

ARID1B
APOPT1
BAGS
KLC1
RP11-73M18.2

10596796
10683347
10663761
10623623
2443223
74165886
74202757
74204896
119040000

161551011
17195626
23713816
23596578

25226002

19273580
169312372

157099063
104029299
104022881
104028233
104029299

10614417
10697991
10676713
10628607
2474242
74178774
74204778
74380162
119134978

161695093
17564738
23773319
23671181

25291612

19639690
169631644

157531913
104073860
104029168
104167888
104152261

*From GENCODE v19
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The non-IVF group included a small number (n=4) of newborns conceived
with other types of fertility treatments not equivalent to IVF, such as gamete intra-
fallopian transfer (GIFT) and ovarian stimulation. We re-analysed the 46 FDR
25% WBC IVF-DMRs excluding GIFT (n=2) and non-IVF ovarian stimulation
(n=2) controls, and observed that conclusions remained unchanged (Annex Il).

Hierarchical clustering using DNA methylation levels at these 46 FDR 25%
DMRs alone classified 38 out of 40 IVF-twins by method of conception (

Figure 4-5). We also explored these signals with respect to functional
annotations. A total of 10 FDR 25% WBC IVF-DMRs overlapped CpG sites
previously shown to be dynamic during development [34], 20 overlapped DNase
| hypersensitivity sites (wgEncodeRegDnaseClusteredV3) [141], one overlapped
a CpG island (cpglslandEx) [142], and none overlapped with candidate
metastable epialleles [143] (

Figure 4-5).
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Figure 4-5. WBC IVF-DMRs. Heatmap rows correspond to the 98 WBC samples while
columns correspond to the 46 FDR 25% WBC IVF-DMRs. The vertical colour bar
indicates method of conception (IVF, green; non-IVF, blue). Top panel shows the fraction
of variance explained by additive genetic (A), shared environmental (C), and unique
environmental factors (E). Horizontal colour bars indicate overlap (violet) or absence
(gray) of dynamic CpG sites, DNase | hypersensitivity sites, or CpG islands with the
DMR.

Cell type-specific DNA methylation can impact the profiles observed in a

population of cells, such as in a whole blood sample, and we therefore accounted
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for blood cell type heterogeneity using a twofold approach. First, we performed
principal component analysis on the methylation levels of the entire set of WBC
samples, and our main EWAS analyses above are corrected for the first five
principal components (PCs), which likely capture variation attributed to technical
and biological factors, potentially including cell heterogeneity. To assess whether
the first five PCs capture cell heterogeneity, blood cell subtype counts were
obtained through automatic differential counting for a subset of the WBC samples
(n=54 twins, 22 IVF and 32 non-IVF) and these were compared against the
distributions of the first 5 PCs. Proportion of neutrophils, eosinophils and
lymphocytes were associated (P<0.05) with the loadings of the second, third and
fourth principal components, respectively (Figure 4-3a). Therefore, since the
EWAS model used in this study took into account the loadings of the first five
principal components, these analyses already take into account the influence of
cell heterogeneity to a certain extent.

Second, we re-analysed the 46 FDR 25% WBC IVF-DMRs in the subset of
54 WBC samples with available cell counts, adjusting for the proportion of
neutrophils, eosinophils, monocytes, and lymphocytes. We also performed
analyses adjusting for the loadings of the first five principal components within
this dataset alone. Most results were concordant when comparing across all
models (Annex Ill) and only five out the 46 FDR 25% WBC IVF-DMRs were not
significant (P>0.05) after adjusting for cell proportions in the subset of 54
individuals (chr8:120,972,001-120,972,500, chr7:2,487,251-2,487,750,
chr18:23,695,001-23,695,500, chr12:4,310,251-4,310,750, and

chr14:104,067,251-104,067,750).
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4.3.3 Variance decomposition of WBC IVF-DMRs

Given that epigenetic changes were potentially affecting infertility genes,
we wanted to investigate if the findings may capture a genetic signature affecting
DNA methylation that could be transmitted to offspring. We applied twin variance
decomposition analyses to partition the total epigenetic variance into additive
genetic (A), and common (C) and unique (E) environmental components (ACE)
[105]. The ACE model was used to determine the contribution of genetics, shared
intrauterine environment due to shared maternal influences, and non-shared
(twin-specific) or stochastic factors to epigenetic variation. The mean contribution
of additive genetic effects (narrow-sense heritability) to DNA methylation across
the genome in different tissues from newborns has been previously estimated to
be between 0.05 and 0.12 [90]. Here we estimated the average genome-wide
narrow-sense heritability for DNA methylation in WBCs at 0.06. At the 46 FDR
25% WBC IVF-DMRs, the major contributors to DNA methylation variation were
non-shared or stochastic events (

Figure 4-5). However, several FDR 25% IVF-DMRs had evidence for
heritability (A > 0.4), suggestive of genetic effects underlying specific IVF-
associated DNA methylation changes. These included an intronic region in DEC1
(chr9:118,148,751-118,149,500), a region 33kb away from XYLT1
(chr16:17,161,751-17,162,250), and an intergenic region in chromosome 12
(chr12:4,310,251-4,310,750). When looking at the two DMRs associated to
infertility genes, DNA methylation variation showed no evidence for genetic
effects (A=0) near TNP1, while heritability at the DMR in C90rf3 was estimated

at 0.25.
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4.3.4 Effects of IVF on imprinting

Previous studies have explored DNA methylation patterns in IVF births
specifically at imprinting control regions (ICRs). We therefore assessed whether
there was an enrichment of differential methylation effects at 34 known ICRs
[144] in our genome-wide results, but no enrichment was observed (P>0.05).
However, when we explored individual signals at candidate IVF-DMRs we were
able to replicate one previously reported ICR IVF-associated DMR. Concordantly
with previous IVF methylation studies in placental tissue [125] and buccal
epithelium [80], we observed hypomethylation at the 6th CTCF binding site within
the H19/IGF2 (H19 CTCF6) DMR (Figure 4-6). This association was observed in

CBMCs (P=0.01), but not in WBCs (data not shown).
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Figure 4-6. H19 CTCF6 IVF-DMR replication. Boxplot of the methylation values (RPM)

at the sixth CTCF binding site within the H19 DMR (H19 CTCF®6).

4.3.5 Effects of intracytoplasmic sperm injection (ICSI)

Intracytoplasmic sperm injection (ICSlI) is a technique in IVF used to treat couples

with male-factor infertility [145]. In contrast to conventional IVF where fertilisation
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occurs by placing spermatozoa near an egg, ICSI consists of the direct injection
of a selected single sperm cell into the egg. This manipulation may introduce
additional risk factors [146]. To assess the effect of ICSI on the 46 FDR 25%
WBC IVF-DMRs we adjusted for the use of this technology and also compared
the ICSI and the conventional IVF groups separately against the non-IVF group.
After adjustment for ICSI, p-values increased at several FDR 25% IVF-DMRs
(Table 4-5), suggesting that ICSI or paternal infertility might have a role in these
methylation changes. One FDR 25% IVF-DMR signal (chr1:85,522,251-
85,522,750) appeared stronger after adjustment, suggesting either a female
infertility effect or that ICSI prevents or corrects a methylation change that occurs
in conventional IVF. This DMR was located upstream of WDR63, a gene mainly

expressed in testis, fallopian tube, and adrenal gland [147].
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Table 4-5. Effect of intracytoplasmic sperm injection on the FDR 25% WBC IVF-DMRs

IVF (n=40) vs non-IVF (n=58)

IVF (n=34) vs non-IVF (n=58)

conventional IVF (n=16) vs non-IVF

ICSI (n=18) vs non-IVF (n=58)

adjusted for ICSI (n=58)

Chromosome Start End Estimate  SE p Estimate = SE p Estimate SE p Estimate = SE p
chr2 217726751 217727250 1.18 0.19 2.30E-09 1.45 0.26 7.71E-08 -1.42 0.26 7.44E-08 -1.16 0.27 1.29E-05
chr5 178761751 178762250 -1.08 0.2 5.43E-08 -1.09 0.29 8.23E-05 0.87 0.30 1.89E-03 1.1 0.27 2.52E-05
chr9 97504001 97504500 1.07 0.2 5.83E-08 0.77 0.27 2.77E-03 -0.88 0.31 2.67E-03 -1.30 0.25 1.95E-07
chr5 9275751 9276250 1.09 0.19 5.86E-08 1.17 0.27 1.04E-05 -1.13 0.29 6.50E-05 -1.13 0.27 2.75E-05
chr4 184814001 184814500 -0.96 0.18 7.95E-08 -0.97 0.24 3.94E-05 0.94 0.26 1.37E-04 1.15 0.23  8.35E-07
chr5 142488501 142489000 -1.11 0.2 8.73E-08 -1.1 0.28 7.60E-05 1.25 0.31 5.16E-05 1.08 0.28 7.10E-05
chr9 118148751 118149250 1.09 0.2 9.20E-08 1.35 0.28 1.28E-06 -1.30 0.29 8.90E-06 -1.02 0.28 1.68E-04
chr9 118149001 118149500 1.08 0.2 1.04E-07 1.31 0.28 2.22E-06 -1.23 0.29 2.00E-05 -1.05 0.29 1.69E-04
chr11 82654251 82654750 -1.05 0.19 1.30E-07 -0.97 0.29 4.68E-04 0.95 0.31 1.53E-03 0.88 0.27 5.94E-04
chr19 6165251 6165750 0.94 0.18 1.40E-07 0.89 0.25 1.90E-04 -0.88 0.28 9.35E-04 -1.02 0.23  7.36E-06
chr1 85522251 85522750 0.99 0.18 1.43E-07 1.54 0.25 4.48E-09 -1.53 0.25 7.41E-09 -0.80 0.28 2.32E-03
chr17 42569001 42569500 -1.07 0.19 1.64E-07 -1.25 0.27 2.21E-06 1.30 0.28 3.81E-06 1.21 0.26 2.44E-06
chr4 141606501 141607000 1.09 0.19 2.03E-07 1.26 0.26 3.56E-06 -1.33 0.30 1.05E-05 -1.13 0.26  1.83E-05
chrb 137736001 137736500 -1.03 0.19 2.06E-07 -1.11 0.28 4.12E-05 1.13 0.30 1.39E-04 1.10 0.27 3.78E-05
chrb 150614501 150615000 -1.08 0.21  2.14E-07 -1.2 0.29 2.80E-05 1.24 0.31 3.18E-05 1.07 0.29 1.21E-04
chr17 36918251 36918750 -1.1 0.21  2.32E-07 -0.96 0.29 6.01E-04 1.05 0.31 4.88E-04 1.03 0.28 1.83E-04
chr6 126138251 126138750 -0.99 0.19 2.36E-07 -0.75 0.27 3.29E-03 0.79 0.30 4.92E-03 1.22 0.25 8.94E-07
chr7 144431251 144431750 1.02 0.19 2.70E-07 0.84 0.28 1.30E-03 -0.85 0.28 1.48E-03 -1.17 0.27 1.77E-05
chr12 70937251 70937750 0.88 0.17 2.76E-07 0.72 0.23 1.12E-03 -0.87 0.26 5.26E-04 -0.94 0.20 3.10E-06
chr4 141606251 141606750 1.01 0.19 2.80E-07 1.16 0.26 8.05E-06 -1.31 0.29 6.93E-06 -1.04 0.25 2.14E-05
chr13 90019001 90019500 1.06 0.2 2.84E-07 1.25 0.29 8.88E-06 -1.36 0.30 5.09E-06 -0.84 0.29 2.20E-03
chr11 74179001 74179500 1.07 0.2 2.92E-07 1.3 0.29 7.25E-06 -1.37 0.29 3.15E-06 -1.06 0.29 1.76E-04
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4.3.6 Validation of IVF-DMRs

We pursued validation of the differential methylation signals at the top associated
DMR (located ~3kb upstream of TNP17) and at the third-ranked DMR (located in
C9orf3), both in or near genes previously linked to infertility. Altogether, four CpG
sites were targeted for validation using Sequenom’s EpiTYPER technology.

For the DMR in C90rf3, we were able to target two CpG sites within the
most-associated 500bp bin in this locus (Figure 4-7). We assayed methylation
levels in 36 MZ twins included in the discovery EWAS, and observed significantly
higher methylation in the IVF group, concordant with the MeDIP-seq analysis, at
both tested CpG-sites in the C9orf3 locus (P=0.02 and P=0.03 respectively),
therefore validating this signal using a different methylation profiling approach
(Figure 4-8).

For the TNP1 DMR we were unable to target CpGs within the most
associated 500bp bin, and we therefore selected two of the closest CpG sites
contained within the second most associated DMR in that locus (Figure 4-7).
Within the sample of 36 MZ twins we also observed higher methylation in the IVF
group, consistent with the MeDIP-seq signal, with effects close to nominal
significance (P=0.08) (Figure 4-8). However, correlation between the MeDIP-seq
signal at the most-associated DMR in TNP1 and the EpiTYPER methylation
values was, as expected, relatively low as we were unable to target CpG sites
within this most-associated DMR (correlation of 0.18 and 0 at the two tested
CpG-sites). We profiled additional samples from DZ twin pairs, but did not obtain

validation of the signal.
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Figure 4-7. CpG sites targeted for validation. Top panel shows EWAS signals
neighbouring the most associated DMR located near TNP1 (a) and C9orf3 (b) genes.
Bottom panel shows the corresponding 500bp bins tested during EWAS, the CpG sites

contained in those regions, and the targeted region for PCR.
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Figure 4-8. IVF vs non-IVF DNA methylation differences using Sequenom'’s

EpiTYPER technology. Horizontal lines show the group median.

