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Abstract

Epigenetic variation between individuals can provide a mechanism for phenotypic
variation and differences in disease risk. While a proportion of epigenetic vari-
ation can be ascribed to genetic factors, epigenetic variation can persist even in
the absence of genetic differences and in some cases this variation can be inher-
ited between generations. Only a handful of such loci have so far been identified
in animals, but importantly no systematic assessment of the frequency of epige-
netic inheritance has been performed. The underlying aim of this work was to
determine the extent to which transgenerational epigenetic inheritance occurs in
the mammalian genome, with a starting hypothesis that transgenerational epi-
genetic inheritance is widespread. Genome-wide DNA methylation analysis was
performed on two related pedigrees of isogenic mice. Investigations of pedigree-
specific epigenomic differences were hampered by batch effects in RRBS data, but
a systematic approach to this confounder led to the identification of epigenomic
variation across the genome that was specific to each pedigree of the isogenic an-
imals. As this investigation progressed, two other areas came in to focus: gender-
specific cytosine methylation differences across autosomal DNA of several tissue
types, and the problem of low concordance of results from differential methyla-
tion analysis methods. Gender-specific methylation differences are widespread
and tissue specific, and a fraction of them appear to be independent of sex-specific
hormonal factors. Furthermore, a considerable degree of under-calling was found
among differential DNA methylation analysis methods, suggesting that a majority
of genuine differentially methylated loci may be going undetected in a range of
experimental scenarios.

xx



Chapter 1

Introduction

1.1 The epigenetic era

Heritability has long been considered a solely genetic phenomenon, with DNA

held as the only medium through which information can pass between genera-

tions. However, in the last few decades many factors additional to DNA sequence

have been found to contribute to phenotypic variation at both the cell and whole

organism level, and to display a degree of heritability in several model systems.

The term “epigenetics” came in to general use to cover experimental results that

deviated from expected patterns of Mendelian inheritance, as a result of variations

additional to primary DNA sequence, and mutations thereof. Progress in the last

20 years has revealed a range of mechanisms that can be classed as epigenetic.

These include covalent modifications to DNA and histone tails, histone and other

DNA binding protein variants, and a range of non-coding RNA phenomena such as

RNA interference. The contribution of epigenetic regulation to biology is not only

fascinating from a fundamental perspective, but has significant implications for

human health, particularly with regards to complex, non-Mendelian diseases such

as cancers, heart disease and diabetes. However, the expectation that discoveries

in fundamental epigenetics would soon translate to the clinic has been largely un-

met. What is now called for is a back-to-basics approach with detailed studies of

the general characteristics of epigenetic variation, both intrinsic and induced by
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1. Introduction

environmental influences or associated with disease.

This thesis describes a detailed analysis of genome-wide variation in DNA methy-

lation in the mouse. When specific DNA bases in the genome are methylated or

demethylated, this can induce further epigenetic changes that modulate gene ex-

pression. This thesis concentrates on the nature and degree of DNA methylation

variation between genders and between tissue types originating from all three

embryonic germ layers. An advantage of the mouse model is that an isogenic pop-

ulation can be used, so any observed epigenetic variation should be independent

of underlying genetic variation, an unavoidable confounder in human study pop-

ulations.

1.2 Defining ‘epigenetic’

Many associate epigenetics with Conrad Waddington, who proposed the concept

of developmental “canalization” [3]: the process of differentiation from an orig-

inal state to a particular phenotype, as guided by environmental interactions or

the “epigenetic landscape”. This early, conceptual understanding still applies in

some fields, such as developmental biology and functional morphology. For in-

stance, Susan Herring defined it as “the entire series of interactions among cells

and cell products which leads to morphogenesis and differentiation” [4]. How-

ever, as knowledge has accumulated and the molecular basis of epigenetic gene

regulation has become clearer, a more mechanistic definition has taken shape. The

definition most relevant to this thesis, originally proposed by Riggs and colleagues

[5] is “the study of mitotically and/or meiotically heritable changes in gene func-

tion that cannot be explained by changes in DNA sequence”. Independence from

underlying DNA sequence is a key point of discourse in the field, and is discussed

later in this chapter and also in Chapter 3.

2
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1.3 Key processes in epigenetic regulation

With the exception of rare somatic mutations, the DNA sequence in each cell of

an organism is identical. As originally proposed by Waddington, the diversity

of cell types produced from this one genome is a product of the modulation of

the genome by the epigenetic landscape, which effects dynamic gene regulation

in response to temporal and environmental cues [3, 6, 7]. As such, pluripotent

cells (such as embryonic stem cells) are capable of differentiation into a range

of cell types of specific anatomy and function. The molecular basis for this epi-

genetic regulation involves a complex interplay between the DNA, DNA binding

proteins and covalent chemical modifications. For example, DNA nucleotides can

be directly modified with covalent marks such as methyl groups, which can guide

the placement of subsequent regulatory factors such as DNA binding proteins and

remodeling machines. In mammals, the presence of 5-methylcytosine (most com-

monly at the CG dinucleotide motif) can lead to recruitment of histone deacety-

lases and subsequent alteration of local chromatin structure to a more compact

state in which DNA is less accessible to the transcriptional machinery (reviewed in

[8, 9]) This silencing activity is important for repression of transposable elements

and viral sequences as well as expression state regulation of protein-coding genes.

Post-translational modification of the histone proteins that form nucleosomes is

also an important regulator of gene expression. Generally, acetylation of histone

tails is associated with transcriptional activation and hypoacetylation with tran-

scriptional repression. In mammals, histone methylation can mark the presence

of either active or repressed states. H3K9 methylation (H3K9me), the addition

of a methyl group to lysine 9 of histone H3, is a hallmark of dense packing into

heterochromatin and is widely distributed throughout telomeric and centromeric

regions of chromosomes. H3K9 trimethylation (H3K9me3) has also been found

to be a prerequisite for DNA methylation in plants and fungi, and to guide methy-

lation to pericentromeric heterochromatin regions in animals [10, 11, 12, 13]. A

counterpart, H3K4 methylation, is associated with transcriptional activity and is

often found on or near promoter sequences of very active genes [14] (reviewed in
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[15, 16]).

The NCP (nucleosome core particle) is comprised of two copies of each of four

histone proteins: H2A, H2B, H3,and H4 [17, 18, 19]. Replacement of these with

variants also plays a role in transcriptional regulation via changes to the degree

of openness of the overall chromatin architecture (termed ‘nucleosome phasing’)

and subsequent binding of proteins that are required for initiation of transcription.

A well-studied example of this is replacement of H2A with the H2A.Z variant at

promoters leading to either transcriptional competence or repression depending

on the local context [20, 21, 21, 22].

A striking degree of context dependency underlies the functions of each type of

epigenetic modification and in many facets it remains unclear which factors initi-

ate the cascade of events leading to transcriptional repression or activation, and

the formation of varying degrees of transcriptional enzyme accessibility at partic-

ular DNA sequences.

1.4 Early discoveries and classic epigenetic phenom-

ena

Many early epigenetic discoveries were made using plants; these inspired work

in animal models. The discovery of transposable elements and transposon phase

change by Barbara McClintock is an example that continues to inform and inspire

research in other models. McClintock found that the “jumping” elements in maize,

originating from areas of chromosome breakage, were capable of altering the ex-

pression of genes near sites of insertion [23]. We now know that transposable

elements and other non-self sequences are abundant in the mammalian genome,

with DNA- and retro-transposons comprising as much as 65% of the total DNA

sequence, and that these sequences need to be tightly repressed for normal em-
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Table 1.1: Summary of epigenetic modifications in mammalian genomes

Modification Example mol. species Associated functions/consequences Key mol. effectors

DNA methylation 5mC

Transcriptional repression:

Hypermethylation of CpG island/shore

Hypermethylation of promoter/enhancer

DNMT1 - maint.

DNMT3a - de novo

DNMT3b - de novoTranscriptional activation:

Hypomethylation of CpG island/shore

Hypomethylation of promoter/enhancer

Transposition and genomic instability:

Hypomethylation of repetitive sequences

DNA hydroxymethylation
hmC-1

hmC-3

Alteration of DNA strand separation dynamics

leading to repression or activation
TET

Histone modification:

(methylation, acetylation,

phosphorylation, ubiquitylation,

sumoylation)

H3K4me3

H3K27me3

H3K9me

H4K9ac

H3K14ac

Transcriptional repression or activation

depending on context

HATs

MYST

HDACs

Histone variant replacement and

nucleosome positioning

H2A

H2A.Z

H2B

H3

H4

H2A.Z at promoters - transcriptional repression

Aberrant positioning at trinucleotide repeats

Remodeller recruitment/misrecruitment

CRMs:

SWI, SNF, SWR1

bryonic development.

In the 1950s Alexander Brink described paramutation [24] at the rl locus in maize.

In this system, one allele (termed the paramutagenic allele) acts in trans to effect a

heritable alteration in the expression of another allele (the paramutable allele) or

homologous sequence. This phenomena was shortly after described by Coe [25] at

the bl locus, again in maize, and by Hagemann at the sulfurea locus in the tomato

[26]. Vicky Chandler’s group have since discovered that this is an RNA-mediated

event in several loci in maize, with ‘mediator of paramutation1’ or mop1 sequences

being essential for both establishment and maintenance of the paramutated state

[27]. Paramutation has also been found to occur in several genes in plants and

fungi [28], and paramutation-like events have also been demonstrated in animals

[29, 30].

Another well-characterised epigenetic process is that carried out by the Polycomb

and Trithorax protein groups (PcG and trxG, respectively). These were discov-
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ered in Drosophila melanogaster and are essential for maintenance of the tran-

scriptional states of Hox genes during development (reviewed in [31] and [32]).

If these proteins are absent or dysfunctional during the development of body seg-

ments, Hox gene expression initiates in a normal manner but quickly becomes

aberrant. This provided evidence that PcG/trxG proteins are required for main-

tenance (or memory) of epigenetic states through cell generations, but not for

establishment of gene expression states. It was subsequently discovered that PcG

and trxG bind to specific DNA sequences to direct post-translational modification

of histone H3 via trimethylase activity [33, 34, 35, 36], thereby altering chromatin

state. The Polycomb system includes proteins with RNA binding domains and cat-

alytic activity, which rely on ncRNA (non-coding RNA) species to provide sequence

specificity to target response elements in DNA, and guide histone modification

enzymes to effect the required transcriptional state (reviewed in [37, 38, 39].

X–chromosome inactivation (XCI, also known as lyonisation), the process by which

all but one X-chromosome in each cell is randomly rendered inactive, also requires

ncRNA species. XIST, a conserved lncRNA, recruits Polycomb Repressive Complex

2 (PRC2) to target loci in DNA, subsequently leading to H3K27 trimethylation,

the formation of heterochromatic regions and spreading of XCI across the chro-

mosome for dosage compensation [40, 41, 42, 43].

Two further well-characterised epigenetic phenomena are:

• Parental imprinting

Alleles are expressed in accordance to the sex of the parent from which the

allele was inherited [44]. Parental imprinting has been studied in mammals

for over 30 years and there are several validated examples of gene expression

occurring in a parent-of-origin specific manner (reviewd in [45] and [46]).

• Position-effect variegation

Gene expression changes that result from the positioning of the gene or DNA

sequence within genomic chromatin regions. In a simple form a normally

active gene may be relocated to an area of heterochromatin, where dense

chromatin packing renders the gene silent. This was originally described by
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Hermann Muller who observed mosaic eyes in Drosophila caused by translo-

cation of pigment genes to heterochromatic regions [47].

1.5 Environmentally induced epigenetic variation

Epigenetic modifications can be modulated by external factors such as exposure

to toxins in the environment, diet and other lifestyle factors. The plasticity of

epigenetic modifications affords dynamic regulation over the lifetime of an or-

ganism or cell and adaptation to environmental changes in a much shorter time-

frame than genetic changes would allow. Parental diet and in-utero environment

have recently been the focus of a large body of research on health and disease

risk in later life. The bulk of DNA methylation and other epigenetic patterns are

established immediately following fertilisation with the occurrence of epigenetic

reprogramming, but there is evidence that epigenetic changes continue to occur

throughout gestation and into postnatal life, providing a large window of time

in which the uterine environment may effect lifelong changes in the epigenome.

Studies of DNA methylation in the agouti viable yellow (Avy) and axin fused (Ax-

inFu) mouse models have yielded proof that maternal nutrition can bring about

DNA methylome changes in offspring [48, 49, 50] and there is evidence that DNA

methylation changes can indeed lead to changes in disease susceptibility in later

life [51].

Studies of human twin pairs have also provided insight into how aging and en-

vironmental influences can lead to phenotypic changes over time in the absence

of significant genetic variation. Differences in disease susceptibility between adult

monozygotic twins gave evidence that epigenetic changes occur with aging [52]

and this was supported by reports of divergences in both the patterns and abso-

lute amounts of DNA methylation between twins over time [53]. However, others

have reported differences were insignificant, even between unrelated individuals

of different age [54]. Maternal smoking is another topical example of the effects

of environmental exposure on epigenetic marks and disease risk in offspring. Ex-

posure of the embryo or fetus to nicotine or tobacco smoke leads to alterations
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in DNA methylation both at specific (studied) genes and on a global basis, and to

increased likelihood of allergic respiratory diseases [55, 56, 57, 58].

1.6 Intrinsic epigenetic variation

This work is not concerned with the effects of environmental influences on epigeno-

type, but rather with the underlying or ‘baseline’ variation that exists between

genders, tissues and individuals of the same genotype. In much the same way the

genomic era brought about an explosion in knowledge of the basis of genetic dis-

eases, our understanding of the roles of epigenetic marks in disease causation (and

therefore in potential therapies) will require detailed mapping of the epigenome in

its wild type state. This proposition is a much more ambitious one than it’s genetic

counterpart, however, in part due to the extreme complexity, context dependency

and the dynamic nature of the epigenetic modifications, as exampled by attempts

to decipher the histone code. However, as throughput of experimental techniques

increases rapidly, along with computational power and decreasing costs, the goal

of an epigenomic map is becoming more achievable. It is well established that

cells acquire very different epigenetic characteristics during the process of cellular

differentiation and the formation of specialised tissues, and that the faithful prop-

agation of these epigenetic patterns are a prerequisite for normal cellular develop-

ment. Results from the NIH Roadmap Epigenomics Mapping Consortium [59, 60],

along with those from smaller groups, provide a wealth of data for the exploration

of intrinsic variation in normal cells. However, without a sound understanding of

how best to model and analyze this data progress could be slow.

1.7 Epigenetic inheritance in mitosis

Stable propagation of gene expression patterns, and thus of epigenetic programs,

is a requirement of normal cellular mitosis. In plants, RNAi (RNA interference) is
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known to direct both mitotic and germline inheritance [61], but mechanisms for

the equivalent information transfer between cell generations in animals are still

not wholly understood. DNA methylation is readily inherited through cell divi-

sions in a semi-conservative manner, as hypomethylated DNA motifs in the new

strand attract the maintenance DNA methylase DNMT1 [62] for the establishment

of parental cell patterns. However, whether DNA methylation is capable of re-

cruiting the machinery required for assembly higher order chromatin structures

is unknown. Two other candidate mechanisms for mitotic transmission of epige-

netic marks in animals include the association of histone modifying enzymes with

the DNA (via the replication machinery) throughout the DNA replication process,

which then go on to re-establish chromatin placement [63], and the transmission

of ncRNA species that guide reprogramming in the next cell generation.

1.8 Epigenetic reprogramming in embryogenesis

Development of the mammalian embryo requires erasure and remodeling of epige-

netic marks between generations for totipotency and for bi-parental patterns to be

re-established after passing through the germline to offspring. In addition to epi-

genetic reprogramming in gametogenesis, levels of 5-methylcytosine at paternally

derived sequences in the mouse genome have been reported to rapidly decrease

immediately following fertilization and within the first few cell cycles in the new

embryo at loci from the male lineage. This process is often termed “global active

demethylation” and is followed by passive demethylation of DNA from the female

lineage over subsequent rounds of mitosis (reviewed in [64]). The mechanism by

which this occurs is not well understood, and no enzyme has been identified which

displays the ability to effect this global change in methylation. Because activation

of transposable elements would lead to fatal consequences, these sequences need

to be tightly repressed throughout all stages of life, including in gametogenesis

and embryogenesis. Therefore, it is essential that some epigenetic marks must be

maintained, and indeed this has been found to be the case (with parental imprint-

ing an established example). Smallwood et. al. [65] found that, of a subset of
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1000 CpG islands, 15% are methylated in ovulated eggs and 25% in sperm. Some

of these sequences were found to be demethylated by the blastocyst stage but this

erasure of methylation was was nowhere near the level necessitated by the ac-

cepted reprogramming model (described above) [64]. Because the majority of de

novo methylation occurs upon the formation of the epiblast [66], much later in the

developmental time-line, rapid re-methylation at the early blastocyst stage can not

explain these findings. Work by O.Neil and colleagues [67] has cast further doubt

on the concept of widespread active demethylation, with the finding of antigenic

masking of 5-methylcytosine with conventional methods, and the discovery of re-

maining methylation with the addition of tryptic digestion to the experimental

protocol. Thus, earlier immunolocalisation experiments may have erroneously re-

ported demethylation during embryonic maturation. In another line of evidence,

the finding of cumulative increases in DNA methylation with consecutive genera-

tions of dietary methyl-supplementation (discussed in more detail in Chapter 3)

suggests that some changes to the epigenome are maintained through meiosis and

gametogensis [48].

1.9 Epigenetic marks and DNA sequence dependence

It is useful to consider epigenetic variation on a scale of autonomy from underlying

DNA sequence. Figure 1.1 illustrates this concept, as described by Eric Richards

[68] who suggests three categories of epigenetic variation: obligatory, facilitated

and pure. Obligatory epigenetic variation is completely dependent upon the DNA

sequence, and this may be due to either cis- or trans- acting interactions. At the

other extreme end of the scale, pure epigenetic variation is that which is totally

independent of underlying DNA sequence and may arise, for example, in a stochas-

tic manner due to errors in propagation of epigenetic marks. This type of varia-

tion can be considered as genuine TEI. The evidence for this type of variation in

animals remains controversial and includes the epigenetic divergence of mono-

zygotic twins over time [53], as well as evidence of TEI at a handful of loci (see

Table 1.10. Facilitated epigenetic variation is an intermediate state of dependence
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on DNA sequence. The Avy mouse model provides an example of this, as genetic

variation at the intracisternal-A particle (IAP) directs epigenetic changes at the

agouti locus in a probabilistic manner.

ep
ig

en
ot

yp
e

genotype

obligatory
(genotype y is always silent)

facilitated
(only genotype y exhibits probabalistic 

silencing)

pure
(probabalistic silencing completley 

independent of genotype)

Figure 1.1: Scale of autonomy of epigenetic marks from DNA sequence. Adapted

from Richards, 2006 [68]

1.10 Transgenerational epigenetic inheritance

Transgenerational epigenetic inheritance (TEI) refers to the transfer of epigenetic

factors between generations, either through meiosis or from soma of parents to

soma of offspring. Genetic variation and environmental influences have been long

held as the drivers of evolution, with the contribution of epigenetic factors only

coming into consideration in recent years. Lack of a known mechanism for inheri-

tance of epigenetic marks makes this type of inheritance conceptually challenging.

In addition, some scientists have theoretical reservations, particularly with regards

to the role of TEI in evolution, and consider TEI as a phenomena that lasts only

for a few generations, and allows short term adaption to variable environmental

11



1. Introduction

conditions, but that is not selectable. TEI is also experimentally challenging; the

dynamic nature of epigenetic marks leads to problems of reproducibility between

between groups. Nevertheless a few loci, termed epialleles, have been found in a

range of organisms and appear to display the characteristics of genuine transgen-

erational epigenetic inheritance. Examples of loci subject to TEI are given in Table

1.10.

Table 1.2: Examples of meiotically transmitted epialleles.

Locus Organism Mechanism 98 Stability Phenotype Ref.

Avy Mouse

TE associated. IAP element inserted upstream;

loss of silent epigenetic state is associated

with overexpression.

Metastable Yellow coat colour; obesity [69]

AxinFu Mouse

Transposon-associated. Intronic IAP element;

loss of silent epigenetic state of transposon is

associated with overexpression of a partial

Axin coding sequence.

Metastable Kinked tail [70]

B’ Maize

Epigenetic state of the short tandem repeat 100 kb

upstream of the coding sequencing is

associated with transcriptional inactivity.

Generated by paramutation.

Metastable Reduced pigmentation [71]

a-m2-7991A1 Maize

Transposon-associated. Spm element inserted

upstream of pigmentation gene; epigenetic state of

transposon is associated with DNA methylation.

Metastable Pigmentation and transposition [72]

P-pr Maize
Elevated cytosine methylation of coding sequence is

associated with gene silencing.
Stable Reduced pigmentation [73]

bal A. thaliana
Loss of silencing of an array of pathogen resistance

genes leads to overexpression.
Metastable Dwarfism; elevated disease resistance [74]

fwa A. thaliana

Transposon-associated. SINE upstream of coding

sequence; loss of silent epigenetic state on SINE-

associated repeats is associated with ectopic

expression.

Stable Delayed flowering [75, 76]

pai2 A. thaliana

Repeat-associated. RNA-directed DNA-

hypermethylation of coding seq. is associated

with gene silencing.

Metastable Metabolic [77, 78]

sup A. thaliana
DNA hypermethylation of coding seq. is

associated with gene silencing.
Metastable Abnormal floral organ number [79]

Lcyc
Linaria

vulgaris

DNA hypermethylation of coding seq. is

associated with gene silencing.
Metastable Radially symmetrical flowers [80]

Adapted from Table 1 of Richards, 2006 [68]
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1. Introduction

Four criteria are requisite for a genuine TEI event:

1. The epigenetic state in offspring resembles that of the parent

2. The change shows a degree of meiotic heritability

3. Observed heritability cannot be explained by changes in DNA sequence

4. If environmentally induced, the new state is maintained in the absence of

the initial stimulus

1.10.1 Transgenerational epigenetic inheritance in animals: An

experimental and conceptual challenge

TEI is widespread in plant genomes and it is well established that the transposable

elements originally described by Barbara McClintock are central components of

heritable transcriptional silencing. Plant systems have obvious benefits as experi-

mental models for TEI, owing to tractable mechanisms of inheritance and ease of

propagation; animal models provide a much more complex system. Nevertheless,

TEI has been found to occur in animals such as worms and flies but so far at only a

few discrete genomic loci. Studies in C. Elegans have shown that double stranded

RNA (dsRNA) from somatic cells can be transmitted to the germline where they

can bring about gene silencing for as many as 25 generations [81]. There is evi-

dence for soma-to-germline information transfer in the mouse, with the detection

of enhanced green fluorescent protein (EGFP) in sperm heads from male mice that

were subject to xenografting of EGFP-expressing melanoma cells [82].

Most TEI events in higher animals have been found to result in variable expres-

sivity, even between isogenic individuals, and this lability of expression is referred

to as metastability. Metastable epialleles appear to be silenced or activated in a

probabilistic manner but are often sensitive to environmental perturbation in early
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development. Thus they are commonly used in investigations of environmental in-

fluences on phenotypic consequences in later life and in succeeding generations.