We also considered the effect of ICSI compared to conventional IVF in MZ
twins in the validation dataset. We observed significantly higher methylation in
the ICSI group at the first CpG of the targeted region near TNP1 and at the first

CpG site of C90rf3 (Figure 4-9).
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Figure 4-9. ICSI vs conventional IVF DNA methylation differences using

Sequenom’s EpiTYPER technology. Horizontal lines show the group median.

Lastly, we also compared methylation in relation to conception method at
the H19 CTCF6 DMR in a reduced subset of CBMCs samples (n=42 twins) using
EpiTYPER. When comparing IVF to non-IVF twins (Figure 4-10) we observed a
difference with the same direction of effect as in the MeDIP-seq analysis,

although not significant (P=0.19). Interestingly, when comparing naturally-
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conceived twins to twins that were conceived with any type of medical help
(Figure 4-10), i.e. not exclusively IVF, the difference reached nominal significance
(P=0.04), suggesting that differential methylation at this region is associated to

parental subfertility rather than IVF conception.
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Figure 4-10. H19 CTCF6 IVF-DMR replication using Sequenom’s EpiTYPER
technology. Boxplot of the methylation values at the sixth CTCF binding site within the
H19 DMR (H19 CTCF6) comparing IVF vs non-IVF newborns (left) and the group using

any type of medical help vs naturally conceived newborns (right).
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Figure 4-11. Power estimation. Based on simulations by Tsai & Bell (2015) for a
sample size of 50 pairs of cases and controls at a genome-wide significance threshold

of 1 x 106,

4.4 Discussion

Since IVF procedures are carried out during an important period of
epigenetic reprogramming in early development, we hypothesized that IVF may
induce epigenetic differences that persist to birth. We were able to identify
significant and suggestive differentially methylated regions related to IVF
conception (IVF-DMRs) in WBCs, although our results suggest that at least some
of these changes may be linked to parental subfertility, which is confounded with

IVF treatment. For this reason, even though we observed some small differences
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in DNA methylation, we were unable to prove that they have a relationship with
IVF itself. The observation that IVF-DMRs were identified close to genes
implicated in fertility and reproduction suggests that a genetic signature
influencing DNA methylation could be transmitted from parent to offspring. To
assess this further, we estimated the heritability of the IVF-DMRs. We observed
that the IVF-DMR located in C90rf3, a gene associated with polycystic ovary
syndrome, was estimated to have a heritability at 25% and eight other FDR 25%
WBC IVF-DMRs showed heritability greater than this (

Figure 4-5).

The results presented in this study could be explained by different
scenarios i) IVF is not associated with changes in DNA methylation and any
differences observed are only due to parental subfertility ii) IVF is in fact the
cause of the methylation changes, the changes at fertility genes were found by
chance and have no relationship with the fertility status of the parents iii) both
parental subfertility and IVF are associated with changes in DNA methylation.
The first scenario can be tested by comparing the methylation profiles of subjects
born to subfertile couples after IVF with subjects conceived by IVF from gametes
of fertile donors. To test the second scenario, it would be necessary to compare
profiles of non-IVF subjects born to fertile parents with subjects conceived by IVF
from gametes of fertile donors. The third scenario would be proved if differences
are observed in both comparisons.

Epigenetic states of metastable epialleles in mammals are mitotically
inherited after establishment in early development, therefore shared across
tissues, and can cause expression variability within isogenic individuals [148]. A
study in humans looking for systematic inter-individual variation in DNA

methylation across tissues from two different lineages identified 109 candidate
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metastable epialleles [143]. Nutritional conditions during conception have been
shown to be important to the establishment of epigenetic states at some of these
metastable epialleles [56]. If an influence of IVF on the epigenetic marks of these
alleles exists, it could potentially cause lifetime lasting effects. A previous study,
which included newborns from single and multiple pregnancies, identified DNA
methylation differences in IVF-conception at candidate metastable epialleles,
although at different epialleles to those affected by maternal nutritional factors
[129]. In our study, none of the 109 candidate metastable epialleles overlapped
with the 46 FDR 25% WBC IVF-DMRs. This discrepancy could be attributed to
differences between single and multiple pregnancies or to low power to detect
such changes.

Our results also showed that IVF-DMRSs, including hypomethylation of the
regulatory region of H19, were generally not shared between WBCs and CBMCs.
This observation suggests that the epigenetic differences reported here likely did
not appear during early development or that these effects are not fixed and can
revert in a cell type-specific manner. CBMCs, in contrast to WBCs, lack the
granulocyte fraction, which is the predominant group of cells in the blood. Thus,
the IVF-DMRs may be granulocyte-specific or at least in part influenced by this
group of cells.

To date, there has been mixed evidence on the effect of IVF at imprinted
genes and their regulatory regions. Some studies have reported DNA
methylation changes or increased variability at these imprinted regions [80, 124,
125], while others have reported no associated changes [126, 149]. We observed
that there is not an overall destabilization of methylation patterns in ICRs, but
specific DMRs, such as the H719 DMR, can show a weak but nominally significant

association with the method of conception. Previous studies have reported
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similar observations, that is, changes in methylation at some imprinted regions,
but not in the majority [126, 129]. It is unknown if these changes occur due to IVF
since imprinting defects have been previously described in sperm of infertile men,
including hypomethylation of the H19 CTCF6 DMR [150]. Loke et al., 2015,
reported that hypomethylation at this locus in buccal epithelium of newborns in
the IVF group was driven by the subgroup conceived by ICSI [80]. However, it is
difficult to dissect whether the observed effect on DNA methylation of ICSI-
conceived newborns is due to the technique itself or to male infertility. Whitelaw
et al., 2014, found higher levels of SNRPN methylation in buccal cells of ICSI-
conceived newborns and these were associated with longer duration of infertility
in the parents [151]. In our data, we observed that the difference at the H19
CTCF6 DMR was greater when considering any type of medical help during
conception supporting the idea that parental subfertility is the driver of
methylation changes at this region. Information about the indication for ART, the
use of donor eggs or sperm, and the fertility status of parents in the control group
would be required to further assess the effect of parental subfertility.

Adverse perinatal outcomes and increased frequency of imprinting
disorders has also been observed in offspring of couples with a history of
subfertility that were able to conceive naturally [152—154]. However, studies that
controlled for parental subfertility by comparing siblings in which one was
conceived naturally and the other by IVF also observed an effect [155]. It is
therefore likely that both parental subfertility and IVF may induce epigenetic
changes, as observed in another genome-wide study that found DNA
methylation differences between |VF-conceived newborns and a group
conceived through intrauterine insemination (infertile controls), but also between

the latter and naturally-conceived newborns (fertile controls) [129]. In addition, a
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study looking at 37 candidate CpG sites identified seven that were differentially
methylated when comparing an IVF-conceived group born to parents without
male infertility that used donor oocytes to naturally-conceived newborns [156].

Finally, two IVF-DMRs associated to infertility (TNP1 and C90rf3) were
targeted for validation. Differential methylation was validated at the C90rf3 gene.
However, validation of the TNP1 region was hampered by our inability to target
CpG-sites within the most-associated DMR in this locus. We attempted validation
at TNP1 by targeting CpG sites in the neighbouring 500bp bin, and observed
consistent direction of association close to nominal significance.

In this study the non-IVF group included a set of twins conceived after
GIFT and another set conceived after ovarian stimulation not followed by IVF.
GIFT and ovarian stimulation are fertility treatments not equivalent to IVF since
fertilisation still occurs in the fallopian tubes. We showed that our results were
not affected by the inclusion of these data, potentially because they were
represented in small numbers, only four out 58 samples.

There are several limitations in this study. Firstly, it is known that cell
composition may represent a confounding variable in EWAS [157]. Our results
use principal component analysis anticipating that these will capture cell
heterogeneity, and follow-up of our findings in a subset of twins with available
cell counts showed that the majority of findings remained significant after
adjustment for cell heterogeneity. Second, although MeDIP-seq has the strength
of genome-wide coverage, it lacks base-pair resolution, instead generating
methylation scores across genomic regions. However, it has been reported that
methylation of neighbouring CpG sites is correlated over distances up to 1,000
bp [158], suggesting that the approach may be able to capture a good proportion

of the methylation variance in a genomic region. Third, although this study
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includes a sample size larger than most previous studies exploring IVF,
contemporary EWAS study designs generally require larger number of cases and
controls to achieve sufficient power to detect small to moderate effect sizes [68,
159]. As shown in Figure 4-11, our sample size of approximately 50 cases and
50 controls allows us to detect changes in mean methylation of 15% with a power
of 50%. For changes in mean methylation below 10% our study was totally
underpowered. Lastly, our approach cannot conclusively determine the cause of
the observed IVF-associated methylation changes. Future studies of IVF-
associated regions in animal models, where genetic differences and infertility
diseases can be discarded, could help identify if these changes were caused by
IVF itself.

In conclusion, we observed evidence for differences in DNA methylation
between IVF and non-IVF twins on a genome-wide scale. A strength of this study
design is that it allowed us to also estimate the contribution of genetic and
environmental factors towards DNA methylation levels at the IVF-associated loci.
The inclusion of only twin pregnancies also avoided biases present in studies
that consider single and multiple pregnancies together. Multiple pregnancies are
more common after IVF. Therefore, the differences observed when studying
singleton and twin births together may be confounded with the higher risks of
adverse perinatal outcomes in multiple pregnancy births, rather than IVF itself.
Nevertheless, we were unable to dissect whether methylation changes were
likely caused by IVF, or were due to the underlying parental subfertility, or other
factors. These scenarios require further study exploring the stability of these
DMRs over time, their relationship with gene expression, and their potential role

in health and disease.
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5. DNA methylation changes associated with menopause
related traits

5.1 Introduction

Menopause represents the end of the natural reproductive period in women. The
timing of this trait, which ranges between 40 and 58 years of age with an average
of 51 [160], has been associated with different health outcomes. Early
menopause has been associated with lower bone mineral density [161], while a
late onset has been associated with increased risk for breast cancer [162]. It is
hypothesized that the biological mechanisms behind the associations of
osteoporosis and breast cancer with age at menopause are related to estrogen
levels [163]. Osteoporosis has been found associated with estrogen deficiencies
[164], while breast cancer with higher estrogen exposure [165].

Genetic factors and lifestyle influence the timing of menopause. A twin
study estimated a heritability of 63% for age at menopause [166] and genome-
wide association studies have identified genetic variants that explain a fraction
of this heritability. Stolk ef al. (2009) identified three loci associated with age at
natural menopause using 2,979 European women [167] and He et al. (2009)
identified four loci (two of them also identified by Stolk ef al.) using 9,112 women
of European ancestry [168]. Two of these loci, BRSK1/TMEM150B and MCMS,
were then replicated in Hispanic women (n=3,468) [169]. A larger effort using
38,968 women of European ancestry identified four out of the five previously
reported loci and another 13 loci associated with age at menopause (Table 5-1)
[170]. In replication cohorts, these 17 regions explained from 2.5 to 4.1% of the
observed variance in age at natural menopause [170]. The loci associated with
age at menopause in women of European ancestry appear to be also relevant

for women of other ethnic backgrounds. A study conducted in 6,510 women of
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African ancestry replicated six of the loci identified previously in women of
European ancestry [171], and did not identify novel associations. In a Chinese
sample of 3,533 women, associations of eight SNPs from studies in women of
European ancestry were also replicated [172].

Table 5-1. Genome-wide significant SNPs associated with age at menopause in
the largest meta-analysis with women of European ancestry (n=38,968)

SNP Minor/Major allele  MAF  Effect per minor allele (years) Gene
rs4246511 T/C 0.271 0.289 RHBDL 2%
rs1635501 CIT 0.478 -0.188 EXO1
rs2303369 T/IC 0.388 -0.174 FNDC4
rs10183486 T/IC 0.366 -0.219 TLK1
rs4693089 G/A 0.486 0.209 HELQ
rs890835 A/IC 0.112 0.266 RNF44
rs365132 TIG 0.49 0.275 UIMC1acd
rs2153157 AIG 0.492 0.184 SYCP2L®
rs1046089 AIG 0.353 -0.226 BAT2
rs2517388 GIT 0.174 0.274 ASH2L4
rs2277339 GIT 0.102 -0.394 PRIM1¢
rs3736830 G/C 0.157 -0.243 KPNA3
rs4886238 AIG 0.334 0.172 TDRD3
rs2307449 GIT 0.405 -0.167 POLG?
rs11668344 G/A 0.363 -0.416 TMEM150B2P¢9
rs12461110 AIG 0.356 -0.174 NLRP114
rs16991615 AIG 0.069 0.971 MCMgabe

@Loci identified by previous smaller studies in women of European ancestry
bLoci replicated in Hispanic women

°Loci replicated in African-American women

9L_oci replicated in Chinese women

Despite the shared genetic architecture of age at menopause across
different ethnic groups, it has been suggested that ethnicity is an influencing
factor in the timing of natural menopause. The Multiethnic Cohort Study in the

United States found that, compared to Caucasian, menopause occurs earlier
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among Latinas and Native Hawai'ians and later among Japanese Americans
[160]. No significant differences were observed between Caucasians and African
Americans. Other factors that have also been found to be associated with age at
menopause are smoking, age at menarche, parity, and body mass index (BMI).
Ex-smokers at age 45 and current smokers at age 45 showed an earlier
menopause than non-smokers. Greater age at menarche and greater number of
births were seen in women with later age at menarche, and lower BM| was
associated with earlier age at menopause [160].