For example, the affects of gestational nutrition on obesity and Type II diabetes

risk has recently received much attention. Avy and Axin(Fu) are examples of

metastable epialleles in mice, with the Avylocus the most intensively studied [83].

Expression at the Avy locus is controlled by a retrotransposon (the intracisternal-A

particle or IAP) which, if active, directs the transcription of agouti via its own pro-

moter, leading to pleiotropic changes in phenotype from lean with pseudoagouti

(brown) fur to obesity, type II diabetes and yellow fur [84, 85, 86, 49, 87]. The

variable activity of the IAP leads to mosaicism of this phenotype in individuals

and variability between offspring and even litter-mates. Silencing of the promoter

contained in the IAP is correlated with levels of DNA methylation [69]. Regardless

of the phenotype of the parents, offspring of Avy mice range in appearance from

fully obese and yellow, to mottled, to lean and brown (pseudoagaouti), indicating

that epigenetic resetting occurs between generations. However, the fact that the

distribution of phenotypes in offspring is skewed toward the maternal state, and

that this phenotypic shift continues into the next generation, suggests that the epi-

genetic state at Avy escapes epigenetic resetting in embryogenesis and is inherited,

followed by variable expressivity in those offspring [88].

Avy and Axin(Fu) provided some of the first proofs of concept for the occurrence of

TEI in mammals and warranted speculation about how restricted this phenomenon

is. An interesting question to raise is whether loci such as Avy represent rare, dis-

crete cases of TEI or alternatively if the phenomenon occurs at many loci in mam-

malian genomes. With the technology needed to investigate these events in detail

still emerging, our knowledge of how extensive TEI is in the mammalian genome

is very limited.
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1.10.2 Challenges of studying TEI in natural animal popula-

tions

Several factors contribute to the difficulty of identifying TEI in natural populations,

but perhaps the most significant of these is minor variations in DNA sequence, such

as SNPs, which may be exceedingly difficult to pinpoint as the cause of epigenetic

differences. In order for the influence of genetic factors to be completely ruled out

in an apparent TEI event, the DNA sequence of not only the local area, but ideally

the entire genome, must be known. Otherwise, interactions between genetic and

epigenetic factors in trans will remain confounding.

1.10.3 The mechanism of TEI is unknown

TEI is widespread in plants and is known to involve an RNAi system whereby small

interfering RNAs that accumulate in the vegetative nucleus and embryo after fer-

tilisation guide the enzymes responsible for de novo DNA methylation [89], but no

equivalent mechanism is known in animals. Indeed, there is no known mecha-

nism for meiotic inheritance of epigenetic modifications in animals and this makes

TEI conceptually challenging. Extracellular vesicles and non-coding RNA (ncRNA)

species have recently been implicated in TEI in mice and humans [82, 90, 91], and

provide a mechanism of soma-to-germline feedback. Aside from the the arguments

around whether or not such a process is epigenetic per se (possibilities arise of the

influence of non-self sequences, such as environmental RNAs), confusion remains

about how many generations such signals can persist: given that a perturbation

in one animal can affect two generations at once (the animal and its developing

germ cells), at least four generations would be required to display the change if the

initial stimulus is removed after the first generation. Some scientists have strong

theoretical reservations about TEI, particularly with regards to its role evolution,

and consider TEI as a phenomenon that lasts only a few generations and allows

short term adaption to variable environmental conditions, but that is not subject

to classical selection processes that occur over much longer time periods [92].

15



1. Introduction

Because of the dynamic nature of epigenetic marks and systems, as compared

to genetic ones, TEI is experimentally challenging, with findings by one research

group often debated by others, either in their entirety, in part, or in interpretation.

Whereas DNA sequence is stable from cell to cell and over the time course of an

experiment (and thus results comparable from batch to batch and between labs),

epigenetic data are not, and are affected by many confounding variables such as

animal husbandry, sampling differences and batch effects in sample preparation.

In addition, some argue that there is as of yet no direct evidence of TEI being

independent from genetic factors and that epigenetic modifications are brought

about by recruitment factors, such as DNA binding proteins, which operate by

DNA sequence specificity [93, 92], thus making ‘epigenetic’ marks ‘genetic’ by def-

inition. DNA methylation is the only known epigenetic mark that does not pose

the problems of lack of specificity and self-perpetuation required for memory and

inheritance. This led to the idea that DNA methylation could be the molecular

substrate for mitotic, and possibly even meiotic, epigenetic inheritance. However,

because TEI has been observed in organisms that do not use DNA methylation

DNA methylation has more recently been discarded as a primary candidate and

focus has shifted primarily to RNA species.

1.11 DNA methylation

DNA methylation, the reversible addition of methyl groups to specific DNA nu-

cleotides, is an important regulator of gene expression and thus phenotypic varia-

tion. DNA methylation is a covalent modification and, despite being reversible, is

much less dynamic than other epigenetic marks, and often persists over the entire

lifetime of the cell or organism. This stability also makes it more amenable to

study in the experimental sense. DNA methylation is also self-perpetuating: the

symmetrical nature of cytosine methylation at CpG dinucleotides in animals con-

fers the ability of semi-conservative replication.
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DNA methylation occurs in a range of genomic contexts across both the prokary-

otic and eukaryotic domains. For example, adenine methylation is found in prokary-

otes and fungi [94], but cytosine methylation, the addition of a methyl group to

the fifth carbon of cytosine residues, is the primary form of this modification in

higher eukaryotes. CHH and CHG methylation occurs widely in plants [95] and

can also be found in certain vertebrate cell types, such as mammalian pluripotent

stem cells [96]. However, methylation at symmetrical CpG dinucleotides is the

most common and widely studied of such modifications in vertebrates and is the

marker used for all studies within this thesis. Methylcytosine is prone to transition

mutations due to a high rate of spontaneous deamination. As a consequence of

this the CpG dinucelotide motif is depleted in the genome. CpG dinucleotides are

symmetrically methylated and enables f a semi-conservative replication for faith-

ful propagation of parent strand CpG dinucleotide methylation patterns to the

daughter strand in cellular mitosis. This has established DNA methylation as an

archetypal example of an epigenetic modification.

The vertebrate genome is known to be depleted of CpG dinucleotides, owing to

hypermutability of methylated cytosines and CG suppression, resulting in CpGs

comprising as little as 1% of the genome. However, CpG islands (regions of ele-

vated CG composition and infrequent cytosine methylation) punctuate the genome

and are highly associated with transcription start sites and promoters, particularly

of constitutionally expressed genes.

In mammals, stochastic de novo DNA methylation and error correction is carried

out by the DNA methyltransferase enzymes DNMT3a and DNMT3b and subse-

quently maintained through semi-conservative replication by the action of DNMT1

[62].
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1.11.1 Functions of DNA methylation

In general, DNA methylation is thought to contribute to the formation of hete-

rochromatic regions in the genome and transcriptional silencing by bringing about

inaccessibility of DNA to the transcriptional machinery [97, 98, 99, 100]. In con-

trast, regions of the genome that are enriched for non-methylated CpGs, called

CpG islands, are associated with gene promoters and other regulatory features,

where they contribute to a transcriptionally permissive environment. Methylation

of these CpG island regions is associated with gene silencing and is a prevalent

feature of abnormally silenced genes in cancers.

However, this relationship with gene expression is not wholly understood and

appears to be very context dependent. For example, methylation within promot-

ers and first exons is highly correlated with transcriptional repression, but dense

methylation within downstream exons and introns does not necessarily lead to

repression and may even be associated with active transcription [101, 102, 103,

104, 105, 103]

1.12 Methods for DNA methylation data acquisition

and analysis

1.12.1 DNA methylation profiling methods

1

Bisulfite sequencing

Bisulfite sequencing employs bisulfite conversion [106] coupled with high-throughput

DNA sequencing. DNA methylation states can then be assayed with standard DNA

1Portions of this section (1.12) are adapted form the author’s own writing in
the book chapter listed in the Publications and Awards section , [1]
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sequencing platforms such as Illumina Hi-Seq which has recently lead to signif-

icant advances in the field of epigenomics. Sample preparation for bisulfite se-

quencing involves treatment of genomic DNA with sodium bisulfite, deaminating

cytosine residues and giving conversion to uracil. 5-methylcytosine is unaffected

by bisulfite treatment and with subsequent PCR steps uracils produced from bisul-

fite conversion of unmethylated cytosines are converted to thymine. Following

DNA sequencing, reads are aligned to and compared with a reference DNA se-

quence and cytosine/thymine mismatches of aligned reads between the methy-

lation data and reference genome sequence are used to determine methylation

states in the sample.

Whole genome bisulfite sequencing

Whole genome bisulfite sequencing (WGBS) is currently the state-of-the-art method

for obtaining high resolution DNA methylation data and carries the advantage that

almost the entire genome is covered. For the most common library preparation

method (used for Illumina sequencing) genomic DNA is sheared during bisulfite

conversion and this bisulfite-treated single-stranded DNA is then random-primed

using a polymerase capable of reading uracils. This polymerase synthesizes DNA

containing a sequence tag. 3′ ends of the new strands are then selectively tagged

with another fragment of specific sequence, giving di-tagged DNA molecules with

known sequences at their 5′ and 3′ ends. As with standard Illumina sequencing,

samples can be barcoded and sequenced in multiplex. For sufficient coverage for

the purposes of DNA methylation analysis, a single library from a human sample

is often run across two lanes of an 8-lane flow cell, giving around 120Gb of data.

The cost of WGBS can be prohibitive for medium to large scale experiments or

small laboratories and this has led to the development of methods that reduce

breadth of coverage of the genome, allowing more samples to be included in the

same sequencing run or lane while maximising coverage at areas of interest.
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Reduced representation bisulfite sequencing

Reduced representation bisulfite sequencing (RRBS) [107] enriches genome se-

quence for regions that are likely to be of most interest for epigenetic regulation,

such as CpG islands, promoters and enhancer sequences. This ’reduced represen-

tation’ lowers the cost of sequencing and also gives increased depth of coverage,

facilitating the resolution of more subtle changes in methylation levels.

RRBS library preparation utilizes restriction enzymes that cut genomic DNA at spe-

cific sequences and independently of methylation state. The enzymes Msp I and

TaqA1 are commonly used; the use of both enzymes in combination is referred to

as enhanced RRBS (eRRBS), as is the method employed in this thesis. Msp I and

TaqA1 have restriction sites of 5‘...CCGG...3‘ and 5‘...TCGA...3‘ respectively. The

possible fragment motifs given by Msp I and TaqA1 disgestion are detailed in Fig-

ure 1.2, along with their bisulfite converted counterparts. Resulting fragments are

size-selected (most commonly by gel electrophoresis) for fragments of between

40 and 220 bp length. Selection of this fragment size yields information for the

majority of CpG islands in the mammalian genome and also for a range of other

regions including genes, enhancers and repeat sequences. This step is followed by

fragment end-repair, A-tailing, sequencing adapter ligation and bisulfite conver-

sion.
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5’ ...CCGG... 3’
3’ ...GGCC... 5’

Msp1 digestion

5’ ...TCGA... 3’
3’ ...AGCT... 5’

Taqα1 digestion

Bisulfite conversion and Taqα1 digestion:

Original template:

OT original top

CTOT complement of OT

OB  original bottom

CTOB complement of OB

OT

OB

Original template:

Bisulfite conversion and MspI digestion:

OT

CTOT

OB

CTOB

OT

CTOT

OB

CTOB

Strand legend:

Figure 1.2: Msp1 and Taqa1 motif possibilities

1.12.2 Data pre-processing, quality control and alignment meth-

ods

Adapter contamination in sequencing reads can lead to significant decreases in

mapping efficiency and thus the loss of large amounts of data. It is therefore

important to remove as much adapter contamination as possible from the reads

before alignment to the reference genome. Several methods have been developed

for this purpose such as cutadapt [108] and trim galore [109]. General quality

control metrics can be gained by the use of FastQC and this is the most widely-
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used tool for this purpose for both standard and bisulfite sequencing experiments.