Furthermore, it has been suggested that there may be a secular trend of
later age at menopause. A study including women from the population of
Gothenburg, Sweden born in 1908, 1914, 1918, 1922, and 1930, suggested and
upward trend in the mean age at menopause of 0.1 years per birth year [173].
Another study also observed an increase in the age at menopause looking at 5-
year birth cohorts between 1915 and 1939. The mean age at menopause in each
cohort was 49.1, 49.5, 50.1, 50.1, and 50.5, respectively [174].

Since DNA methylation profiles can be influenced by genetic variation,
external environment, and intrinsic factors, we hypothesized that DNA
methylation changes may also be associated with age at menopause or the
menopausal transition. Several lines of evidence suggest that DNA methylation
changes may occur with menopause. First, DNA methylation is under genetic
control, and as such it may be one process mediating the effects of genetic
variants identified through GWAS to be associated with age at menopause.
Second, DNA methylation has been associated with a number of environmental
factors, including smoking [49, 50] and BMI [175], which are both also known to
associate with age at menopause. Third, menopause changes the intrinsic

organismal environment, specifically circulating hormones [176], which may
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impact the level of DNA methylation in blood cell subtypes. Whether DNA
methylation changes contribute towards menopause, or whether they are
markers of menopause, their identification is of interest both in terms of improving
our understanding of the biological mechanisms involved in or with respect to
prediction.

Here we set out to identify DNA methylation variation associated with
menopause and related traits. We used whole blood DNA methylation profiles
characterized with the Infinium HumanMethylation450 Beadchip to conduct
epigenome-wide association scans (EWAS) of self-reported age at menopause,
early vs late menopause onset, menopausal status, reproductive period (as an
indicator of lifetime exposure to endogenous estrogens), and current use of
hormone replacement therapy (as an exogenous source of estrogens). We then

meta-analyzed EWAS results from five European cohorts.

5.2 Materials and methods

5.2.1 Subjects and phenotype collection

The study was conducted with data from six different cohort members of
CHARGE consortium. These included the UK Adult Twin Registry (TwinsUK),
the European Prospective Investigation of Cancer (EPIC)-Norfolk, the Avon
Longitudinal Study of Parents and Children (ALSPAC), the Cooperative Health
Research in the Augsburg Region (KORA), the Rotterdam Study (RS), and the
Framingham Heart Study (FHS). All but the FHS cohort were European-based.
Further cohort descriptions are provided in Chapter 2.

Five phenotypes related to menopause were explored in this study. These

were defined as indicated below:

91



. Continuous age at natural menopause (ANM) — self-reported age at last

menstrual period in women who are reportedly postmenopausal or have
not had a menstrual period in the last 12 months.

Duration of reproductive years — the continuous length of time between
menarche, defined as the self-reported age at first menstrual period, and
menopause, as defined in 1 above.

Early vs late menopause — subject were classified into two groups,
where those who underwent early menopause were defined as individuals
with age at natural menopause between 40-44.99 years, and those in the
late menopause category were defined as subjects with age at

menopause between 55-60 years.

. Menopausal status at time of DNA sampling— subjects were classified

into two groups, where the first group were premenopausal women who
have not yet undergone menopause. The second group included
peri/postmenopausal women, where perimenopausal was defined as < 2
years since last menstrual period, and postmenopausal being > 2 years
since last menstrual period.

Hormone Replacement Therapy (HRT) use - was explored in
postmenopausal women only and these were classified in two groups.
The first group included postmenopausal women on self-reported HRT at
time of DNA sampling, and the second group included postmenopausal

HRT non-users.

In all cohorts we also excluded subjects according to the following criteria:

1.

2.

Individuals with age at menopause < 40 years or > 60 years

Individuals with medically (treatment or surgically) induced menopause
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3. Individuals using HRT before menopause

4. Individuals with age at menarche < 8 years or > 18 years

Phenotype data were obtained from self-reported questionnaires in each
cohort, and quality control checks at the phenotype level data were performed
within cohorts by each lead cohort analyst in the CHARGE consortium according
to phenotype definitions provided by us.

Since these variables had not been explored before in the TwinsUK
sample with DNA methylation data, | went through multiple longitudinal electronic
records collected between 1992 and 2013 to determine age at menarche, age at
menopause, menopausal status at DNA sampling, and HRT use onset. When
possible, age at menopause was verified against longitudinal records of
menstrual periods and menopausal status. It was verified that no menstrual
period was recorded after the self-reported age at menopause and that the
participant consistently reported a premenopausal status or postmenopausal
status before and after, respectively, the self-reported age at menopause.

The final number of participants per cohort and per phenotype used in

downstream analyses is shown in Table 5-2.

Table 5-2. Total number of participants per cohort

Duration of
Age at Early vs late Menopausal HRT

Cohorts reproductive
menopause menopause status use

period
Discovery

TwinsUK 269 225 - 319 171
EPIC-Norfolk 306 420 75 546 348
ALSPAC 65 65 - 514 577
KORA 517 517 340 761 517
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RS 209 201 59 393 -

Total 1,366 1,428 474 2,533 1613
Replication
FHS 963 899 160 - 938

5.2.2 DNA methylation data

DNA was extracted from whole blood samples. Genome-wide methylation data
was obtained with the Infinium HumanMethylation450 BeadChip. Intensity
signals were background corrected and normalized before the estimation of DNA
methylation levels. DNA methylation levels were expressed as beta-values (ratio
of the methylated probe intensity signal over the sum of the methylated and
unmethylated probe intensity signals). Probes with detection p-value > 0.01 in
more than 5% of the samples and samples with > 5% of probes with detection p-
values > 0.01 were excluded from the analysis. Additional probe filtering included
exclusion of probes that map to multiple regions of the in silico bisulfite converted
human genome allowing up to two mismatches at any position and exclusion of
probes that target a polymorphic CpG site, including the extension base in Type
| probes, with a minor allele frequency > 5% in the UK10K haplotype reference
panel [99]. DNA methylation data were also used to estimate blood cell
proportions (CD4* T cells, CD8" T cells, B cells, natural killers, monocytes, and

granulocytes) [177] within each cohort.

5.2.3 Statistical analyses in TwinsUK data

The observed variance in age at menopause was partitioned into additive genetic
(A), common environmental (C), and unique environmental (E) factors using the
ACE model [105]. The model was fitted using the OpenMX statistical package
[106] in R [107].
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5.2.4 meQTLs analysis

Previously reported GWAS hits for age at menopause (Table 5-1) were searched

against the meQTLs identified in Chapter 3 of this thesis.

5.2.5 EWAS

EWAS were performed within each cohort and results were meta-analyzed
across cohorts. EWAS within cohort were performed by the lead-analyst
representing the cohort in the CHARGE epigenetics working group consortium.
The lead analysts were Carola Marzi (KORA), Michael Mendelson (FHS), Alexia
Cardona (EPIC-Norfolk), Cindy Boer (Rotterdam Study), and myself (TwinsUK).

| provided the EWAS pipeline for this analysis with inputs from Dr. Ken Ong
(University of Cambridge), Dr. Cathy Elks (University of Cambridge), Dr. Michael
Mendelson (Framingham Heart Study), and Dr. Jordana Bell (King’s College
London). Briefly, the EWAS pipeline first outlines data quality control steps and
probe exclusion criteria as outlined in section 5.2.2 above. Following quality
control, DNA methylation beta-values at each CpG-site were transformed to
standard normal form N(0O,1) prior to analysis. Linear mixed models were used to
test the association between DNA methylation and each phenotype. Methylation
was used as the response variable and phenotype, technical covariates,
biological covariates, and family structure, if appropriate, were used as
predictors. Technical covariates (plate and position in the plate) were included
as random effects. Family structure was also included as random effects in
studies with family cohort designs, in this case TwinsUK and FHS. Biological
covariates such as age, smoking status (current, never, or former) at the time of
blood collection, and estimated whole blood cell proportions (CD4* T cells, CD8*
T cells, B cells, natural killers, monocytes, and granulocytes) were included in

the model as fixed effects.
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5.2.6 Meta-analysis

Following individual-cohort EWAS analysis, the results were uploaded to a web-
based file-sharing system and | performed the meta-analysis. Individual-cohort
results were checked in terms of correlation between reported p-values and
expected p-values, skewness and kurtosis of the estimates, distribution of p-
values, and genomic inflation factor. Manhattan plots per cohort are shown in
Annex IV-VIIl. An inverse variance-weighted random-effects meta-analysis
implemented with GWAMA [178] was performed with statistics from the five

European cohorts.

5.3 Results

5.3.1 Age at menopause is a heritable trait

Using a sample of 582 twins from TwinsUK (291 MZ and 29 DZ twin pairs) we
partitioned the variance in age at menopause into additive genetic, common
environmental, and unique environmental factors using the ACE model in
OpenMX [106]. We estimated that the additive genetic component accounted for
53% of the observed variance, while the rest was attributed to unique

environmental factors.

5.3.2 Age at menopause is associated with smoking status

It is known that tobacco smoking and BMI are associated with DNA methylation
at multiple loci in the genome [49, 175, 179]. Associations of smoking and BMI
with age at menopause have also been reported [160]. Given that smoking or
BMI may confound the association between DNA methylation and age at
menopause, we investigated in TwinsUK data if that association was observed.

We did observe a significant association (P=0.015) between smoking and age at
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menopause in a sample of 582 twins (Figure 5-1). Length of reproductive period
and use of HRT were not significantly associated with smoking (p>0.05), and no
significant association was observed between age at menopause, length of

reproductive period, or use of HRT with BMI (p>0.05).
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Figure 5-1. Age at menopause is associated with smoking status. Boxplot showing

age at menopause in non-smokers, ex-smokers, and smokers (n=582).

5.3.3 GWAS hits for age at menopause are meQTLs

The lead SNP at each of the 17 loci identified through GWAS to be associated
with age at menopause (Table 5-1) were searched against the list of cis meQTLs
and trans meQTLs generated in Chapter 3 and in a database of meQTLs
generated with a greater sample size [95]. In total, | found evidence of meQTL
effects, either in cis or trans, for 13 out of the 17 SNPs (Table 5-3).

Table 5-3. GWAS hits for age at menopause and influenced CpG sites

SNP CpG sites CpG site Genes
rs1635501 cg04706276; cg16121177; cg13345151; cg03450102; EXO1
cg08574246

97



rs3736830
rs4886238
rs2307449

cg20399252; cg20826914; cg04663916; cg13070676

cg16113134;

cg01612771

cg01877814; cg24365117; cg27640114; cg18831671;

cg02557652

rs11668344 cg16555964;

rs10183486 cg07673935;
cg14021192; cg12648201; cg21248554; cg12000995;
cg15118510; cg04845466; cg05102552; cg26034919;

rs2303369

rs4693089
rs365132

rs2153157
rs1046089

rs2277339

cg24768116;
cg13211152;
cg01969012;
cg20744217;
cg13524797
cg17809377;
cg14100313
€g23049448;
cg17006042;
€g25769566;
cg13740929;
cg18264486;
cg07455790;
cg02304584;
cg11540476;
cg17552909;
cg17862947;
€g22322277,;
cg07575812;
cg19589727,;

cg11592377;

rs16991615 ¢g23629183;

cg14496450; cg26104073

cg08741063

cg05696406; cg17158414;
cg11618577; cg20102877;
cg10337841; cg07881013;
€g22608170; cg03929741;

cg06783121; cg06882562;
cg13798109; cg17143007
cg09105523; cg08480294
€g20794828; cg03144490;
cg04835051; cg00586094;
cg07845406; cg06460587;
cg04736217; cg19563932;
cg14110444; cg17731470;
€g13892322; cg05182583;
cg09993780; cg26821115;
cg18808760; cg01620082;
cg01255021; cg17841099;
cg02753903; cg06099246;
cg18651192; cg04788957;
cg00943909

€g26545245
€g23636682

cg05484376;
€g26350635;
cg04015759;
cg18886436

cg08690709;

€g24239961;
cg17494781;
€g22318514;
€g24208375;
cg18576957;
cg05857999;
cg08624648;
cg06606381;
cg00624589;
€g23331010;
cg15007120;

EBPL

POLG; FANCI;
ABHD2
TMEM150B;
HRNBP3;

TLK1

PPM1G; FTHL3;
KRTCAPS3; IFT172;
NRBP1; SNX17;
FNDC4; MRPL33;
CORO1B; MAPK4;
EFNB2; ZNF385A
AGPAT9

HK3; UIMC1

SYCP2L

BAT3; LY6G6C;
CSNK2B; LY6G5B;
HSPA1B; LSM2;
HSPA1A; HSPA1L;
LY6GS5C; C6orf48;
SNORDS52; BAT2;
Cé6orf25; CLIC1;
AIF1; FBRSL1;
SLC39A1;
CREB3L4,; RYR1;
STG3GAL6;
SH3PXD2A;
FLJ25363; GNAS;
PRIM1

MINA; FBX0O22

5.3.4 Differentially methylated positions associated with current HRT use
in five European cohorts

Meta-analysis of the five European cohorts in the discovery set (TwinsUK, EPIC-

Norfolk, ALSPAC, KORA, and Rotterdam Study) did not show any genome-wide

significant differentially methylated position (DMP) for age at menopause,
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duration of reproductive period, early vs late menopause, or menopausal status
(data not shown).

The meta-analysis for use of HRT identified seven genome-wide
significant DMPs at a false discovery rate (FDR) of 5% (Figure 5-2, Figure 5-3,

Table 5-4). Funnel plots for the seven DMPs are shown in Annex IX.
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Figure 5-2. HRT use meta-analysis EWAS Q-Q plot. Methylation levels at 441,568
CpG sites were tested for an association with current use of HRT. Results are based on

analysis of 1,613 samples from four cohorts.
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Figure 5-3. HRT use EWAS Manhattan plot. At a false discovery rate (FDR) of 5%, seven CpG sites were identified as HRT-associated DRMs.