The most widely-used alignment and mapping tool for bisulfite sequencing data is

Bismark [110] which combines the short-read alignment tool Bowtie2 [111] with

methylation calling functions and creates output for methylation in CpG, CHG and

CHH contexts. Other tools for alignment of base-space WGBS/RRBS data include

BS-Seeker [112] and RRBSMAP [113] but new software is continually being de-

veloped.
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1.13 Hypothesis and aims of this study

Transgenerational epigenetic inheritance (TEI) is the transference of information

(in the form of epigenetic marks) from generation to generation, in a manner

which does not involve changes to the underlying DNA sequence, but which nev-

ertheless leads to a change in the phenotype or traits of subsequent generations.

TEI requires that epigenetic changes in one generation are stably passed on to off-

spring via the gametes.

The initial hypothesis of this work was that transgenerational epigenetic inheri-

tance is a widespread phenomenon in mammals. In other words, that epigenetic

variation that is independent of underlying DNA sequence occurs at many loci

across the genome, and that at least some of this variation is heritable.

This hypothesis was tested by generating isogenic but distantly related families

of mice, and asking whether those families display epigenetic inheritance over

three generations. Confounding variation that would impede identification of

purely epigenetic differences is minimised in this approach by a number of fac-

tors: an isogenic mouse strain is used in which genetic drift is highly unlikely to

affect between-pedigree comparisons, and external environmental factors are min-

imised by the breeding and sampling of mice in identical conditions (that is, the

same facility, with the same treatment and with sampling at specific time-points

from matching tissues). Technology that allows deep interrogation of methylation

states at key genomic loci across the genome (RRBS) was employed for profiling

genome-wide DNA methylation in these animals.

The hypothesis predicts that the DNA methylomes of siblings, parent-offspring

pairs, or whole pedigree will be more similar to each other than to those of more

distantly related individuals from a different pedigree within the colony. The oc-

currence of differentially methylated loci or patterns that are specific to pedigrees
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can also be predicted. This work is described in Chapter 3.

The analysis of RRBS data from the pedigrees led to the finding that, in the liver,

gender was the main source of variation in DNA methylation at autosomes. This

prompted further investigation into gender-specific DNA methylation in the liver

and other tissues. In addition, because his analysis was carried out using a range

of statistical methods and software, and very low degrees of concordance were ob-

served between the methods, a systematic comparison of differential methylation

(DM) analysis methods also arose from this work. The findings from the gender-

specific DNA methylation studies and DM methods comparison form chapters 2

and 4, respectively.

Overall aims:

1. To investigate the nature and extent of ‘pure’ epigenomic variation in mam-

mals and to test for the occurrence of transgenerational epigenetic inheri-

tance

The experimental approach for this aim was the comparison of RRBS data

of siblings from three generations within distantly related pedigrees of an

isogenic mouse colony.

2. To investigate the nature and extent of DNA methylation variation between

genders in a range of tissue types, including those derived from the three

different embryonic germ layers

This was achieved primarily by comparisons of RRBS data from male and

female liver, brain and heart samples.

3. To compare and evaluate the performance of several existing methods for
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differential DNA methylation analysis.

To achieve this, several existing bioinformatics methods were applied to

four different RRBS datasets, each representing a different experimental sce-

nario: The gender comparisons dataset used for Aim 2; a tissue comparisons

dataset of liver, brain and heart; a kidney tumor dataset and a spontaneously

hypertensive rat (SHR) kidney dataset.

25



Chapter 2

Gender-specific DNA methylation

2.1 Introduction

The initial aim was to investigate pedigree specific differences in methylated loci

and methylation patterns, and the inheritance of such patterns between genera-

tions. As discussed in Hypothesis and Aims and Chapter 4, these were predicted to

be significant. As a first step, to test if the pedigrees could be separated based on

DNA methylation patterns, 6 liver samples from one generation of each of pedi-

grees A and D were taken forward to Enhanced Reduced Representation Bisulfite

Sequencing (eRRBS) . Six of the 12 liver samples were from male and mice and

6 from female. Unexpectedly, the main source of variation among individuals

was gender rather than pedigree, even when sex chromosomes data was removed

prior to analysis. This finding, along with the scarcity of studies detailing gender-

specific DNA methylation in tissues other than peripheral blood, prompted further

investigations into epigenetic differences between genders. A key question in this

part of the research was whether gender-specific DNA methylation is conserved

across tissues and possibly set in very early development, or if gender differences

are set in later life and largely distinctive of tissue type. In order to address these

questions the CpG methylomes of a further two mouse tissue were interrogated:

brain and heart. These tissues were chosen because they are derived from distinct

germ layer origins from the liver (heart, mesoderm; brain, ectoderm; liver, endo-
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derm). eRRBS was performed on three males and three females for both tissues.

Possibly, gender specific methylation contributes to sexual dimorphism, which

morphologically is defined as differences in appearance between males and fe-

males of the same species. This phenomenon is apparent in a range of traits in

animals and contributes significantly to patterns of disease in humans. Almost all

human diseases exhibit some component of sexual dimorphism; this can manifest

as sex differences in incidence, age of onset, or the severity of symptoms. For ex-

ample, several mental illnesses are known to be influenced by gender differences

in brain function (reviewed in [114]) and some striking differences in susceptibil-

ity have been described in many types of cancer (reviewed [115]), such in as those

of the immune system and blood vessel wall [116]. Genetic differences alone can-

not explain the discordance, nor can it be adequately explained by combining the

modifying actions of sex hormones [117, 118] . Despite increasing efforts in un-

derstanding epigenetic contributions to complex disease, [119], the contribution

of epigenetic factors such as DNA methylation to gender differential in disease

susceptibility is so far under-explored.

Reports of gender-specific DNA methylation differences are scant. Such differences

have been previously reported in peripheral blood samples, initially by Fuke et al.

[120] as variations in total DNA methylation amounts from HPLC experiments,

where a subtle but significant increase in DNA methylation was observed in males

compared to females. While seemingly counterintuitive based on the presence of

an inactive (and hypermethylated) X chromosome in females, this subtle increase

in methylation was also found in several other studies of peripheral blood at tar-

geted genic loci. El-Maarri et al. [121] and Zhang et al. [122], identified higher

levels of DNA methylation in males by using methylation levels at repetitive ele-

ments (LINE1 and Alu) as a proxy for genomic methylation levels, and this was

reflected in a handful of selected genic loci. Using MethyLight arrays, Sarter et al.

[123] also identified a tendency towards higher DNA methylation levels in males

at the genes Mthfr, Calca and Mgmt (but not at Esr1) in white blood cells from a
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Singapore Chinese cohort. In whole blood samples from a study of twin pairs and

controls, Boks et al. [124] again identified a very modest but significant increase

in methylation at several loci with a bead array method.

Subsequent and more detailed analyses of sex-specific methylation differences

have revealed a different picture. Infinium 450K array analyses of blood DNA

show that the majority of differentially methylated loci, as expected, reside on the

X chromosome, where they are hypermethylated in females relative to males, but

that a proportion also occur on autosomes [125]. A recent meta-analysis (7,333

samples sourced from 81 studies) of 450K array data revealed 184 consensus sites

on autosomes exhibiting gender-specific methylation in peripheral blood leuko-

cyte DNA [125]. Similar gender differences have also been identified using the

450K array in other human somatic tissues. More than 8000 CpG sites were re-

ported to exhibit gender differences in human prefrontal cortex; 164 of these were

autosomal and showed a preponderance for hypermethylation in females [126].

Human saliva was found to harbour 580 autosomal methylation differences in-

fluenced by gender [127], though the differences were not biased towards one

gender overall. Only an 8% overlap between sex associated differentially methy-

lated genes was found between saliva and blood samples, in contrast to X chromo-

some differentially methylated CpGs that showed a much higher overlap (81%)

between the two sample types. Recent work on isolated pancreatic islets revealed

400 autosomal CpG sites displaying sex-specific methylation, and the group sug-

gest that these epigenetic differences may underpin gender differences in insulin

secretion [128]. Studies of other human tissues are scant, and the 450K array

carries the limitation of interrogating only predetermined CpG sites; it is possible

that the phenomenon of gender specific methylation is widespread in the genome.

Whether or not changes at the individual CpG sites on the array are reflective of

change across a broader region also cannot be determined, and the increase in

breadth of genome coverage afforded by genome-wide methods can begin to ad-

dress these questions.

28



2. Gender-specific DNA methylation

Analyses of gender specific DNA methylation patterns in the mouse are more de-

tailed than those in humans; ironically, because of the necessity for using reduced

representation bisulfite sequencing (RRBS) or other singe base resolution meth-

ods (there is no Infinium methylation array designed for the mouse). Using RRBS,

Ghahramani et al. [129] found 396 genes in the mouse liver that exhibited gender-

specific DNA methylation; the same group reported the induction of male-specific

methylation patterns in the brain of female mice with neonatal testosterone ad-

ministration [130].

Sex hormones and their receptor pathways have been found to play a significant

role in many less than obvious phenotypic differences between genders, such as

that observed in adult brain plasticity [131]. The effects of Estradiol on synapto-

genesis and neuronal morphology [132] in the developing brain provide another

example (see also [133]. Testosterone has been shown to masculinise methylation

patterns in specific regions in the brains of ovariectomised female mice [129].

Whether sex hormone-independent gender differences exist in liver, or in other

tissues, has remained unclear. More recently Reizel et al. used a similar RRBS

approach to find sex-biased methylation at 160 loci in mouse liver, with most ex-

hibiting hypermethylation in females [134]. Interestingly, all of these 160 liver

differentially methylated tiles (DMTs) were not DMTs in the muscle or spleen, ar-

guing against an early developmental origin. Rather, the liver DMTs appeared to

arise through testosterone-dependent hypomethylation during puberty; the same

loci remained hypermethylated in females and castrated males.

It is not known when and how gender-specific DNA methylation differences emerge.

Such differences may be inborn or established in very early development, or ac-

quired by hormonal (such as testosterone exposure) or other influences during the

life course. The latter scenario of programming by sex-specific factors implies that

gender-specific methylation patterns may be set late in embryonic development,

or even postnatally. This timing would be in contrast to that of the bulk of de

novo methylation, which takes place during the very early stages of embryogen-
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esis, prior to gastrulation when the blastula is reorganised into the three distinct

germ layers. These layers subsequently give rise to specific organs. This timing of

establishment was investigated with the hypothesis in mind that gender-specific

differences are inborn or established at a time point in very early development,

antecedent to gastrulation. DNA methylation profiles of tissues from the three

distinct germs layers were used to test this. 1

1Sections of this chapter are published as detailed in the Publications section
(thesis front-matter) and reference [2]
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2.2 Methods

2.2.1 Ethics approval

All animals were handled in accordance with good practice as defined by the

National Health and Medical Research Council (Australia) Statement on Animal

Experimentation, and requirements of state government legislation. The study

was approved by the Garvan/St Vincent’s Animal Ethics Committee (#13/35 and

12/09).

2.2.2 Mice and diets

The mice used in this study are descended from the C57Bl/6 colony maintained

at Oak Ridge National Laboratories (originally obtained from the Jackson Labo-

ratories, stock #000017). Mice were housed at the BioCore facility at the Victor

Chang Cardiac Research Institute. Mice in pedigree A were fed ad libitum on con-

trol (NIH-31), those in pedigrees B were fed supplemented (NIH-31 plus (per kg)

15g choline, 15g betaine, 7.5g L-methionine, 150mg zinc, 15mg folic acid, 1.5mg

vitamin B12) diet (Specialty Feeds, WA, Australia) until the pair preceding F0.

2.2.3 Breeding strategy

Methyl donor supplemented mice

Supplementation (pedigree B) of founder breeding pairs occurred from two weeks

prior to mating and continued for the duration of breeding. In pedigrees A and

B, mice were weaned onto the control diet and mated; control diet was continued

for the duration of breeding. Mice were euthanized with CO2 for tissue collection

at 24 weeks of age.
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2.2.4 Tissue Samples

Mouse tissues (brain, heart, liver) were snap frozen prior to storage at -80 °C until

DNA extraction. DNA was extracted from a 5mm coronal section of the rostral end

of the brain, a 5mm apical section of the heart, and the extreme caudal section of

the left lobe of the liver.

2.2.5 DNA extraction

Frozen tissue sections were homogenised in lysis buffer (50 mM TrisHCl pH 8.0,

100 mM EDTA, 1% SDS, 100 mM NaCl) and incubated with 400 µg/ml Pro-

teinase K (Roche) overnight at 55 °C followed by phenol:chloroform extraction

and ethanol precipitation. After quality checking by standard agarose gel and Nan-

oDrop methods, genomic DNA was sent on dry ice to Zymo Research (Irvine, CA,

USA) for RRBS library preparation and sequencing through the Methyl-MiniSeqTM

service. Zymo Research (ZR) confirmed that samples had been received in good

condition with plenty of dry ice remaining in the package.

2.2.6 Enhanced representation bisulfite sequencing (eRRBS) li-

brary preparation

eRRBS libraries were prepared by Zymo Research (ZR) through their Methyl-

MiniSeqTM service. At the ZR facility, libraries were prepared from 200-500 ng of

genomic DNA digested with 60 units of TaqαI and 30 units of MspI (NEB) sequen-

tially and then extracted with Zymo Research (ZR) DNA Clean & ConcentratorTM-

5 kit. Fragments were ligated to pre-annealed adapters containing 5’-methyl-

cytosine instead of cytosine according to Illumina’s specified guidelines. Adaptor-

ligated fragments of 150–250 bp and 250–350 bp in size were recovered from a

2.5% NuSieve 1:1 agarose gel (ZymocleanTM Gel DNA Recovery Kit). The frag-

ments were then bisulfite-treated using the EZ DNA Methylation LightningTM Kit
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(ZR). Preparative-scale PCR was performed and the resulting products were puri-

fied (DNA Clean and ConcentratorTM, ZR) for sequencing.

2.2.7 eRRBS sequencing

Sequencing was performed by Zymo Research (ZR) on Illumina Hi-Seq 2000 as

part of the Methyl-MiniSeqTM service. A paired-end (non-directional) method was

employed with a 50 bp read length for all samples, but at 2x the standard sequenc-

ing depth for the second batch (batches are described in the next section 2.2.8). An

Illumina sequence application known as Dark Sequencing was used (see http://

www.illumina.com/documents/products/technotes/technote-hiseq-low-diversity.

pdf) as is standard practice for RRBS.

2.2.8 eRRBS batching

Batch 1: Liver samples

Samples were processed (by Zymo Research) in two batches. The first of these was

all 12 liver samples, which were processed for eRRBS library construction in paral-

lel and with the same lot of reagents at each step. The samples were sequenced in

2 separate lanes of an Illumina Hi-Seq 2000 Flowcell with samples 69827, 69828,

69829, 69830, 72364 and 72365 in one lane and samples 75535, 75536, 75538,

75539, 75541 and 75542 in a separate lane.

Batch 2: Brain and heart samples

Brain and heart samples (6 of each) were processed in a later batch in a cohort of

24, and at twice the standard depth (at which batch 1 samples were sequenced).

The RRBS libraries were processed in groups of 8. Details given here refer to only

those that are relevant to this chapter. Both brain and heart samples for 75535,
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75536, 75538 and 75539 (8 samples in total) were processed together, with brain

and heart samples for 75541 and 75542 (4 samples total) in a separate lot.

For sequencing, Batch 2 samples were indexed, pooled and 6-plexed (6 samples

per pool) across three lanes of an Illumina Hi-Seq 2000. 75535 and 75536 (brain

and heart) samples were sequenced across the same 3 lanes as each-other (Flow-

cell 1, lanes 2-4). 75538, 75539 and 75541 (brain and heart) samples were se-

quenced across the same 3 lanes as each-other (Flowcell 1, lanes 5-7), while 75542

samples (brain and heart) were sequenced in lane 8 of Flowcell 1 and lanes 1 and

2 of Flowcell 3.

2.2.9 Read trimming, alignment and methylation calling

Sequence reads from bisulfite-treated EpiQuest libraries were identified using stan-

dard Illumina base- calling software. Trimming of adapter sequences and filled-in

nucleotides was performed using a combination of Trim Galore! [109, 108] and

proprietary scripts (Zymo Research), using the first several adapter nucleotides

(GATCGGAAGAGC) and then analyzed using a Zymo Research proprietary anal-

ysis pipeline written in Python and using Bismark [110] to perform the align-

ment. Index files were constructed using the bismark genome preparation com-

mand and the entire mm10 reference genome. The –non directional parameter

was applied in Bismark. All other parameters were left as default. Filled-in nu-

cleotides were trimmed off during methylation calling using a proprietary script

(Zymo Research). The methylation level of each sampled cytosine was estimated

as the number of reads reporting a C, divided by the total number of reads report-

ing a C or T.

2.2.10 Computation

Data analysis was performed on a number of different hardware architectures and

software platforms including an in-house virtual machine (CentOS 6.8 Linux, 8
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CPU, 64 Gb memory), the Wolfpack Cluster at Garvan Institute of Medical Re-

search, Sydney (CentOS 6.2 Linux, 4 x 16-core AMD Operon 6262SE, maximum

512 Gb memory) and The National Computational Infrastructure’s Raijin cluster

(CentOS 6.8 Linux), with a range of node configurations and between 32-128 Gb

memory.

R versions used: 3.1.1 and 3.2.1, Platform x86 64-redhat-linux-gnu. Further de-

tails of particular R packages and code are available on request, please contact the

author.

2.2.11 Checks for file integrity

Checksums for each data file were obtained from Zymo Research and checked

against the transferred files using the Unix tool md5sum.

2.2.12 Principal components analysis

PCA was conducted using the R package prcomp [135] and the methylKit function

PCASamples [136]. All parameters were left as default.

2.2.13 Hierarchical clustering

hclust [135] was used as the base clustering tool for all investigations, where the

distance method used was Pearson’s correlation and the agglomerative method

used was that of ‘Ward.D’. sparcl [137] was used with all parameters set as default

for 10 permutations. pvclust [138] was used with distance method of Pearson’s

correlation and cluster method ‘Ward’.
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2.2.14 Gene ontological analysis

Gene ontological analysis was performed with GREAT [139] using all default pa-

rameters with the exception that distal gene regulatory domains were reduced to

a maximum of 10 kb for the 100 bp tiles comparison.

2.2.15 Gene and CpG island annotations

Annotations were performed against mm10 (Dec. 2011 Mus musculus assembly,

Genome Reference Consortium Mouse Build 38 (GCA 000001635.2) RefSeq Gene

and CpG island tables from UCSC Table Browser. An in-house perl script was used

to search for flanking genes, with distance set to 1kb either side and the hierarchy

for preferentially assigning genes as miRNA, tRNA then repeats.

2.2.16 Differential methylation analysis

MethylKit

Differential methylation analysis was performed with the methylKit package [136].

CpGs with read coverage of less than 20x were excluded from analysis, as well as

those with coverage at or above the 99.9th coverage percentile. CpG sites with

data for both strands were merged using the ’destrand’ option. CpGs were further

filtered so that only those that were covered by ≥20x in all samples in the analysis

were included. Thresholds for calling a differentially methylated cytosine (DMC)

were set at a methylation difference of 25% or greater, and a q-value ≤0.01.

eDMR

The R package eDMR [140] was used for identification of differentially methylated

regions (DMRs), as an extension to DMC identification with methylKit [136]. For-
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mation of DMCs into regions by eDMR [140] was performed with a maximum

distance between DMCs of 100bp, minimum number of DMCs per region of 1,

minimum number of CpGs per region of 3, q-value maximum of 0.01 and a per-

centage difference minimum of 20 total across the region (taken as the average

of DMC percentage difference). eDMR employs a Stouffer-Liptak test to combine

p-values across a region, followed by correction to FDR.

2.2.17 Combined bisulfite restriction analysis (COBRA) valida-

tions

Ten loci (DMRs) identified as differentially methylated by RRBS were chosen for

independent validation by COBRA [141]. Primers were designed using Meth-

Primer [24] and sequences are listed in Appendix A.1. Following bisulfite PCR

and digestion with the relevant restriction enzyme, amplicons representing the

fraction of methylated and unmethylated template were quantified using densito-

metry (Multi Gauge V2.3).

2.2.18 Computation of highly variable CPG sites

Highly variable CPGs were defined as those that displayed variation in methyla-

tion percentage (between genders) of at or above the 95th percentile of standard

deviation.

2.2.19 Data intersections with histone modifications

CpG and DMC intersections with histone modifications were performed using

ChIP-Seq data from ENCODE/LICR, with NCBI BioProject accession numbers PR-

JNA215099 (GEO accession GSE49847) and PRJNA63475.

Files used for histone mod. intersections:

ENCFF001XXD mouse, 8wk, heart, h3k27ac
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ENCFF001XXH mouse, 8wk, heart, h3k4me1

ENCFF001XWL mouse, 8wk, cortical plate, h3k27ac

ENCFF001XWM mouse, 8wk, cortical plate, h3k4me1

ENCFF001XXV mouse, 8wk, liver, h3k27ac

ENCFF001XXZ mouse, 8wk, liver, h3k4me1

Histone peak files were lifted from mm9 to mm10 prior to intersection with DMCs

by use of the UCSC liftOver tool (at https://genome.ucsc.edu/cgi-bin/hgLiftOver).

Bedtools [142] intersect was used for finding overlapping elements between DMCs

and histone peaks.
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2.3 Results

2.3.1 Overall scheme of animal breeding and sample collection

A detailed description of rationale, methods and results for the mouse pedigrees

can be found in chapter 4; what follows here is a brief description of the experi-

mental set-up, as applicable to this chapter.