Table 5-4. HRT-associated DMPs

CpG site beta se p i2 n Effects Chr Position Gene Location CpG island
cg14151616 -0.007 0.001 6.00E-10 O 1,096 ---? 19 10,426,492 FDX1L Body Island
cg08589960 -0.041 0.007 8.16E-09 O 1,096 —+? 16 83,986,755 OSGIN1 TSS200;5'UTR;Body  Open sea
cg13802192 -0.006 0.001 5.58E-08 O 1,612 -—+- 22 46,692,554 GTSE1 TSS200 Island
cg10876076 -0.012 0.002 7.32E-08 O 1,613 - 7 37,960,873 EPDR1 Body Island
cg21532731 -0.014 0.003 1.95E-07 O 1,096 --? 13 99,305,879 - NA Open sea
cg07748883 0.028 0.006 4.30E-07 O 1,613 +-—+ 18 34,914,606 BRUNOLA4 Body N_Shelf
cg04523731 0.014 0.003 8.23E-07 O 1,613 ++++ 3 185,212,897 TMEM41A Body N_Shelf
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We then looked for evidence of genetic influence on the methylation levels of
the identified HRT-associated DMPs using the estimates presented in Chapter 3
of this thesis. Only cg04523731 showed evidence of very low heritability and of

being affected by genetic variants (Table 5-5).

Table 5-5. Genetic influences on HRT-associated DMPs

CpG site Heritability meQTL
cg14151616 0.00 -
cg08589960 0.00 -
cg13802192 0.00 -
cg10876076 0.00 -
€g21532731 0.00 -
cg07748883 0.00 -
cg04523731 0.04 rs7619196

We attempted replication of the seven HRT-associated DMPs with data from
the Framingham Heart Study (FHS), an American cohort of mostly European
ancestry. We did not observe significant differences at any of the HRT-

associated DMPs in the replication cohort Table 5-6.

Table 5-6. Replication of HRT-associated DMPs
CpG site beta se t-statistic p n

cg14151616 0.000 0.001  -0.202 0.840 938
cg08589960 0.000 0.001 0.238 0.812 938
cg13802192 0.001 0.001 0.748 0.455 938
cg10876076 0.002 0.001 1.803 0.072 938
cg21532731 0.000 0.001 0.193 0.847 938
cg07748883 0.002 0.004 0.571 0.569 938
cg04523731 0.002 0.003 0.788 0.431 938
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5.4 Discussion

Given that age at menopause is a highly heritable trait and at least 17 loci have
been associated with age at menopause through GWAS [170], we hypothesized
that the biological mechanisms of some of these genetic variants influencing the
timing of menopause may be mediated by DNA methylation. Out of the 17 GWAS
loci associated with age at menopause, 13 were meQTLs with cis or frans effects.
The target CpG sites of these meQTLs were located in genes such as EBPL,
gene potentially involved in steroid biosynthesis [159], ABHD2 and AGPATY,
genes also associated with obesity-related traits [180], and PPM1G, gene also
associated with hypertriglyceridemia [181]. This observation suggest that lipid
metabolism is an important component of age at menopause. Whether DNA
methylation plays a functional role in age at menopause through lipid metabolism
is still unknown and should be explored further.

The evidence from multiple European cohorts did not support our hypothesis.
The EWAS approach did not identify any genome-wide significant DMP
associated with age at menopause in blood using a sample size of 1,366
suggesting that either timing of menopause is not mediated by DNA methylation,
or that the effects are not observed in blood, or that our study did not have
enough power to detect the differences in DNA methylation. Similarly, we were
not able to identify differential methylation associated with extreme ages at
natural menopause (early vs late), duration of the reproductive period, or
menopausal status. Having in mind that blood may not be the most relevant
tissue to look at changes associated with menopause, we could test the
hypothesis that other tissues more relevant to the metabolic changes observed
during and after menopause, such as adipose or bone tissue, show DNA

methylation changes even though these are not observed in blood. | will follow
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up this study on adipose tissue considering that sample availability will not be as
high as it was with blood. In this new scenario sample size will limit our power to
detect methylation changes, however we expect these changes to be large
enough to be identified.

Unlike the rest of the studied phenotypes, HRT-use showed association with
DNA methylation levels in blood. However, these changes were observed in the
European discovery set, but not in the American replication cohort. It is important
to highlight that there are different types of HRT and the lack of replication could
indicate a difference in the type of HRT prescribed in Europe and the United
States. We also did not observe strong genetic influences on the methylation
levels of HRT-associated DMPs, suggesting that these differences might be
induced by the use of HRT and are not confounded by genetics.

HRT is used to treat the deficiency of estrogen, which is common in
postmenopausal women. Estrogens are known to play a role in reproductive
function, but are not limited to it; they also have neuroprotective, antithrombotic,
and lipid lowering effects [182]. Studies looking at the effects of HRT are
inconclusive, but have suggested a protective role against osteoarthritis [183],
cognitive decline [184], and muscle weakness [185]. However, other studies
have associated the use of HRT with the late onset of diseases such as asthma
[186]. One study has looked for differences in DNA methylation and gene
expression in blood of MZ twins discordant for HRT use and identified changes
in both methylation and expression at five genes, all of which have been
previously implicated with bone mineral content or body adiposity [187]. None of
the HRT-associated DMPs identified in this chapter overlapped with those
identified in discordant MZ twins, however the metabolic changes due to

estrogens are vastly and better characterization of HRT prescriptions are needed
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to better assess their effects. DNA methylation levels in whole blood cells might
be susceptible to HRT use given that circulating levels of hormones are modified.
A closer look at the specific hormones producing the changes in DNA methylation

might be more informative of the biological mechanisms involved.

104



6. Conclusions

Since the post-genomic era, genetic epidemiology has been successful
identifying genetic variants that explain a proportion of the variation in human
traits and diseases. However, for the large majority of human traits a large
proportion of the phenotypic variance has not yet been explained. A significant
component of this unexplained phenotypic variance is likely to be attributed to
environmental factors that have not yet been accounted for. Common complex
diseases, as most human traits, are influenced by both genetic and
environmental factors. Epigenetics offers a new framework to look at complex
traits and diseases in order to understand the biological consequences of genetic
variation, environmental exposures, and the interaction between the two. This
thesis aimed to characterize genetic and environmental influences on the
epigenome by performing twin studies on DNA methylation profiles. Three main
results were obtained.

In the first part of this thesis as | was able to characterize the proportion
of the variance in DNA methylation attributed to genetic and environmental
factors at almost 800,000 CpG sites distributed across the genome. Furthermore,
| was able to identify functional regions of the genome that are more susceptible
to genetic influences, such as enhancers. | also identified common genetic
variants that impact DNA methylation levels. We observed that at least 10% of
the interrogated CpG sites have a strong genetic component on DNA methylation
(h? > 40%), and in almost half of these heritable CpG sites we were able to
identify meQTLs.

In the second part of this thesis, | presented a study looking at the effect
of assisted reproductive technology on DNA methylation. Infertility and subfertility

are common conditions in human populations and a global public health issue as
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recognized by the World Health Organization [188]. The 12-month prevalence of
infertility in developed countries has been estimated at 9% and it has also been
estimated that more than half of the affected population seeks medical help [189].
Advances in the manipulation of the fertilization process have allowed the
development of in vitro fertilization (IVF) and related techniques, such as,
intracytoplasmic sperm injection (ICSI). The first baby conceived with the use of
IVF was born in 1978 and since then IVF has been satisfactorily adopted as a
fertility treatment. Data from the European IVF-monitoring Consortium from 1997
to 2010 has shown an uninterrupted increase in the number of IVF cycles per
year [190]. From these data, it is also estimated that just in Europe the number
of IVF births between 2003 and 2010 is near to 600,000. In 2010, it meant that
IVF accounted for 0.6% to 5.9% of births in different countries of Europe [190].
My work explored the hypothesis that IVF introduces DNA methylation changes
that persist after birth given that the treatment overlaps with an important period
of epigenetic reprogramming. Our study was the first large-scale epigenome-
wide analysis of IVF of its kind to date, and with a sample size larger than most
of other studies looking at IVF. We showed that differences in DNA methylation
of blood cells are very small and are likely not exclusively due to the fertility
treatment.

The last part of the thesis looked at epigenetic changes associated with
menopause and related phenotypes in women. We observed that the majority
(13 out of 17) of loci previously associated through GWAS with age at
menopause had an effect on the methylation levels of multiple CpG sites.
However, the only differentially methylated positions (DMPs) that were identified
in blood through EWAS, were associated with the use of hormone replacement

therapy (HRT). HRT is used to treat estrogen deficiencies in postmenopausal
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women and modifies the levels of circulating hormones, which might result in

DNA methylation changes in blood cells.

6.1 Strengths and limitations

Of the main strengths of this thesis was the use of twins as a unique study design
in human population analyses of DNA methylation as a complex trait. Twins were
a valuable tool exploited in every results chapter presented in this thesis. In
Chapter 3 the use of twins allowed the estimation of heritability of DNA
methylation. In Chapter 4, the use of twins allowed to control for the effect of
multiple pregnancy, which is a common confounder in studies seeking to
compare natural conceptions with those achieved after assisted reproductive
technology. In addition, twins also allowed to assess the contribution of genetics
and environment to methylation at the suggestive IVF-DMRs identified. Lastly, in
Chapter 5, twins were helpful to corroborate that age at menopause is a heritable
trait.

With regard to DNA methylation profiling techniques, we relied on two main
technologies with different strengths and limitations. One was microarray based
technology (450K and EPIC arrays), which has the advantage of single base
resolution, but a limited coverage (approximately 450,000 and 850,000 CpG
sites). The 450K array also has the advantage of being vastly used to profile DNA
methylation in a great number of cohorts, which allowed us to conduct the largest
study to date looking at menopause and related phenotypes such as HRT. In
Chapter 3, the greater coverage of the EPIC array was a strength that allowed
the investigation of genetic impacts on enhancer regions that have not been
explored before in any other study. The other DNA methylation profiling

technique was MeDIP-seq, which has genome-wide coverage, but lacks single
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base resolution. The use of this technique in Chapter 4 allowed us to look at
regions not covered by microarray-based platforms.

There were also several limitations of the work presented in this thesis. First,
despite the strengths of the twin model, it has been suggested that the twin-
based epigenetic heritability estimation is affected by the fact that MZ twins have
more similar epigenetic starting points than DZ twins [191]. However, we were
able to validate some of the twin-based heritability estimated genetic effects with
a methodology that did not depend on the assumptions of the classical twin
model, that is, by the identification of meQTLs.

The meQTL study did rely on another assumption, that MZ co-twins have
identical DNA sequences. Although MZ twins are often referred to as being
genetically identical, post-zygotic mutation events can occur. Somatic point
mutations and copy number variations have been found in normal concordant as
well as in disease-discordant MZ twin pairs [192]. However, these events are
extremely rare and should not hinder the identification of meQTLs. Somatic point
mutations during early development occur with a frequency of 1.2 x 10~7 per
base pair per twin pair [193].

Another limitation was sample size, which usually results in limited statistical
power to detect heritability or differential methylation. Visscher (2004) revisited
the statistical power of the classical twin design to detect heritability (h?) under
the ACE model [194]. To detect high heritability (h?> 0.4) with power of 95%
when C = 0.5 and using an equal proportion of MZ and DZ twin pairs, a total of
74 twin pairs are needed. However, the contribution of common environmental
factors is usually much lower than 50%. Under a more realistic scenario, to detect
h?> 0.4 with power of 95% when C = 0.1, a total of 650 twin pairs are needed.

Power calculations have also been performed for the detection of differential
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methylation in the context of case-control EWAS [195]. It has been estimated
that a total of 20 case-control pairs at single-locus significance and 112 case-
control pairs at genome-wide significance are needed to reach power of 80% to
detect a 0.1 mean methylation difference. The methylation differences at the two
validated CpG sites located in the C90rf3 IVF-DMR using a subset of MZ twins
(n=22) were of only 0.09 and 0.012, which gives a power of 20% at single-locus
significance.

We did not identify any genome-wide significant DMP associated with age at
menopause possibly because our study did not have enough power to detect the
differences in DNA methylation levels at the CpG-sites targeted by the lllumina
450K array. GWAS signals for age at menopause have been identified using
samples of at least 3,000 and up to almost 39,000 individuals, therefore these
are relatively modest genetic effects and maximizing power is of key concern
when conducting an EWAS. Similarly, negative results were found for duration
of reproductive period, early vs late menopause, and menopausal status.
Another factor that might hinder the identification of DMPs is data collection. For
most cohorts, data was self-reported and susceptible to recall bias.

It is also important to state that the studies presented in this thesis were
looking at DNA in blood samples and given the cell-type specificity of epigenetic
marks, these results are not necessarily true for other tissues. The advantages
of looking at peripheral blood are the ease of its collection and the potential
clinical use of the identified DMRs or DMPs as biomarkers. Also because of the
cell-type specificity of epigenetic marks and because blood is a mixture of cell
types, adjustment for cell heterogeneity was performed in every study. We did
not use actual cell counts, but instead estimated their proportions from epigenetic

data which has proven to be a good proxy [177].
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6.2 Future perspectives

Twins are a unique resource in the field of epigenetics and essential tools to
elucidate the molecular etiology of diseases. Most findings so far come from
studying unrelated individuals, however a number of studies have also explored
epigenetic profiles in twins during normal development, ageing, and in the
context of disease. Some examples include the identification of methylation
changes at DOK?Y in breast cancer, TRPA1 in pain susceptibility, STEGALNAC1
in bipolar disorder, ZBTB20 in major depressive disorder, and several genes
identified in autism spectrum disorder. One of the difficulties that twin studies
face is the collection of enough individuals with the specific trait to be studied.
Collaborations with other twin cohorts could help overcome this problem and
allow the use of twin models that were not exploited in this thesis such as the
discordant MZ twins design [73].

The IVF study in particular could benefit from follow-up studies such as
integration of gene expression data and assessment of the longitudinal stability
of methylation at the suggestive IVF-DMR. The PETS cohort has collected
samples of peripheral blood from the twins at 18 months and 5 years of age,
which would allow this exploration in the future. In addition, given that the first
stage in most IVF cycles is ovulation induction with hormones and given that
HRT-associated DMPs were identified, it would be interesting to explore whether
there are persistent effects on DNA methylation patterns of the mothers due to
ovulation induction treatments.

For the study looking at menopause, an interesting follow-up would be to
look at relevant tissues such as fat or bone, as it is known that menopause is
characterized by drastic metabolic changes associated with lipids and bone

mineral density [196].
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It would be worth looking also at more environmental exposures to identify
changes in DNA methylation such as the ones identified for HRT use. We cannot
assume causality in this particular study, but assuming there is, DNA methylation
could be used to identify past environmental exposures, which has a potential
use in personalized medicine.

Lastly, although we investigated the genetic influences with a two-fold
approach, validated two IVF-DMRs with a different technology, and identified
HRT-associated DMPs through meta-analysis, these studies still require

replication in independent cohorts.
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Annex

I. Enrichment analysis accounting for variance

cis meQTLs trans meQTLs

# CpG sites Fold Enrichment Min Max  # CpG sites Fold Enrichment Min Max
TFBS (GM12878) 30,374 w 0.895 33,677 34,313 630 - 1518 373 465
H3K27ac (PBMCs) 133,927 a  1.009 132,347 133,052 1,574 - 1,002 1,526 1,617
H3K27me3 (PBMCs) 94,607 - 1027 91,736 92,511 972 w 0913 1,003 1,127
H3K36me3 (PBMCs) 82,961 - 1022 80,747 81,612 939 w» 0.963 914 1,024
H3K4mel (PBMCs) 136,953 =  1.023 133,658 134,268 1,506 -+ 0.959 1,524 1,610
H3K4me3 (PBMCs) 106,098 =» 0.988 107,072 107,829 1,393 a  1.095 1,211 1,327
H3K9ac (PBMCs) 124200 = 1.008 122,869 123,682 1,534 ~ 1,052 1,403 1,500
H3K9me3 (PBMCs) 30,848 w 0.963 31,678 32,334 386 - 1038 333 434
Island 25,928 w 0.840 30,568 31,163 673 - 1.725 333 421
Shore 33,104 &~ 1.048 31,280 31,933 325 -+ 0893 315 396
Shelf 12,190 -  1.040 11,520 11,979 114 -+ 0813 111 179
Open sea 99,934 -~ 1031 96,573 97,349 909 w» 0.807 1,068 1,209
Promoter (PBMCs) 6,758 w» 0.821 8,072 8,382 208 & 2,013 81 143
Enhancer (PBMCs) 8,523 -~ 1180 7,057 7,387 52 w» 0.669 51 98
TS51500 24823 w» 0.983 24,877 25,625 309 - 1.029 259 344
T55200 13,284 - 0.856 15,292 15,775 355 o 1.828 152 229
5'UTR 20,622 w 0.937 21,688 22,334 311 & 1171 223 314
1" Exon 6,963 w 0.772 8,816 9,235 204 ~ 1768 94 139
Exon boundary 1,235 » 0.888 1,318 1,470 8 w 0463 7 31
Gene body 72,997 -~ 1018 71,358 72,193 716 -+ 0839 797 911
3' UTR 4618 w» 0983 4,579 4,854 47 - 0842 37 75
Intergenic 51,269 - 1.041 48,898 49,594 514 - 0919 498 604
Positive selection 1,346 »+ 0.836 1,516 1,688 20 w 0970 11 35
Conserved elements 27,082 w 0.834 32,177 32,761 403 - 1033 336 435

Il. Re-analysis of FDR 25% WBC IVF-DMRs excluding other fertility
treatments from non-IVF group (n=94, 54 non-IVF and 40 IVF)

Chromosome Start End Estimate SE p
chr2 217726751 217727250 1.17 0.19 9.66E-09
chr5 178761751 178762250 -1.09 0.20 5.69E-08
chr9 97504001 97504500 1.05 0.20 1.22E-07
chr5 9275751 9276250 1.09 0.19 1.17E-07
chrd 184814001 184814500 -0.94 0.18 2.00E-07
chr5 142488501 142489000 -1.09 0.20 1.05E-07
chr9 118148751 118149250 1.05 0.20 3.42E-07
chr9 118149001 118149500 1.04 0.20 1.52E-07
chrll 82654251 82654750 -1.07 0.20 1.57E-07
chrl9 6165251 6165750 0.93 0.18 2.38E-07
chrl 85522251 85522750 0.97 0.18 3.36E-07
chrl?7 42569001 42569500 -1.10 0.19 7.18E-08
chrd 141606501 141607000 1.07 0.20 5.32E-07
chr5 137736001 137736500 -1.02 0.20 4.39E-07
chr5 150614501 150615000 -1.05 0.20 3.18E-07
chrl?7 36918251 36918750 -1.11 0.21 4.66E-07
chré 126138251 126138750 -1.01 0.19 1.00E-07
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5.53E-07
5.24E-07
9.12E-07
4.44€-07
1.36E-06
5.79E-07
8.45E-07
1.25E-06
1.04E-06
6.74E-07
1.07E-06
8.40E-07
1.82E-06
1.61E-06
6.93E-07
6.46E-07
3.04E-07
6.63E-07
2.47E-06
1.27E-06
1.78E-06
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Ill. Re-analysis of FDR 25% WBC IVF-DMRs in subset with cell counts

Adjusted for 5 PCs (n=98,
40 IVF and 58 non-IVF)

Adjusted for 5 PCs (n=54,
22 IVF and 32 non-IVF)

Adjusted for cell
proportions (n=54, 22 IVF
and 32 non-IVF)

Chromosome Start End Estimate  SE p Estimate SE p Estimate SE p
chr2 217726751 217727250 1.18 0.19 2.30E-09 0.98 0.28 2.78E-04 0.91 0.27 4.43E-04
chrb 178761751 178762250 -1.08 0.2 5.43E-08 -1.19 0.26 3.37E-06 -1.1 0.26 1.44E-05
chr9 97504001 97504500 1.07 0.2 5.83E-08 1.14 0.28 1.85E-05 0.91 0.27 4.56E-04
chr5 9275751 9276250 1.09 0.19 ©5.86E-08 1.17 0.25 5.74E-06 1.11 0.25 6.28E-06
chrd 184814001 184814500 -0.96 0.18 7.95E-08 -1.06 0.22 1.00E+00 -1.06 0.26 6.25E-05
chrb 142488501 142489000 -1.11 0.2 8.73E-08 -1.04 0.29 2.14E-04 -0.93 0.3 1.02E-03
chr9 118148751 118149250 1.09 0.2 9.20E-08 1 0.29 3.18E-04 0.91 0.3 1.18E-03
chr9 118149001 118149500 1.08 0.2 1.04E-07 1.02 0.3 2.41E-04 0.94 0.3 8.19E-04

chrll 82654251 82654750 -1.05 0.19 1.30E-07 -1.1 0.26 1.20E-05 -1.08 0.26 2.99E-05
chrl9 6165251 6165750 0.94 0.18 1.40E-07 1.05 0.24 7.97E-06 0.82 0.28 2.11E-03
chrl 85522251 85522750 0.99 0.18 1.43E-07 0.85 0.28 1.07E-03 0.97 0.26 1.24E-04
chrl?7 42569001 42569500 -1.07 0.19 1.64E-07 -0.97 0.28 2.15E-04 -0.72 0.29 7.61E-03
chrd 141606501 141607000 1.09 0.19 2.03E-07 0.81 0.26 1.22E-03 0.54 0.28 3.38E-02
chr5 137736001 137736500 -1.03 0.19 2.06E-07 -1.06 0.27 7.31E-05 -0.79 0.29 2.85E-03
chr5 150614501 150615000 -1.08 0.21 2.14E-07 -1.14 0.28 2.43E-05 -1.3 0.26 1.86E-06
chrl?7 36918251 36918750 -1.1 0.21 2.32E-07 -1.12 0.31 2.47E-04 -0.75 0.27 3.45E-03
chré 126138251 126138750 -0.99 0.19 2.36E-07 -1.23 0.25 7.72E-07 -1.19 0.24 1.05E-06
chr?7 144431251 144431750 1.02 0.19 2.70E-07 1.12 0.27 4.08E-05 1.21 0.27 7.42E-06
chrl2 70937251 70937750 0.88 0.17 2.76E-07 0.87 0.25 4.24E-04 0.78 0.28 2.30E-03
chrd 141606251 141606750 1.01 0.19 2.80E-07 0.76 0.28 3.19E-03 0.56 0.28 2.97E-02
chrl3 90019001 90019500 1.06 0.2 2.84E-07 1 0.28 1.44E-04 1.02 0.26 6.44E-05
chrll 74179001 74179500 1.07 0.2 2.92E-07 0.9 0.28 4.89E-04 0.86 0.28 1.27E-03
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IV. Age at menopause EWAS Manhattan plots
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VI. Early vs late menopause EWAS Manhattan plots
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VIl. Menopausal status EWAS Manhattan plots
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VIIl. HRT use EWAS Manhattan plots
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IX. HRT-associated DMPs funnel plots
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X. DNA methylation changes at infertility genes in newborn twins
conceived by in vitro fertilization (attached manuscript)
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Abstract

Background: The association of in vitro fertilisation (IVF) and DNA methylation has been studied predominantly
at regulatory regions of imprinted genes and at just thousands of the ~28 million CpG sites in the human
genome.

Methods: We investigated the links between IVF and DNA methylation patterns in whole cord blood cells
(n=198) and cord blood mononuclear cells (n=82) from newborn twins using genome-wide methylated DNA
immunoprecipitation coupled with deep sequencing.

Results: At a false discovery rate (FDR) of 5%, we identified one significant whole blood DNA methylation
change linked to conception via IVF, which was located ~3 kb upstream of TNP1, a gene previously linked to
male infertility. The 46 most strongly associated signals (FDR of 25%) included a second region in a gene also
previously linked to infertility, C9orf3, suggesting that our findings may in part capture the effect of parental
subfertility. Using twin modelling, we observed that individual-specific environmental factors appear to be the main
overall contributors of methylation variability at the FDR 25% IVF-associated differentially methylated regions, although
evidence for methylation heritability was also obtained at several of these regions. We replicated previous findings of
differential methylation associated with IVF at the H19/IGF2 region in cord blood mononuclear cells, and we validated
the signal at C9orf3 in monozygotic twins. We also explored the impact of intracytoplasmic sperm injection on the FDR
25% signals for potential effects specific to male or female infertility factors.

Conclusions: To our knowledge, this is the most comprehensive study of DNA methylation profiles at birth and IVF
conception to date, and our results show evidence for epigenetic modifications that may in part reflect parental
subfertility.
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Background

As the frequency of in vitro fertilisation (IVF) treatment
increases worldwide, much research effort has focused
on exploring both short- and long-term health outcomes
associated with conception via IVE, with contradictory
results. A number of studies have observed associations
with adverse perinatal and obstetric outcomes, including
low birth weight, preterm birth, perinatal mortality,
congenital malformations, placental complications, and
increased frequency of imprinting disorders such as
Angelman syndrome and Beckwith-Wiedemann syn-
drome [1-4]. On the other hand, parallel efforts have re-
ported that these associations are not attributed to IVF
treatment itself, but rather to multiple pregnancy or
parental subfertility, both common factors in IVF births
[5, 6]. Further research is required to identify potential
factors associated with conception via IVE, including not
only health outcomes but also biological consequences
such as epigenetic modifications.

Given that birth weight and imprinting disorders are
controlled at least in part by epigenetic factors [7, 8],
IVF may have an influence on epigenetic profiles, poten-
tially resulting in changes that persist well after birth
and over the life course. Epigenetic mechanisms are con-
sidered possible mediators of the developmental origins
of health and disease [9]; therefore, an assessment of the
influence of IVF on DNA methylation profiles may give
some insights into mechanisms underlying potential re-
lated health outcomes. Establishment of DNA methyla-
tion profiles in the germ line and embryo takes place
early in development [10]. Theoretically, this epigenetic
reprogramming could therefore be influenced by IVE-
related interventions that occur very early, prior to
blastocyst implantation. Indeed, induction of ovulation,
embryo culturing, and cryopreservation, among others,
have all been linked to specific alterations in DNA
methylation in mice, although results are somewhat
inconsistent [11-13].