Two pedigrees of isogenic C57BL/6J mice were bred for the purpose of the studies

within this thesis. Ancestors of pedigree B mice had received dietary methyl donor

supplementation as part of a previous study. Methyl donor supplementation has

been shown to increase DNA methylation variation in a cumulative manner [48],

and this was employed via dietary supplementation (described in 2.2.2) with the

aim of amplifying any existing epigenetic variation between the pedigrees. En-

hanced representation bisulfite sequencing (eRRBS) was applied to liver, brain

and heart samples from 3 generations of each pedigree. As the original aim was

to investigate the nature of inter-pedigree epigenetic differences, initial analyses

initial analyses sought to test if the pedigrees could be distinguished from one

another epigenetically. Six liver DNA samples from the equivalent generation of

each pedigree (12 samples total) were taken forward to eRRBS. Because it was

unknown if males, females or a mixture of genders would be best to test the epi-

genetic inheritance hypothesis, 3 of the 6 samples from each pedigree were male,

and 3 female. Surprisingly, the strongest source of variation in DNA methylation

profiles appeared to be gender, even when only autosomal DNA methylation data

was considered. This, along with the paucity of literature on gender differences in

DNA methylation, prompted further investigations into gender differences in the

liver, as well as the preparation and sequencing of 6 brain and 6 heart samples

with eRRBS. Table 2.1 details the samples discussed in this chapter. Brain and

heart were chosen because they are of distinct germ layer origin from each other

and from liver (as previously discussed in Introduction, section 2.1).
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Table 2.1: Details of samples used in this thesis

40



2. Gender-specific DNA methylation

2.3.2 eRRBS data acquisition

In-house RRBS library preparations gave inconsistent results and it was decided to

outsource the RRBS library preparation in order expedite experiments. Genomic

DNA was purified from all samples and these were sent to Zymo Research (Irvine,

CA, USA) for eRRBS library preparation and sequencing. eRRBS is described in

detail in Chapter 1, but briefly involves restriction enzyme digestion to enrich for

CpG rich regions and give low molecular weight DNA fragments for subsequent

steps. eRRBS differs from standard RRBS in that two enzymes are used (Msp1

and TaqαI) instead of one, and thus breadth of genome coverage is increased

and more regions of biological interest can be interrogated. This is followed by

bisulfite conversion of unmethylated cytosines, size selection (this is most often

done with gel electrophoresis), end-repair and A-tailing for sequencing adapter

ligation, and finally high-throughput DNA sequencing and quantification of indi-

vidual cytosine methylation levels with reference to the mm10 genome. eRRBS

gives single base resolution DNA methylation data while lowering cost by way

of genomic enrichment method of regions that are likely to be of most biologi-

cal interest. Importantly, eRRBS and RRBS generally yield higher average read

depth than that achieved with whole genome bisulfite sequencing (WGBS). There

is therefore a trade-off between breadth and depth of coverage with reduced rep-

resentation and whole genome approaches. Read depth is a crucial consideration

in bisulfite sequencing experiments, because the methylation percentage (or ratio)

at any CpG site is a tissue average measure; several million cells would be present

in a typical 5mm by 5mm tissue sample section and each cell would differ in epige-

netic profile. Read (or coverage) depth determines how many reads can be used to

calculate the methylation level at each CpG. Therefore, for reliable tissue-average

methylation level calculations it is advantageous to obtain the highest read depth

possible. High read depth also enables relatively small differences in methylation

levels to be identified with high confidence. eRRBS library preparation and se-

quencing was done in two batches, the first of which was the 12 liver samples, the

analysis of which prompted me to sequence 6 heart and 6 brain samples in a later

batch (see 2.2.8 for details).
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2.3.3 Pre-analysis eRRBS data processing

Data was received from Zymo Research as BAM files and methylation track files

(BED format), with pre-processing and QC having already been performed (2.2.7

and 2.2.9). BAM files from all samples were re-checked for quality with FastQC

[143], and all samples were within expected parameters of quality RRBS data.

PHRED scores after the first 3 read bases were all of high quality (with a range of

28-40). Methylation bias (“M-bias”) plots were also produced and inspected for

each sample. These plots show the methylation proportion across each possible

position in the read, and can highlight bias at either end of the read from recon-

stituted Msp1 sites or 3’ end repair. M-bias was found to be within expected limits

(as defined by Zymo Research). Files were then processed to remove data from

unassigned chromosomes, and Chr X and Y data where required. An in-house perl

script was used to convert these files to the file format required for methylKit and

several other formats as required for other downstream analyses.

2.3.4 General eRRBS data characteristics and quality

eRRBS sequencing resulted in an average CpG read (coverage) depth of between

20x and 34x for samples in batch 1 (all liver samples), and between 25x and 45x

for samples in batch 2 (brain and heart samples). Batch 2 samples were sequenced

at greater depth than those in batch 1 (by distributing samples across additional

lanes) (see 2.2.7 and 2.2.8), resulting in the difference in average coverage range

between each batch. Table 2.3.4 details basic sequencing statistics for each sam-

ple. Bisulfite conversion efficiency was 99% in all but one sample. Figure 2.1

shows representative plots for sample M1 L (batch 1) from male liver (see 2.1).

Coverage histograms (2.1 A) for all samples showed that the eRRBS data fit the

expected coverage distribution, with no right-hand-side high coverage peak that

would indicate PCR bias. The vast majority of CpGs covered at genes and CpG is-
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lands reached read coverage in excess of 50x (2.1 B). CpG methylation histograms

(2.1 C) for all samples displayed the expected distribution, with strong bimodality.

The cause of the smaller peak at the center of the reverse strand in Figure 2.1 C is

unknown. It could possibly be from imprinted loci, but the peak may be too large

to warrant this assumption. This smaller peak was present in reverse strand reads

from most samples.

Table 2.2: eRRBS sequencing results

Batch 1

Sample Mouse # Tissue Read pairs
Mapping efficiency

(%)
Unique CpGs

Avg. CpG

coverage

Bis. conversion

rate (%)

M1 L 69827 liver 60,268,319 66 4,915,024 25X 99

M2 L 69828 liver 58,067,398 66 4,827,401 22X 99

M3 L 72364 liver 57,787,017 67 4,986,507 22X 99

M4 L 75535 liver 67,854,407 64 4,868,233 28X 99

M5 L 75536 liver 71,338,022 65 4,867,356 28X 99

M6 L 75541 liver 90,083,319 63 4,989,685 33X 99

F1 L 69829 liver 51,134,404 66 4,993,127 20X 99

F2 L 69830 liver 53,542,067 67 4,903,909 21X 97

F3 L 72365 liver 59,666,223 66 5,042,826 21X 99

F4 L 75538 liver 66,395,302 65 4,864,258 27X 99

F5 L 75539 liver 77,929,883 65 4,956,491 28X 99

F6 L 75542 liver 86,312,415 63 4,883,512 34X 99

Batch 2

Sample Mouse # Tissue Read pairs
Mapping efficiency

(%)
Unique CpGs

Avg. CpG

coverage

Bis. conversion

rate (%)

M4 B 75535 brain 96,341,045 66 5,395,054 39X 99

M5 B 75536 brain 116,016,453 61 5,439,710 43X 99

M6 B 75541 brain 108,104,491 64 5,955,703 32X 99

F4 B 75538 brain 104,122,889 62 5,274,364 39X 99

F5 B 75539 brain 102,864,085 63 5,267,278 38X 99

F6 B 75542 brain 97,357,069 65 5,370,874 35X 99

M4 H 75535 heart 96,651,998 60 5,532,101 34X 99

M5 H 75536 heart 68,301,961 62 5,137,886 25X 99

M6 H 75541 heart 111,028,152 64 5,955,703 32X 99

F4 H 75538 heart 126,168,220 64 5,720,951 37X 99

F5 H 75539 heart 114,063,116 60 5,688,409 36X 99

F6 H 75542 heart 100,499,695 65 5,522,956 33X 99

Details provided by Zymo Research as part of the Methyl-MiniSeq service.

43



2. Gender-specific DNA methylation

CpG coverage: Forward strand

log10 of read coverage per base

Fr
eq

ue
nc

y

0 1 2 3 4

0e
+0

0
1e

+0
5

2e
+0

5
3e

+0
5

4e
+0

5
5e

+0
5

6e
+0

5
7e

+0
5

1 2 3 4

0 1 2 3 4

CpG coverage: Reverse strand

log10 of read coverage per base
Fr

eq
ue

nc
y

0
50

00
0

10
00

00
15

00
00

20
00

00
25

00
00

A

B

% CpG methylation: Forward strand

% methylation per base

Fr
eq

ue
nc

y

0 20 40 60 80 100

2e
+0

5
4e

+0
5

6e
+0

5
8e

+0
5

1e
+0

6

% CpG methylation: Reverse strand

% methylation per base

Fr
eq

ue
nc

y

0 20 40 60 80 100

0
50

00
0

15
00

00
25

00
00

35
00

00

C

Gene CpG coverage CpG island CpG coverage

No cov.
Less than 10x cov.
10-49x cov.
More than 50x cov.

14% 11%

83% 87%

0
10

00
00

20
00

00
50

00
00

40
00

00
30

00
00

60
00

00
70

00
00

Figure 2.1: Representative plots of eRRBS data characteristics from sample M1 L.

(A) Coverage histograms for forward and reverse strands after coverage filtering

for ≥20x. (B) Pie charts of CpG coverage for genes and CpG islands prior to

any coverage filtering (plots produced by Zymo research). (C) CpG methylation

histograms for forward and reverse strands after coverage filtering ≥20x, show-

ing characteristic bimodality of methylation levels. Frequency is occurrence per

sample library

Stringent filtering was applied to all data, with CpGs with read depth <20x ex-
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cluded from analysis. This is a higher stringency than that applied in the bulk of

existing literature in this area, where a minimum of 10x is commonly used. Al-

though all analyses described in this chapter were tested with data filtered for a

range of read depths (≥1x, ≥5x, ≥10x, ≥20x and ≥50x), ultimately results from

≥20x filtered data were chosen for presentation in this thesis. This stringent fil-

tering approach was taken because the eRRBS data was of high quality and read

depth and thus relatively reliable percentage methylation values could be obtained

without the loss of too much breadth of coverage. A variety of tile lengths were

also tested for all analyses described in this thesis, but there appeared to be no

benefit gained from tiling of individual CpGs into regions of a pre-defined length
2. In addition to removal of data <20x coverage depth, CpG sites with cover-

age at or above the 99.9th percentile of coverage depth were removed, as these

are usually artefactual (from PCR amplification bias). Data was merged at CpGs

with coverage of both forward and reverse strands. This is a standard practice

for symmetrical DNA methylation motifs such as CpG, and provides the benefit

of increased read coverage for methylation percentage calculation. In addition,

CpGs were further filtered so that only those with read coverage ≥20x across all

samples in the analysis were included. This is again a higher stringency than that

often used in the literature, but was employed with the aim of identifying differ-

entially methylated cytosines (DMCs) at as high confidence as possible.

Table 2.3 gives details of dataset sizes as number of CpGs at each step of filtering

during processing and analysis (subsequent to standard quality control, filtering

and read trimming applied during pre-processing of data by Zymo Research). Im-

portantly for this chapter, a similar number of CpG sites are taken forward to

analysis from males and females. A larger number of CpG sites pass the final

filtering step for brain and heart than liver (1,639,867, 1,531,904 and 668,134

respectively), and this is expected with smaller sample groups (3 samples of each

gender for brain and heart, versus the 6 samples of each gender sequenced for the

liver analysis), when only sites covered in all samples in the test are considered.

2The results of a more sophisticated region-forming approach are described
later in section 2.3.6

45



2. Gender-specific DNA methylation

Table 2.3: Number of CpG sites in eRRBS datasets from liver, brain and heart.

LIVER

Sample No. of CpGs No. of CpGs when filtered for ≥20x cov. No. of CpGs ≥20x coverage in all samples

M1 L 4,915,023 2,509,929

668,134

M2 L 4,827,400 2,315,481

M3 L 4,986,506 2,307,451

M4 L 4,868,232 2,668,649

M5 L 4,867,355 2,738,958

M6 L 4,989,684 2,887,382

F1 L 4,993,126 2,236,456

F2 L 4,993,126 2,213,593

F3 L 5,042,825 2,242,074

F4 L 4,864,257 2,630,950

F5 L 4,956,490 2,676,439

F6 L 4,956,490 2,783,801

BRAIN

Sample No. of CpGs No. of CpGs when filteredfor ≥20x cov. No. of CpGs ≥20x coverage in all samples

M4 B 5,166,430 2,663,913

1,639,867

M5 B 5,204,536 2,948,518

M6 B 5,030,034 3,071,568

F4 B 5,050,407 2,814,359

F5 B 5,042,781 2,895,111

F6 B 5,143,251 2,940,750

HEART

Sample No. of CpGs No. of CpGs when filteredfor ≥20x cov. No. of CpGs ≥20x coverage in all samples

M4 H 5,305,057 2,631,034

1,531,904

M5 H 4,920,466 2,366,944

M6 H 5,705,695 3,052,006

F4 H 5,478,633 2,037,209

F5 H 5,453,373 2,841,873

F6 H 5,294,225 2,952,378

Correlation between samples

Figure 2.2 shows pairwise sample correlation scatterplots of liver (A), brain (B)

and heart (C) eRRBS data, subsequent to filtering (for read depth ≥20x across all

samples). All samples are highly correlated to one another, as can be expected

from samples originating from the same tissue of an inbred, genetically identical
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animal cohort. This high degree of correlation indicates that methylation differ-

ences are not likely to be numerous, and many may be small. Therefore, differ-

ences may be more difficult to detect than would be the case in studies with more

disparate samples groups (for example, cancer vs. control samples). Correlation

values in Figure 2.2 are independent of the gender or pedigree from which the

samples originate, providing some reassurance against confounding effects from

batching in downstream analyses, excepting the batching of tissue types into two

groups for sequencing.
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Figure 2.2: Pearson correlation matrix of eRRBS data. (A) liver, (B) brain and

(C) heart, after filtering for read coverage ≥20x across all samples. Histograms

directly underneath sample labels (center diagonal) show distribution of methyla-

tion %. A larger, representative example of these can be found in Figure 2.1C.
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2.3.5 Gender-specific DNA methylation variation in the mouse

liver

Gender is the primary source of variation between liver samples, even with

Chromosome X and Y data excluded from analysis

In order to test the original hypothesis of this project (that transgenerational epige-

netic inheritance is a widespread phenomenon in mammals), and as a preliminary

test on which to base further investigations, initial analyses sought to test if the

mouse pedigrees could be distinguished from one another epigenetically. This be-

gan with exploratory methods, firstly by the use of an unsupervised agglomerative

hierarchical clustering approach to investigate relationships and variation among

samples. Such methods use successive merging of clusters in a bottom-up manner,

originating with a singleton (a single sample), and proceeding until all clusters are

moved into a single cluster containing every sample. Analysis of liver eRRBS data

showed that individuals did not cluster by pedigree (as the original hypothesis of

this project predicted) but instead separated strongly by gender, even when data

from sex chromosomes was excluded (Figure 2.3 A). Separation of samples by

pedigree occurred in a lower cluster (yellow and green shaded samples in (Figure

2.3 A), and will be discussed in Chapter 3.

Because this strong separation by gender in the dendrogram was unexpected when

sex chromosome data was excluded, a bootstrap resampling hierarchical cluster-

ing method (using the R package pvclust [138]) was then employed to measure the

uncertainty of the hierarchical clustering result. Bootstrap samples are generated

by random sampling of the data for many iterations (in this case 10,000 iterations

were performed), and bootstrapped replicates of the dendrogram are obtained by

re-applying the cluster analysis to data from each sampling. This gives an empiri-

cal p-value. Two p-values are given: AU (Approximately Unbiased) p-value and BP

(Bootstrap Probability) value. The AU p-value, which is computed by multiscale

bootstrap resampling, is considered a better approximation to an unbiased p-value

than the BP value which is produced by standard bootstrap resampling. The origi-
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nal clustering result was highly supported, with all higher order branches receiving

the maximum AU value of 100. (Figure 2.3 B).
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Figure 2.3: Unsupervised hierarchical clustering of mouse liver eRRBS data, fil-

tered for read coverage ≥20x across all samples, and with sex chromosome data

excluded (A) Produced with hclust. Distance method: correlation. Clustering

method: Ward. (B) Multiscale bootstrap resampling of unsupervised hierarchi-

cal clustering (10,000 iterations). Produced with pvclust. au (red) = approxi-

mately unbiased p-value, bp (green) = bootstrap probability. Grey numbers (be-

low branches) are edge numbers.

Although gender-specific differentially methylated sites and regions have been

previously reported, these have generally been identified in targeted genomic re-

gions rather than on a genome-wide scale. In addition, very few tissue types had

been investigated until very recently. There is therefore very little known about

the general nature of variation in DNA methylation between genders in the liver,

and indeed in any organ. This is surprising given the known importance of DNA

methylation in epigenetic regulation of gene expression, and the many examples of

gender-bias in human phenotypic traits and disease risk. Therefore, more detailed

investigations into gender-specific DNA methylation variation in the liver were
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performed. As a next step Principal Component Analysis (PCA) was employed

with the liver eRRBS data. PCA involves orthogonal transformation of variables

into a number of linearly uncorrelated variables and reveals the underlying struc-

ture of the data by providing a list of components (or features) that contribute

to the variation. PCA of liver eRRBS data showed the same distinct clustering of

samples by gender as was seen in hierarchical clustering results, and this was irre-

spective of whether sex chromosomes were included (Figure 2.4 A) or not (Figure

2.4 B). The PCA screeplot (Figure 2.4C) and Table 2.3.5 show that the variation

can be attributed to at least 12 principal components (though only the first 10 are

plotted in Figure 2.4 C). The first PC is likely gender, with a 0.1257 proportion of

variance (Table 2.3.5), but several other PCs below it make a similar contribution

to variation and suggest that the variation seen in this tissue is of complex origin.

Pairwise PCA plots (Figure 2.4 D-F) show clearly this separation by gender in the

first PC, but other features (components) cannot be deciphered. Neither PC2 or

PC3 appear to be pedigree of origin (samples M1-3 and F1-3 are from pedigree A,

and M4-6 and F4-6 are from pedigree B (see also Table 2.1). It was of particular

interest that females displayed larger inter-individual variation than did males, as

illustrated by the wider spread of female samples in PCA plots (Figure 2.4 A, B,

D-F). Because the oestrous cycles of females were not synchronized at the time of

tissue collection (not all females came from the same cage, so it is unlikely their

cycles would have been in sync naturally), it is possible that this is a source of

the higher variability in PCA compared to males. However, there is no existing

evidence of an effect of oestrous cycle on DNA methylation patterns, so this is not

likely.
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Figure 2.4: Principal component analysis (PCA) of liver eRRBS data. (A) 3D plot

of the first three PCs with sex chromosome data included and (B) excluded. (C)

PCA screeplot with sex chromosome data excluded. (D) Plot of PCs 1 and 2 with

sex chromosome data excluded, (E) Plot of PCs 2 and 3 with sex chromosome

data excluded, (F) Plot of PCs 3 and 4 with sex chromosome data excluded. Data

filtered for read coverage ≥20x. Performed with prcomp [135] at default settings.

Table 2.4: PCA summary table of liver eRRBS data, sex chromosome data excluded

PC1 PC2 PC3 PC4 PC5 PC6

Standard deviation 14.8133 13.5949 13.4394 13.01485 12.8737 12.4864

Proportion of variance 0.1257 0.1059 0.1035 0.09706 0.09496 0.08934

Cumulative proportion of variance 0.1257 0.2316 0.3351 0.43219 0.52715 0.61649

PC7 PC8 PC9 PC10 PC11 PC12

Standard deviation 12.15004 11.64715 11.57438 11.28598 11.6643 2.974e13

Proportion of variance 0.08459 0.07773 0.07676 0.07298 0.07145 0.0000

Cumulative proportion of variance 0.70108 0.77881 0.85557 0.92855 1.0000 1.0000

Data filtered for read coverage ≥20x. Performed with prcomp [135] at default settings.
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2.3.6 Gender-specific differentially methylated cytosines and

regions in mouse liver autosomes

After exploring the general nature of gender-specific variation in autosomal liver

CpG methylation, cytosine residues in loci of statistically defined methylation dif-

ference were focused on. 3 The most widely used software for identification of

DMCs at the time this work was undertaken was the R package methylKit [136],

which applies logistic regression for the identification of DMCs. This package was

used to search for gender-specific DMCs in the mouse liver.

Liver autosomal gender-specific DMCs are predominantly hypermethylated

in females

From a total filtered dataset size of 688,134 and using a minimum methylation

difference of 25%, 766 gender-specific DMCs were identified in liver autosomes

(details are given in Table 2.8). Interestingly, a strong bias towards hyperme-

thylation in females was found on all autosomes (Figure 2.5 A). Although a few

reports had previously identified regions of differential methylation between gen-

ders on autosomes, these had predominantly been on a much smaller scale and

using targeted methods. The finding of what seemed an autosome-wide prepon-

derance of hypermethylation in females was at the time unreported. Of the DMCs

hypermethylated in females (644 of 766 DMCs) 7% were annotated to exons, 9%

to UTRs, 2% to noncodng RNAs and 34% to introns. Remaining hypermethylated

3There are several published methods for identification of differentially methy-
lated cytosines and regions, but the field of statistical analysis of DNA methylation
data is immature, and there is no known best practice for reliable identification
of differences. Many existing methods are based on the assumption of normal
distribution, despite the well-known bimodal nature of CpG methylation. New
methods are being published on a regular basis, and these often apply more so-
phisticated and theoretically more appropriate statistical tests. During the course
of this project, differentially methylated cytosines (DMC) identification was car-
ried out using a range of different methods and this highlighted a strikingly low
degree of concordance between different methods. Chapter 4 is dedicated to this
facet of the project.
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DMCs annotated to intergenic regions. Figure 2.5 B shows the 766 liver autoso-

mal gender-specific DMCs with hierarchical clustering applied to both the DMCs

(y-axis) and samples (x-axis).
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Figure 2.5: Bar plot of liver gender-specific differentially methylated cytosines
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for methylation levels at or near 1 (i.e. 100%).
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Liver autosomal gender-specific DMCs occur largely outside of CpG islands

and shores

RRBS and eRRBS methods are known to enrich for CpG islands and other regions

of functional significance. Despite this enrichment for CpG islands holding true

for the liver eRRBS libraries used, the 766 gender DMCs identified were heavily

depleted in CpG islands (32% of all filtered data was annotated to CpG islands,

versus 1% of DMCs), and less so at CpG island shores, with corresponding enrich-

ment at open sea genomic regions (Figure 2.6 A and B).
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Figure 2.6: Annotation of liver eRRBS data to CpG islands (UCSC). (A) All data

filtered for read coverage ≥20x across all samples, 668,134 sites in total. (B) 766

gender DMCs. Annotation was performed with in-house scripts to mm10 CpGi

tables (UCSC)
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Liver autosomal gender-specific DMCs are depleted at 5’UTRs and exons

Figure 2.7 shows annotation of all filtered liver eRRBS data and the 766 gender

DMCs to RefSeq (UCSC) gene features. An enrichment at introns is seen (40% of

DMCs versus 26% of all filtered data) but DMCs show either depletion or very little

change at other genic features such as exons, UTRs and also at ncRNAs (Figure

2.7 A and B).
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Figure 2.7: Annotation of liver eRRBS data to RefSeq genes (UCSC). (A) All data

filtered for read coverage ≥20x across all samples. (B) 766 gender DMCs. Anno-

tation was performed with in-house scripts to mm10 RefSeq tables (UCSC)

Liver autosomal gender-specific DMCs are associated with multiple pathways

To ascertain the possible functional significance of liver DMCs , gene ontological

(GO) analysis was performed with GREAT [139]. Figure 2.8 shows that these

DMCs are associated with many pathways and processes, with lipid homeostasis-

and lipid metabolism-related functions dominating the list. That these GO asso-
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ciations are predominantly liver-specific suggests that they may be of functional

significance even though they were not highly associated with genes in Figure 2.7.

Possibly, these DMCs are components of trans-acting gene regulatory pathways.