Most studies in humans comparing naturally and IVE-
conceived newborns have interrogated DNA methylation
alterations targeting almost exclusively imprinted differ-
entially methylated regions (DMRs). These studies have
reported increased epigenetic variability at the KvDMRI,
PEG1, and H19 DMRs in umbilical cord blood [14], hy-
pomethylation of the H19 and MEST DMRs in placenta
[15], and hypomethylation of the H19 DMR in buccal
epithelium [16] in individuals conceived by IVF. High-
throughput approaches using bead array technology
have also interrogated DNA methylation in IVF in a
genome-wide manner. Katari et al. [17] reported differ-
ential methylation at 78 genes in cord blood and 40 in
placenta with at least two differentially methylated CpG
sites (P<0.08) when looking across the promoters of
736 genes (GoldenGate Array, Illumina) in ten cases and
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13 controls. A more extensive study using the promoter-
enriched Illumina Infinium HumanMethylation27 bead
array in cord blood samples from ten IVF cases and
eight controls reported a total of 24 genes with at least
two differentially methylated CpG sites (P <0.05) [18].
More recently, a study used the genome-wide Illumina
Infinium HumanMethylation450 bead array in samples
from 38 IVF-conceived newborns followed by fresh em-
bryo transfer, 38 IVF-conceived followed by cryopre-
served embryo transfer, 18 born to subfertile parents
after conception by intrauterine insemination, and 43
controls born to fertile parents [19]. This platform inter-
rogates CpG sites across the whole genome, although
with a limited coverage since it targets gene-centric an-
notations [20]. The authors identified differential methy-
lation at multiple sites, including metastable epialleles.
Here, we interrogated evidence for differential methy-
lation between IVF and non-IVF newborn twins in a
more comprehensive manner by conducting epigenome-
wide association scans (EWAS) [21] using methylated
DNA immunoprecipitation followed by deep sequencing
(MeDIP-seq) [22] genome-wide in samples from cord
blood, and its mononuclear fraction, collected at birth
from IVF and non-IVF twins. The use of twins in this
study allowed the partition of the observed variance in
DNA methylation into genetic and environmental fac-
tors. The approach also avoids potential spurious associ-
ations due to an imbalanced number of multiple and
single pregnancies between conception method groups.

Methods

Subjects and sample collection

The study included 47 IVF and 60 non-IVF newborn
twins (from 54 twin pairs) from the Peri/postnatal
Epigenetic Twins Study (PETS), Melbourne, Australia.
Recruitment and full study procedure have been de-
scribed previously [23, 24]. Cord blood was collected at
birth and used to process mononuclear cells by Ficoll
gradient centrifugation as described previously [25].
Whole blood cells (WBCs) from cord blood were avail-
able for a total of 98 twins (40 IVF and 58 non-IVF) and
cord blood mononuclear cells (CBMCs) for a total of 82
twins (35 IVF and 47 non-IVF). Maternal age and
method of conception were determined via question-
naire at recruitment (18-20 weeks gestation). Twins of
mothers who said yes to IVF or intracytoplasmic sperm
injection (ICSI) treatment were classified as IVF regard-
less of the use of ovulation induction medication or
other fertility treatments. Maternal smoking status was
collected via questionnaire on recruitment and at 24 and
36 weeks of pregnancy. Birth weight was collected
during the immediate neonatal period. Zygosity and
chorionicity were determined by physical examination of
the inter-placental membranes at birth, and by genetic
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test when required, as described previously [23, 24].
Pregnancy complications were recorded and are shown
in Additional file 1: Table S1.

DNA methylation profiling

MeDIP-seq was performed at BGI-Shenzhen, Shenzhen,
China. Extracted DNA was fragmented using a Covaris
sonication system and sequencing libraries were pre-
pared from 5 pg fragmented genomic DNA. End repair,
<A >base addition and adaptor ligation steps were
performed using Illumina’s Single-End DNA Sample
Prep kit. Adaptor-ligated DNA was immunoprecipitated
by anti-5mC using a commercial antibody (Diagenode)
and MeDIP products were validated by quantitative
PCR. MeDIP DNA was purified with ZYMO DNA Clean
& Concentrator-5 columns and amplified using adaptor-
mediated PCR. DNA fragments between 200 and 500 bp
in size were gel-excised, and the amplification quality
and quantity were evaluated by Agilent BioAnalyzer
analysis. The libraries were subjected to highly parallel
50-bp single-end sequencing on the Illumina GAII plat-
form. All sequencing data passed initial quality checks
for base composition (no exclusions) using FASTQC
v0.10.0. For each individual, ~30 million reads were gen-
erated and mapped onto hgl9 using BWA. After remov-
ing duplicates, we filtered data using quality score Q10.
We quantified methylation levels using MEDIPS [26],
producing the mean relative methylation score (RPM) in
500-bp bins (overlap of 250 bp) across the genome.
Altogether, there were 11,524,145 windows and these
were used for the analyses. Bins with RPM values of zero
in more than 50% of the samples were excluded, resulting
in 9,592,803 (WBC) and 9,285,089 (CBMC) bins used in
downstream analyses.

Epigenome-wide IVF-DMR analyses

Normalised (N(0,1)) methylation scores in each genomic
bin were regressed using a linear mixed-effects model to
account for twin structure (Ime4 package [27] in R [28]).
Tissue type, birth weight, sex, maternal smoking, 260/
280 ratio, DNA concentration, and the loadings of the
first five principal components were used as covariates
and included as fixed effects in the model. Family and
zygosity were included as random effects in the linear
mixed model. The principal components were included
to account for unknown sources of variation, such as
cell heterogeneity. Correction for multiple testing was
performed by a Benjamini-Hochberg false discovery rate
(FDR) calculation.

Variance decomposition of WBC IVF-DMRs

The contribution of additive genetic (A), common envir-
onmental (C), and unique environmental (E) factors to
DNA methylation was estimated using the ACE model
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based on the classic twin design [29]. The model was fit-
ted using the OpenMX statistical package [30]. RPM
values without adjustment for covariates were used to
estimate the ACE proportions.

Statistical analysis

Pairwise correlations and principal components analysis
were performed using RPM values across all bins with
values >0 in at least 50% of the samples. Hierarchical
clustering was performed using Euclidean distance as a
measure of dissimilarity and average linkage clustering.

Validation analysis

Genomic DNA (500 ng) was bisulphite converted using
the MethylEasy Exceed Rapid Bisulphite Modification
Kit (Human Genetic Signatures, North Ryde, NSW,
Australia). Primers to target the regions in TNPI and
C9orf3 were designed using the EpiDesigner tool (Seque-
nom Inc., Herston, QLD, Australia). The HI9 CTCF6
region was the same used in a previous study [25]. Primers,
genomic coordinates, and PCR conditions are shown in
Additional file 1: Table S2. Methylation levels were
determined by EpiTYPER on the MassARRAY System
(Sequenom Inc., Herston, QLD, Australia). Statistical ana-
lysis considered the average of two to three technical repli-
cates and were performed using data on single CpG sites.

Results

Genome-wide methylation profiles in twins

We profiled DNA methylation levels from a total of 107
newborn twins (47 conceived via IVF and 60 conceived
in vivo) in WBCs and CBMCs. Details of any fertility
treatment used and demographic characteristics that
represent potential confounders of DNA methylation
levels at birth, such as sex, birth weight, maternal age,
and maternal smoking status, are shown in Table 1. We
first explored the genome-wide patterns of DNA methy-
lation variability in the dataset. Principal component
analysis was used to identify factors that were signifi-
cantly associated with genome-wide variability in DNA
methylation profiles. The first five principal components
in the dataset, which explained ~13% of the total
variance in DNA methylation, were at least nominally
associated (P <0.05) with sample type (WBCs versus
CMBCs), birth weight, maternal smoking, and con-
ception method (Fig. 1a).

We next estimated the within twin-pair correlation
patterns in methylation profiles of twin pairs available
in both datasets using Pearson’s correlation. In con-
cordance with previous studies [7], we observed
higher median correlation within monozygotic (MZ)
twin pairs compared to dizygotic (DZ) twin pairs
(Fig. 1b). Previous studies have shown that twin chor-
ionicity can have an effect on within-pair DNA



Castillo-Fernandez et al. Genome Medicine (2017) 9:28

Table 1 Breakdown of samples used for the
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identification of IVF-DMRs and potential covariates

Group  Total number of ~ Zygosity and Sex®  Birth weight ~ Maternal age Maternal smoking Ovarian ICSI GIFT Frozen
twins (number of  chorionicity® (kg): mean(sd) (years): mean (sd) (percentage smokers) stimulation embryo
complete sets)

WBCs

IVF 40 (20) 10 MZ MC 18 (F) 257 (477) 36 (4) 20% 6 (No) 22 (No) - 28 (No)

30 DZ DC 22 (M) 34 (Yes) 18 (Yes) 12 (Yes)
Non-IVF 58 (29) 14 MZ MC 34 (F) 2.58(3.99) 32 (5) 28% 56 (No) - 56 (No) -
12 MZ DC 24 (M) 2 (Yes) 2 (Yes)
32 DZ DC

CBMCs

IVF 35(16) 9 MZ MC 16 (F) 2.50 (442) 35(5) 23% 1 (No) 14 (No) - 24 (No)
1 MZ DC 19 (M) 34 (Yes) 21 (Yes) 11 (Yes)
25 DZ DC

Non-IVF 47 (22) 12 MZ MC 30 (F) 260 (3.48) 32 (4) 28% 45 (No) - 45 (No) -
10 MZ DC 17 (M) 2 (Yes) 2 (Yes)
25 DZ DC

#MZ monozygotic, DZ dizygotic, MC monochorionic, DC dichorionic

bF female, M male

GIFT gamete intra-fallopian transfer, ICSI intracytoplasmic sperm injection, sd standard deviation

methylation differences, but not with consistent direc- Interestingly, the method of conception showed

tion of effect across tissues [7, 25, 31]. In our study,
we did not observe significant chorionicity-related
methylation differences (Fig. 1b), but the number of
MZ twins within chorionicity categories was relatively
low (1 =8 monochorionic and # =5 dichorionic pairs).

methylation profile differences within MZ twin pairs.
MZ IVF twins had higher median correlation com-
pared to MZ non-IVF twins in WBCs, but the oppos-
ite trend was observed in CBMCs, and in both cases
the MZ IVF sample was very small (n=3).
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Fig. 1 Global methylation patterns. a Biological factors associated with principal components of variation of methylation profiles. Variables
marked with an asterisk were only available in a subset of the sample (n = 54). b Within-pair methylation correlation in WBCs and CBMCs. BM/
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IVF-DMRs in CBMCs and WBCs

In order to identify tissue-independent and tissue-specific
IVF-associated DMRs, we compared DNA methylation
profiles in WBCs and CBMCs in relation to method of
conception adjusting for birth weight, sex, maternal smok-
ing, and the first five principal components, which partly
capture cell heterogeneity. Epigenome-wide analyses of
DNA methylation in relation to method of conception did
not identify genome-wide significant signals in the CBMCs
subset or in the combined CBMC and WBC datasets, after
correction for multiple testing. In WBCs alone, one signifi-
cant DMR was observed at a FDR of 5% (Fig. 2). This was
located ~3 kb upstream of TNPI (chr2:217,726,751—
217,727,250), which encodes a transition nuclear protein
that replaces histones and is subsequently replaced by
protamines during spermiogenesis. A deletion in the pro-
moter region of this gene, which reduces its expression,
has been reported in infertile men [32]. Methylation up-
stream of TNP1 might have an impact on its expression.
In mice, methylation changes during spermatogenesis have
been observed at TNPI, which suggests a role of methyla-
tion in the regulation of this gene [33]. To explore the
biological characteristics of the top-ranked results in the
IVF epigenome-wide analyses we selected a more liberal
threshold of FDR 25%, at which 46 IVE-DMRs were iden-
tified (Table 2). Interestingly, the third-ranked DMR
genome-wide (Additional file 1: Figure S1) was located in
the first intron of C9orf3 (chr9:97,504,001-97,504,500),

Page 5 of 15

which has been associated with polycystic ovary syndrome
in women [34] and development of erectile dysfunction
after radiotherapy for prostate cancer in men [35]. An-
other signal within this list was located in intron 1 of
STOX2 (chr4:184,814,001-184,814,500), whose reduced
expression has been implicated in pre-eclampsia [36].
Since adverse perinatal outcomes may be associated with
maternal age, we further adjusted for this covariate and
observed that the 46 FDR 25% WBC IVF-DMRs remained
significant (Table 2).

The non-IVF group included a small number (7 = 4) of
newborns conceived with other types of fertility treat-
ments not equivalent to IVE, such as gamete intra-
fallopian transfer (GIFT) and ovarian stimulation. We
re-analysed the 46 FDR 25% WBC IVF-DMRs excluding
GIFT (n=2) and non-IVF ovarian stimulation (n=2)
controls and observed that conclusions remained un-
changed (Additional file 1: Table S3).

Hierarchical clustering using DNA methylation levels
at these 46 FDR 25% DMRs alone grouped twins by
method of conception, assigning 38 out of 40 IVF twins
and 57 out of 58 non-IVF twins to the correct group
(Fig. 3). We also explored these signals with respect to
functional annotations. A total of ten FDR 25% WBC
IVE-DMRs overlapped CpG sites previously shown to be
dynamic during development [37], 20 overlapped DNase
I hypersensitivity sites (wgEncodeRegDnaseClusteredV3)
[38], one overlapped a CpG island (cpglslandEx) [39],

TNP1 IVF-DMR
Te}
< 9 n=58 n=40
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=
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=
o
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>
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o
o 4
[}
\ \
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Fig. 2 TNPT IVF-DMR. Methylation values (RPM) at the top IVF-DRM identified ~3 kb upstream of TNPT in WBCs
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Table 2 FDR 25% WBC IVF-DMRs

Chromosome  Start End P FDR adjusted P P (adjusted for maternal age) ~ Gene name® Gene start”  Gene end?
Chr2 217726751 217727250  2.30E-09  0.0221 6.40E-10 AC007557.1 217735495 217736362
TNPT 217724181 217724787
Chr5 178761751 178762250  543E-08  0.1244 1.76E-05 ADAMTS2 178537852 178772431
Chro 97504001 97504500 583E-08 0.1244 5.14E-07 C9orf3 97488983 97849441
Chrs 9275751 9276250 5.86E-08 0.1244 1.67E-06 SEMASA 9035138 9546187
Chr4 184814001 184814500 795E-08 0.1244 4.96E-07 STOX2 184774584 184944679
Chrs 142488501 142489000 8.73E-08  0.1244 5.76E-07 ARHGAP26 142149949 142608576
Chr9 118148751 118149250  9.20E-08  0.1244 4.61E-06 DECT 117904097 118164923
Chro 118149001 118149500 1.04E-07  0.1244 3A47E-06 DECT 117904097 118164923
Chr11 82654251 82654750 1.30E-07  0.1250 5.26E-08 Cllorf82 82611017 82669319
PRCP 82534544 82681626
RAB30 82684175 82782965
Chr19 6165251 6165750 140E-07  0.1250 1.00E-06 REX2 5993175 6199583
ACSBG2 6135258 6193112
MLLTT 6212966 6279959
Chr1 85522251 85522750  143E-07 0.1250 2.56E-07 WDR63 85464830 85598821
MCOLN3 85483765 85514182
Chr17 42569001 42569500 1.64E-07  0.1274 1.90E-05 GPATCHS 42472652 42580798
Chr4 141606501 141607000  2.03E-07 0.1274 1.59E-05 TBC1D9 141541919 141677274
Chr5 137736001 137736500 2.06E-07  0.1274 1.13E-06 REEP2 137774706 137782658
KDM3B 137688285 137772717
Chrs 150614501 150615000  2.14E-07  0.1274 223E-07 SLC36A3 150656323 150683327
GM2A 150591711 150650001
CCDC69 150560613 150603706
Chr17 36918251 36918750  232E-07 0.1274 2.02E-07 MLLT6E 36861795 36886056
CISD3 36886488 36891297
aweas 36956687 36981734
PIP4K2B 36921942 36956379
PCGF2 36890150 36906070
CTB-58E17.5 36905613 36906969
PSMB3 36908989 36920484
AC006449.1 36884086 36884451
Chré 126138251 126138750  2.36E-07  0.1274 2.12E-06 NCOA7 126102307 126252266
Chr7 144431251 144431750  2.70E-07  0.1274 5.29E-09 TPK1 144149034 144533488
Chr12 70937251 70937750 2.76E-07 01274 1.83E-06 PTPRB 70910630 71031220
Chr4 141606251 141606750  2.80E-07  0.1274 1.50E-05 TBC1D9 141541919 141677274
Chr13 90019001 90019500  284E-07 0.1274 5.94E-07 - - -
Chr11 74179001 74179500 292E-07 01274 1.61E-09 LIPT2 74202757 74204778
POLD3 74204896 74380162
KCNE3 74165886 74178774
Chr12 99153001 99153500  3.93E-07 0.1637 244E-07 ANKSTB 99120235 100378432
APAFT 99038919 99129204
Chr2 223336751 223337250  447E-07 0.1788 2.00E-06 SGPP2 223289236 223425667

Chr8 120972001 120972500  4.98E-07  0.1869 3.26E-08 DEPTOR 120885957 121063152
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Table 2 FDR 25% WBC IVF-DMRs (Continued)

Chr17 38047001 38047500 525E-07 0.1869 7.83E-06 GSDMB 38060848 38076107
ZPBP2 38024417 38034149
IKZF3 37921198 38020441
ORMDL3 38077294 38083854

Chr4 64626751 64627250 545E-07  0.1869 2.67E-06 - - -

Chr16 87256751 87257250  551E-07  0.1869 2.12E-08 Cl6orfos 87117168 87351022

Chr19 10656751 10657250 5.77E-07  0.1869 142E-06 CDKN2D 10677138 10679735
ATG4D 10654571 10664094
KEAPIT 10596796 10614417
APIM2 10683347 10697991
KRI 10663761 10676713
STPR5 10623623 10628607

Chr7 2487251 2487750 585E-07 0.1869 2.03E-05 CHST12 2443223 2474242

Chr11 74178751 74179250 6.82E-07  0.2059 131807 KCNE3 74165886 74178774
LIPT2 74202757 74204778
POLD3 7420489 74380162

Chr10 119176501 119177000 6.87E-07  0.2059 1.11E-06 PDZD8 119040000 119134978

Chr22 34755251 34755750  7.32B-07  0.2094 1.76E-05 - - -

Chré 161664751 161665250  742E-07 02094 293E-06 AGPAT4 161551011 161695093

Chr16 17161751 17162250 780E-07 0.2137 241E-06 XYLT1 17195626 17564738

Chr18 23695001 23695500  839E-07  0.2235 1.97E-06 PSMAS8 23713816 23773319
sS18 23596578 23671181

Chr9 26364751 26365250 890E-07  0.2267 1.02E-06 - - -

Chr1 25227001 25227500 9.056-07  0.2267 1.61E-05 RUNX3 25226002 25291612

Chr13 68877251 68877750  943E-07  0.2267 2.19E-05 - - -

Chr9 89126501 89127000 9.59E-07  0.2267 7.00E-06 - - -

Chr13 35317501 35318000  9.72E-07  0.2267 2.51E-05 - - -

Chr21 19575001 19575500  9.92E-07  0.2267 231E-06 CHODL 19273580 19639690

Chr2 169470001 169470500  1.06E-06  0.2307 4.35E-07 CERS6 169312372 169631644

Chri12 4310251 4310750 1.06E-06  0.2307 8.13E-05 - - -

Chré 157136501 157137000  1.15E-06  0.2448 1.61E-06 ARID1B 157099063 157531913

Chr14 104067251 104067750  1.17E-06  0.2448 8.21E-06 APOPT1 104029299 104073860
BAG5 104022881 104029168
KLCT 104028233 104167888
RP11-73 M18.2 104029299 104152261

?From GENCODE v19

and none overlapped with candidate metastable epial-
leles [40] (Fig. 3).

Cell type-specific DNA methylation can impact the
profiles observed in a population of cells, such as in a
whole blood sample, and we therefore accounted for
blood cell type heterogeneity using a twofold approach.
First, we performed principal component analysis on the
methylation levels of the entire set of WBC samples, and
our main EWAS analyses above are corrected for the first
five principal components, which likely capture variation

attributed to technical and biological factors, potentially
including cell heterogeneity. To assess whether the first
five principal components capture cell heterogeneity,
blood cell subtype counts were obtained through auto-
matic differential counting for a subset of the WBC sam-
ples (n =54 twins, 22 IVE, and 32 non-IVF) and these
were compared against the distributions of the first five
principal components. The proportion of neutrophils, eo-
sinophils, and lymphocytes were associated (P < 0.05) with
the loadings of the second, third, and fourth principal
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components, respectively (Fig. 1la). Therefore, since the
EWAS model used in this study took into account the
loadings of the first five principal components, these ana-
lyses already take into account the influence of cell hetero-
geneity to a certain extent.

Second, we re-analysed the 46 FDR 25% WBC IVEF-
DMRs in the subset of 54 WBC samples with available
cell counts, adjusting for the proportion of neutrophils,
eosinophils, monocytes, and lymphocytes. We also per-
formed analyses adjusting for the loadings of the first
five principal components within this dataset alone.
Most results were concordant when comparing across all
models (Additional file 1: Table S4) and only five out the
46 FDR 25% WBC IVF-DMRs were not significant (P>
0.05) after adjusting for cell proportions (chr8:120,972,0
01-120,972,500, chr7:2,487,251-2,487,750, chr18:23,69
5,001-23,695,500, chr12:4,310,251-4,310,750, and chrl
4:104,067,251-104,067,750).

Variance decomposition of WBC IVF-DMRs

Given that epigenetic changes were potentially affecting
infertility genes, we wanted to investigate if the findings
may capture a genetic signature affecting DNA methyla-
tion that could be transmitted to offspring. We applied
twin variance decomposition analyses to partition the
total epigenetic variance into additive genetic (A) and
common (C) and unique (E) environmental components
(ACE) [29]. The ACE model was used to determine the
contribution of genetics, shared intrauterine environ-
ment due to shared maternal influences, and non-shared
(twin-specific) or stochastic factors to epigenetic vari-
ation. The mean contribution of additive genetic effects
(narrow-sense heritability) to DNA methylation across
the genome in different tissues from newborns has been
previously estimated to be between 0.05 and 0.12 [7]. Here
we estimated the average genome-wide narrow-sense her-
itability for DNA methylation in WBCs at 0.06. At the 46
FDR 25% WBC IVE-DMRs, the major contributors to
DNA methylation variation were non-shared or stochastic
events (Fig. 3). However, several FDR 25% IVF-DMRs had
evidence for heritability (A >0.4), suggestive of genetic
effects underlying specific [VF-associated DNA methyla-
tion changes. These included an intronic region in DECI
(chr9:118,148,751-118,149,500), a region 33 kb away from
XYLT1 (chrl16:17,161,751-17,162,250), and an intergenic
region in chromosome 12 (chr12:4,310,251-4,310,750).
When looking at the two DMRs associated with infertility
genes, DNA methylation variation showed no evidence for
genetic effects (A = 0) near TNPI, while heritability at the
DMR in C9orf3 was estimated at 0.25.

Effects of IVF on imprinting
Previous studies have explored DNA methylation pat-
terns in IVF births specifically at imprinting control
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regions (ICRs). We therefore assessed whether there was
an enrichment of differential methylation effects at 34
known ICRs [41] in our genome-wide results, but no
enrichment was observed (P> 0.05). However, when we
explored individual signals at candidate IVE-DMRs we
were able to replicate one previously reported ICR IVF-
associated DMR. Concordantly with previous IVF methyla-
tion studies in placental tissue [15] and buccal epithelium
[16], we observed hypomethylation in IVF twins at the sixth
CTCF binding site within the HI9/IGF2 (HI19 CTCFb6)
DMR (Additional file 1: Figure S2). This association was
observed in CBMCs (P = 0.01), but not in WBCs.

Effects of ICSI

ICSI is a technique in IVF used to treat couples with
male-factor infertility [42]. In contrast to conventional
IVF where fertilisation occurs by placing spermatozoa
near an egg, ICSI consists of the direct injection of a se-
lected single sperm cell into the egg. This manipulation
may introduce additional risk factors [43]. To assess the
effect of ICSI on the 46 FDR 25% WBC IVE-DMRs we
adjusted for the use of this technology and also com-
pared the ICSI and the conventional IVF groups separ-
ately against the non-IVF group. After adjustment for
ICSI, the association weakened at several FDR 25% IVE-
DMRs (Table 3), suggesting that ICSI or paternal infer-
tility might have a role in these methylation changes.
One FDR 25% IVF-DMR signal (chrl:85,522,251—
85,522,750) appeared stronger after adjustment, suggest-
ing either a female infertility effect or that ICSI prevents
or corrects a methylation change that occurs in conven-
tional IVF. This DMR was located upstream of WDR63,
a gene mainly expressed in testis, fallopian tube, and ad-
renal gland [44].

Validation of IVF-DMRs

We pursued validation of the differential methylation
signals at the top associated DMR (located ~3 kb up-
stream of TNPI) and at the third-ranked DMR (located
in CYorf3), both in or near genes previously linked to
infertility. Altogether, four CpG sites were targeted for
validation using Sequenom’s EpiTYPER technology.

For the DMR in C9orf3, we were able to target two
CpG sites within the most-associated 500-bp bin in this
locus (Additional file 1: Figure S3). We assayed methyla-
tion levels in 36 MZ twins included in the discovery
EWAS and observed significantly higher methylation in
the IVF group, concordant with the MeDIP-seq
analysis, at both tested CpG sites in the C9orf3 locus
(P=0.02 and 0.03, respectively), therefore validating
this signal using a different methylation profiling ap-
proach (Additional file 1: Figure S4).

For the TNP1 DMR we were unable to target CpGs
within the most associated 500-bp bin, and we therefore
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Table 3 Effect of ICSI on the FDR 25% WBC IVF-DMRs
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IVF (n = 40) versus

non-IVF (n=58)

IVF (n=34) versus non-IVF  Conventional IVF (n=16)
(n=58) adjusted for ICSI

versus non-IVF (n = 58)

ICSI (n=18) versus

non-IVF (n=58)

Chromosome  Start End Estimate SE P Estimate SE P Estimate SE P Estimate SE P

Chr2 217726751 217727250 118 019 2.30E-09 145 026 7.71E-08 -142 026 744E08 116 027 1.29E05
Chr5 178761751 178762250 —-108 02 543E-08 -109 029 8.23E-05 087 030 1.89E-03 111 027 252E-05
Chro 97504001 97504500 107 02 5.83E-08 077 027 277E-03 -088 031 267E-03 =130 025 1.95E07
Chr5 9275751 9276250 1.09 019 5.86E-08 117 027 1.04E-05 -113 029 650E-05 —1.13 027 275E-05
Chr4 184814001 184814500 —096 018 7.95E-08 097 024 3.94E-05 094 026 137E-04 115 023 835E-07
Chr5 142488501 142489000 —1.11 02 873E-08 -1.1 028  7.60E-05 125 031 5.16E-05 108 028 7.10E-05
Chro 118148751 118149250 109 02 9.20E-08 135 028 1.28E-06 -130 029 890E-06 —-1.02 028 1.68E-04
Chro 118149001 118149500 108 02 1.04E-07 131 028 222806 —-123 029 200E-05 —105 029 169E-04
Chr11 82654251 82654750 -105 019 130E-07 —-097 029 468E-04 095 031 153E-03 088 027 594E-04
Chr19 6165251 6165750 094 0.8 140E-07 089 025 1.90E-04 -088 028 935804 102 023 7.36E-06
Chr 85522251 85522750 099 018 143E-07 154 025 448E-09 -153 025 741E09 -080 028 232E-03
Chr17 42569001 42569500 -107 019 164E-07 125 027 221E-06 130 028 381E-06 121 026 244E-06
Chr4 141606501 141607000 1.09 019 203E-07 126 026 3.56E-06 -133 030 105805 —1.13 026 1.83E-05
Chr5 137736001 137736500 —1.03 019 206E-07 -1.11 028 4.12E-05 113 030 1.39E-04 110 027 3.78E-05
Chrs 150614501 150615000 —1.08 021 2.14E-07 —12 0.29 2.80E-05 124 031 3.18E-05 1.07 029 1.21E-04
Chr17 36918251 36918750 =11 021 232E-07 -096 029 6.01E-04 1.05 031 488E-04 1.03 028 1.83E-04
Chré 126138251 126138750 -099 019 236E-07 -075 027 3.29E-03 079 030 4.92E-03 122 025 8.94E-07
Chr7 144431251 144431750 102 019 2.70E-07 084 028 1.30E-03 -085 028 148E03 -1.17 027 1.77E-05
Chr12 70937251 70937750 088 0.17 2.76E-07 072 023 1.12E-03 -087 026 526E-04 -094 020 3.10E-06
Chr4 141606251 141606750 101 019 280E-07 116 026 8O05E-06 —-131 029 693E-06 —-104 025 2.14E-05
Chr13 90019001 90019500 1.06 02 284E-07 125 029 888E-06 -136 030 509E06 084 029 220E-03
Chr11 74179001 74179500 107 02 292E-07 1.3 029 7.25E-06 -137 029 3.15E-06 -106 029 1.76E-04
Chr12 99153001 99153500 -101 02 39307 102 029 202E-04 102 031 4.59E-04 124 027 377E-06
Chr2 223336751 223337250 —-101 02 447807 —-141 028 4.00E-07 150 029 1.69E-07 077 029 465E-03
Chrg 120972001 120972500 097 019 498E-07 083 027 1.22E-03 -087 029 143E03 096 026 181E-04
Chr17 38047001 38047500 -104 02 525807 -13 028 4.51E-06 131 027 1.21E-06 074 028 539E-03
Chr4 64626751 64627250 -099 019 545E-07 —-087 028 9.92E-04 086 029 1.61E-03 098 026 1.36E-04
Chr16 87256751 87257250 -083 016 551E-07 097 023 1.75E-05 094 025 9.13E-05 082 024 337E-04
Chr19 10656751 10657250 -103 02 577807 109 028 647E-05 117 029 3.80E-05 113 027 218E-05
Chr7 2487251 2487750 08 0.16 5.85E-07 073 023 106E-03 -081 024 561E-04 —-094 023 349E-05
Chr11 74178751 74179250 099 02 6.82E-07 119 028 2.15E-05 -1.15 028 245E05 082 028 237E-03
Chr10 119176501 119177000 -1.04 02 687807 -103 029 341E-04 116 031 169804 1.14 028 4.83E-05
Chr22 34755251 34755750 -098 02 732807 -08 028 2.35E-03 097 031 121803 115 025 3.95E-06
Chré 161664751 161665250 098 019 7.42E-07 0.9 026 3.89E-04 -083 029 248E-03 081 025 7.71E-04
Chr16 17161751 17162250 -101 02 780E-07 099 028 2.19E-04 117 030 448E-05 1.08 028 1.16E-04
Chr18 23695001 23695500 1.04 021 839E-07 095 029 583E-04 -1.04 032 605804 —-1.11 028 3.96E-05
Chr9 26364751 26365250 -095 019 890E-07 —096 028 2.78E-04 113 030 990E-05 096 028 2.77E-04
Chr1 25227001 25227500 -083 017 905E-07 —-087 025 381E-04 078 025 139E-03 099 025 578E-05
Chr13 68877251 68877750 097 02 943E-07 1.01 0.28 1.44E-04 —-124 028 105E05 084 028 1.39E-03
Chro 89126501 89127000 -092 019 95907 -1.14 026 949E-06 110 028 6.62E-05 076 026 2.12E-03
Chr13 35317501 35318000 -096 02 972E-07 —-054 029 444E-02 054 031 652E-02 104 027 761E-05
Chr21 19575001 19575500 096 0.19 9.92E-07 088 027 863E-04 -096 030 825E-04 —1.13 026 1.24E-05
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Table 3 Effect of ICSI on the FDR 25% WBC IVF-DMRs (Continued)
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Chr2 169470001 169470500 —1.02 021 106E-06  —131
Chr12 4310251 4310750 -099 02 1.06E-06 —091
Chr6 157136501 157137000 -096 0.19 1.15E-06 -0.78
Chr14 104067251 104067750 071 014 1.17E-06 0.81

0.28 2.08E-06 133 029 6.99E-06 104 027 591E-05
0.29 8.79E-04 1.02 030 454E-04 087 030 1.99E-03
027  2.19E-03 091 030 1.37E-03 130 025 1.62E-07
021  7.35E-05 -0.75 022 389E-04 058 024 944E-03

selected two of the closest CpG sites contained within
the second most associated DMR in that locus
(Additional file 1: Figure S3). Within the sample of 36
MZ twins we also observed higher methylation in the
IVFE group, consistent with the MeDIP-seq signal, with
effects close to nominal significance (P = 0.08; Additional
file 1: Figure S4). However, correlation between the
MeDIP-seq signal at the most-associated DMR in TNPI
and the EpiTYPER methylation values was, as expected,
relatively low as we were unable to target CpG sites
within this most-associated DMR (correlation of 0.18
and 0 at the two tested CpG sites). We profiled add-
itional samples from DZ twin pairs but did not obtain
validation of the signal.

We also considered the effect of ICSI compared to
conventional IVF in MZ twins in the validation dataset.
We observed significantly higher methylation in the ICSI
group at the first CpG of the targeted region near TNP1I
and at the first CpG site of C9orf3 (Additional file 1:
Figure S5).

Lastly, we also compared methylation in relation to
conception method at the H19 CTCF6 DMR in a re-
duced subset of CBMCs samples (n=42 twins) using
EpiTYPER. When comparing IVF to non-IVF twins
(Additional file 1: Figure S6) we observed a difference
with the same direction of effect as in the MeDIP-seq
analysis, although not significant (P = 0.19). Interestingly,
when comparing naturally conceived twins to twins that
were conceived with any type of medical help
(Additional file 1: Figure S6), i.e. not exclusively IVE, the
difference reached nominal significance (P =0.04),
suggesting that differential methylation at this region is
associated with parental subfertility rather than IVF
conception.

Discussion

Since IVF procedures are carried out during an important
period of epigenetic reprogramming in early development,
we hypothesised that IVF may induce epigenetic differ-
ences that persist to birth. We were able to identify signifi-
cant and suggestive DMRs related to IVF conception
(IVE-DMRs) in WBCs, although our results suggest that
at least some of these changes may be linked to parental
subfertility, which is confounded with IVF treatment. The
observation that IVE-DMRs were identified close to genes
implicated in fertility and reproduction suggests that a

genetic signature influencing DNA methylation could be
transmitted from parent to offspring. To assess this fur-
ther, we estimated the heritability of the IVF-DMRs. We
observed that the IVF-DMR located in C90rf3, a gene as-
sociated with polycystic ovary syndrome, was estimated to
have a heritability at 25% and eight other FDR 25% WBC
IVE-DMRs showed heritability greater than this (Fig. 3).

Epigenetic states of metastable epialleles in mammals
are mitotically inherited after establishment in early
development, therefore shared across tissues, and can
cause expression variability within isogenic individuals
[45]. A study in humans looking for systematic inter-
individual variation in DNA methylation across tissues
from two different lineages identified 109 candidate
metastable epialleles [40]. Nutritional conditions during
conception have been shown to be important to the
establishment of epigenetic states at some of these meta-
stable epialleles [46]. If an influence of IVF on the epi-
genetic marks of these alleles exists, it could potentially
cause long lasting effects. A previous study, which in-
cluded newborns from single and multiple pregnancies,
identified DNA methylation differences in IVF concep-
tion at candidate metastable epialleles, although at dif-
ferent epialleles to those affected by maternal nutritional
factors [19]. In our study, none of the 109 candidate
metastable epialleles overlapped with the 46 FDR 25%
WBC IVE-DMRs. This discrepancy could be attributed
to differences between single and multiple pregnancies
or to low power to detect such changes.

Our results also showed that IVF-DMRs, including hy-
pomethylation of the regulatory region of HI9, were
generally not shared between WBCs and CBMCs. This
observation suggests that the epigenetic differences
reported here likely did not appear during early develop-
ment or that these effects are not fixed and can revert in
a cell type-specific manner. CBMCs, in contrast to
WBCs, lack the granulocyte fraction, which is the
predominant group of cells in the blood. Thus, the IVE-
DMRs may be granulocyte-specific or at least in part
influenced by this group of cells.

To date, there has been mixed evidence on the effect of
IVF at imprinted genes and their regulatory regions. Some
studies have reported DNA methylation changes or in-
creased variability at these imprinted regions [14-16],
while others have reported no associated changes [47, 48].
We observed that there is not an overall destabilisation of
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methylation patterns in ICRs, but specific DMRs, such as
the H19 DMR, can show a weak but nominally significant
association with the method of conception. Previous stud-
ies have reported similar observations, that is, changes in
methylation at some imprinted regions, but not in the ma-
jority [19, 48]. It is unknown if these changes occur due to
IVE since imprinting defects have been previously
described in sperm of infertile men, including hypomethy-
lation of the H19 CTCF6 DMR [49]. Loke et al. [16] re-
ported that hypomethylation at this locus in buccal
epithelium of newborns in the IVF group was driven by
the subgroup conceived by ICSI. However, it is difficult to
dissect whether the observed effect on DNA methylation
of ICSI-conceived newborns is due to the technique itself
or to male infertility. Whitelaw et al. [50] found higher
levels of SNRPN methylation in buccal cells of ICSI-
conceived newborns and these were associated with longer
duration of infertility in the parents. In our data, we
observed that the difference at the H19 CTCF6 DMR was
greater when considering any type of medical help during
conception, supporting the idea that parental subfertility
is the driver of methylation changes at this region.
Information about the indication for assisted reproductive
technology, the use of donor eggs or sperm, and the fertility
status of parents in the control group would be required to
further assess the effect of parental subfertility.

Adverse perinatal outcomes and increased frequency
of imprinting disorders have also been observed in off-
spring of couples with a history of subfertility that were
able to conceive naturally [51-53]. However, studies
that controlled for parental subfertility by comparing
siblings in which one was conceived naturally and the
other by IVF also observed an effect [54]. It is likely,
therefore, that both parental subfertility and IVF may
induce epigenetic changes, as observed in another
genome-wide study that found DNA methylation differ-
ences between IVF-conceived newborns and a group
conceived through intrauterine insemination (infertile
controls), but also between the latter and naturally con-
ceived newborns (fertile controls) [19]. In addition, a
study looking at 37 candidate CpG sites identified seven
that were differentially methylated when comparing an
IVE-conceived group born to parents without male in-
fertility that used donor oocytes to naturally conceived
newborns [55].

Finally, two IVE-DMRs associated with infertility
(TNP1 and C9orf3) were targeted for validation. Differ-
ential methylation was validated at the C9orf3 gene.
However, validation of the TNPI region was hampered
by our inability to target CpG sites within the most-
associated DMR in this locus. We attempted validation
at TNPI by targeting CpG sites in the neighbouring 500-
bp bin and observed consistent direction of association
close to nominal significance.
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In this study the non-IVF group included a set of twins
conceived after GIFT and another set conceived after
ovarian stimulation not followed by IVF. GIFT and ovar-
ian stimulation are fertility treatments not equivalent to
IVF since fertilisation still occurs in the fallopian tubes.
We showed that our results were not affected by the in-
clusion of these data, potentially because they were repre-
sented in small numbers, only four out of 58 samples.

Limitations

There are several limitations in this study. First, it is known
that cell composition may represent a confounding variable
in EWAS [56]. Our results use principal component ana-
lysis anticipating that these will capture cell heterogeneity,
and follow-up of our findings in a subset of twins with
available cell counts showed that the majority of findings
remained significant after adjustment for cell heterogeneity.
Second, although MeDIP-seq has the strength of genome-
wide coverage, it lacks base-pair resolution, instead generat-
ing methylation scores across genomic regions. However, it
has been reported that methylation of neighbouring CpG
sites is correlated over distances up to 1000 bp [57], sug-
gesting that the approach may be able to capture a good
proportion of the methylation variance in a genomic region.
Third, although this study includes a sample size larger
than most previous studies exploring IVF, contemporary
EWAS study designs generally require larger numbers of
cases and controls to achieve sufficient power to detect
small to moderate effect sizes [21, 58]. Lastly, our approach
cannot conclusively determine the cause of the observed
IVF-associated methylation changes. Future studies of IVE-
associated regions in animal models, where genetic differ-
ences and infertility diseases can be discarded, could help
identify if these changes were caused by IVF itself.

Conclusions

We observed evidence for differences in DNA methylation
between IVF and non-IVF twins on a genome-wide scale. A
strength of this study design is that it allowed us to also es-
timate the contribution of genetic and environmental fac-
tors towards DNA methylation levels at the IVF-associated
loci. The inclusion of only twin pregnancies also avoided
biases present in studies that consider single and multiple
pregnancies together. Multiple pregnancies are more
common after IVF. Therefore, the differences observed
when studying singleton and twin births together may be
confounded with the higher risks of adverse perinatal out-
comes in multiple pregnancy births, rather than IVF itself.
Nevertheless, we were unable to dissect whether methyla-
tion changes were likely caused by IVE, or were due to the
underlying parental subfertility, or other factors. These
scenarios require further study exploring the stability of
these DMRs over time, their relation with gene expression,
and their potential role in health and disease.
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