Many more pathways, processes and functions were significant according to this

analysis, but only those with the strongest associations (-log 10 p-value ≥20) are

shown here.
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Figure 2.8: Significant gene ontological results of liver autosomal gender DMCs

with GREAT. Molecular function, biological process and cellular component re-

sults only. Data filtered for read coverage ≥20x across all samples. Genome

background: mouse NCBI build 38 (UCSC mm10, Dec 2011). GREAT settings:

Basal+extension (constitutive 5.0 Kb upstream and 1.0 Kb downstream, up to

1000 Kb max extension), statistical significance set as FDR adjusted p-value<0.05.
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The mouse liver harbors many autosomal gender-specific differentially methy-

lated regions

The investigations described above were limited to an individual CpG/DMC site

approach. As previously mentioned, this approach was chosen after also trialling

several different pre-set tile lengths. It is well-established that dense cytosine

methylation (across many cytosines in close proximity) is a common feature at

promoters and transcription start sites of silenced genes. A region-based approach

therefore was a logical next step for identifying differentially methylated loci of

high functional significance. The formation of DMCs into regions in an empirical

manner, based on spatial distribution of nearby CpGs and DMCs is a more natural

choice for this than that of setting a pre-defined tile length. The R package eDMR

[140] is one of the few methods to date that employ such an approach with DNA

methylation data. A minimum requirement of 1 DMC and 3 CpGs in each DMR

was used, with a maximum of 100 bp between individual DMCs for the formation

of DMR boundaries. Minimum methylation difference was set at 20%, taken as the

average of DMC percentage differences across a given region. Although these were

fairly modest requirements, this nevertheless yielded many statistically significant

DMRs of varying length. 222 DMRS were identified in the liver, with a size range

of 6-1822 bp, a range of 1-17 DMCs per DMR and methylation differences of up to

60% between genders. Manual searches in UCSC Genome Browser yielded many

direct annotations to genes and other genomic features (Table 2.3.6).

Nine out of ten selected gender specific DMRs verified according to COBRA

assay

A subset of 11 DMRs from section 2.3.6 were chosen for verification by Com-

bined Bisulphite Restriction Analysis (COBRA [141]) assay. These 11 DMRs were

selected manually on the basis of extent of methylation difference, q-value and

possible functional significance. DNA samples used for COBRA were the same as

those on which the eRRBS analysis was performed (M1 L to M6 L and F1 L to

F6 L). One of the 11 primer sets did not amplify, but nine of the other ten loci
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showed a significant difference in methylation levels between males and females

as predicted by the eDMR signals. This experimental verification indicates that

the eRRBS and bioinformatics strategy used (methylKit/eDMR) is able to detect

gender-specific methylation differences with high confidence.
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Figure 2.9: COBRA verifications of selected liver gender-specific DMRs from

eDMR. Plots represent the genes hosting each DMR. Bs-seq plots (top panels) show

average percentage methylation values across each differentially methylated locus

as assessed by eRRBS for females (red) and males (blue). X-axis shows genomic

location in mm10 genome. The CpGs interrogated by COBRA are indicated by

arrows. Graphs (bottom panels) show average percentage methylation in females

(red) and males (blue) as assessed by densitometry of COBRA bands. Error bars

represent SEM. Figure credit: JC.
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Table 2.5: Gender-specific DMRs verified by COBRA assay

Chr Start of DMR End of DMR Length Meth. diff. (%) No. CpGs No. DMCs DMR p-value DMR q-value Gene annotation

chr16 58514157 58514348 192 -27.29 11 6 4.65E-50 3.95E-49 St3gal6

chr19 5824665 5824839 175 34.33 16 12 1.55E-98 3.42E-96 Men beta,ncRNA

chr2 165896320 165897298 979 39.59 11 10 7.59E-96 5.59E-94 Zmynd8

chr16 18846126 18846654 529 36.20 23 17 6.48E-98 7.17E-96 N/A

chr13 47228900 47229438 539 40.89 11 9 7.16E-80 1.98E-78 Rnf144b

chr13 9479952 9479965 14 32.16 3 3 1.10E-39 4.87E-39 Dip2c

chr13 59771762 59771880 119 30.15 3 3 1.44E-37 5.39E-37 Etohd2

chr13 64184668 64184699 32 29.11 3 3 2.02E-19 2.97E-19 Habp4

chr14 78881409 78881443 35 45.36 5 5 1.17E-56 1.36E-55 Vwa8

chr14 73178107 73178294 188 27.80 7 6 1.17E-56 7.89E-50 Rcbtb2

DMRs identified with methylKit/eDMR. DMR locations based on mm10 genome.

Gender-specific differentially methylated loci in the liver and testosterone

dependence

At the time these analyses were being performed, Reizel et al. published a report

of gender-specific DNA methylation in the liver [134] which claimed that DNA hy-

permethylation seen in females was a result of testosterone-dependent demethy-

lation in males. The female dataset obtained in the present study was applied to

an unbiased assessment of this testosterone-dependence of liver DM loci. Because

Reizel et al. had adopted a tiling approach for DM analysis, the same approach

was applied to this dataset for comparison. Using the analysis pipeline described

in previous sections (but with a lower stringency of ≥10x read depth and data

tiled at 100 bp in order for direct comparison to Reizel et al.), 301 gender DMTs

were identified in the Reizel et al. liver dataset. Approximately 25% of those

DMTs overlapped with gender DMTs identified in the present study (Figure 2.10

A). This finding supports the statement that gender-specific DNA methylation is

widespread in the liver. The majority of gender DMTs in the liver could be at-

tributed to higher methylation in females relative to males (as was also found by

Reizel et al.) and this was the case across all autosomes. The 160 gender DMTs

identified in the liver by Reizel et al. were absent from males who were cas-

trated when young, and could be reconstituted in castrated males by exogenous

testosterone administration [134]. This implies that gender DMTs in the liver

are testosterone-dependent. Here, these observations were extended by an unbi-
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ased comparison of the liver DNA methylomes of normal females and castrated

males, identifying 384 gender DMTs, despite the absence of testosterone in the

males (Figure 2.10 C). These testosterone-independent DMTs were also heavily

skewed towards hypermethylation in females (Figure 2.10 B). The testosterone-

independent liver DMTs comprised ˜5% of all normal liver gender DMTs identified

by this study and Reizel et al. combined (Figure 2.10 C). However, because there

was incomplete overlap of background tiled data between the two datasets, the fig-

ure of ˜5% is likely an underestimate. Overall these results suggest that there are

factors beyond testosterone that influence gender-specific methylation patterns in

the liver.
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Figure 2.10: (A) Venn diagram of liver DMTs with those identified by Reizel et

al. (B) Bar plot of liver DMTs between females and castrated males, showing % of

CpGs from all covered (≥10x) CpGs on autosomes. (B) Venn diagram of all gender

DMTs in normal male liver and those in liver of castrated males. ‘McCormick’

denotes DMTs identified in the present study and ‘Reizel’ denotes those from Reizel

et al. [134].

2.3.7 DNA methylation variation across mouse liver, brain and

heart

The robust gender differences observed in the mouse liver in both this study and

others [134, 129] along with reports of gender bias in human 450K array data of

peripheral blood and other tissues [125, 126, 127, 128] prompted the question

of whether the gender DMCs might be conserved across tissues. Given that some

DMTs in liver appear to be testosterone-independent, it is possible that these dif-
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ferences in methylation arise in the germline or very early in development. To

address this possibility the DNA methylomes of a further two tissues were inter-

rogated: brain and heart. These tissues were chosen as they are derived from

distinct germ layer origins from the liver and from each other (heart, mesoderm;

brain, ectoderm; liver, endoderm). eRRBS was performed on three male samples

and three female samples for each tissue, and the resultant data was analysed

as for the liver. This section first describes results from comparisons of all three

tissues together, followed by findings that are specific to the brain and heart.

Mouse liver, brain and heart display different degrees of variation in genome-

wide DNA methylation

PCA of autosomal eRRBS data from all 3 tissues (liver, brain and heart) together

show tight clustering by tissue (Figure 2.11 A-D). This is unsurprising as epige-

netic marks are known to vary significantly according to tissue type. However,

the 3 tissue types from isogenic individuals display very different degrees of inter-

individual variation, with brain samples displaying higher spread in PCA plots. It is

interesting to consider this result in the context of tissue functions and phenotypic

variability, where the heart is required to function within very tight physiologi-

cal constraints. In contrast, the brain is a more functionally variable organ, with

dynamic changes over the life-course and many functional differences observed

between individuals.
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Figure 2.11: PCA of mouse liver, brain and heart RRBS data. (A) 3D plot of the

first three PCs with sex chromosome data excluded. (B) Plot of PCs 1 and 2, (C)

Plot of PCs 2 and 3, (D) Plot of PCs 3 and 4. Data filtered for read coverage ≥20x.

Performed with prcomp [135] at default settings.

In both the mouse brain and heart, gender is not the major source of variation

of CpG methylation, even if Chr X and Y data is included

Brain eRRBS samples did not separate by gender using hierarchical clustering

methods, and this was the case even when sex chromosomes were included (Fig-

ure 2.12 A and B). This was in contrast to the striking separation by gender ob-

served in the liver, and was an unexpected result given the known role of DNA

methylation in X chromosome inactivation. In order to confirm there had not

been a mistake in sample or file labeling, or any corruption of data, reads mapped
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to the Y chromosome were counted for all brain samples. 4 There were signifi-

cantly less Y chromosome reads in all female samples compared to males (˜10,000

and ˜30,000, respectively). Hierarchical clustering of samples with ChrX data

only was checked, and these did indeed show strong separation by gender, show-

ing there was no systematic error (labeling errors or file corruption) in the data

(Appendix A sparse clustering method was then employed to further investigate

the origins of variation in brain samples. Sparse clustering is frequently used for

high-dimensional data, where a potentially large set of features may guide the

clustering. A lasso-type penalty [144, 145] is applied to features and a subset of

features is chosen on which to base the clustering, in order that dimensions of the

data that may otherwise be obscured can be observed. Sparse clustering of brain

data for 10,000 permutations did not resolve samples according to gender (Figure

2.12 C and D), but did provide support for the initial clustering results.

4Y chromosome reads occur at low frequency in female DNA sequence data
due to homology with particular regions (such as pseudo-autosomal regions) and
normal levels of sequencing error.
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Figure 2.12: Hierarchical clustering of mouse brain eRRBS data.(A) Unsupervised

hierarchical clustering (hclust), sex chromosome data included. Distance method:

correlation. Clustering method: Ward. (B) Unsupervised hierarchical clustering,

sex chromosome data excluded. (C) Sparse clustering from 10,000 permutations

(with sparcl), sex chromosome data included. (D) Sparse clustering, sex chromo-

some data excluded. Data filtered for read coverage ≥20x.

When PCA was used, brain samples again did not separate according to gender

whether sex chromosome data was included (Figure 2.13 A) or not (Figure 2.13 B

and pairwise PCA plots D-F). Some separation may be occurring by gender at PC4

(Figure 2.13 F), but this does not appear to be a strong effect, and given the spread

of samples within genders this separation could be coincidental. The PCA screeplot

(Figure 2.13 C) and summary table (Table 2.3.7) show that at least 6 principal

components make a significant contribution to DNA methylation variation in the

mouse brain when sex chromosome data is excluded. Table 2.3.7 shows that each

individual PC has a much greater contribution to variation than those that were

observed in liver data (for example a 0.377 and 0.1257 proportion of variance for

PC1 in brain and liver, respectively). These results could indicate that the origins
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of variation in brain DNA methylation are less numerous than that of the liver, but

could also be artefactual effects of the smaller sample size. 5
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Figure 2.13: Principal component analysis (PCA) of mouse brain eRRBS data.

(A) 3D plot of the first three PCs with sex chromosome data included and (B)

excluded. (C) PCA screeplot. (D) Plot of PCs 1 and 2, (E) Plot of PCs 2 and 3, (F)

Plot of PCs 3 and 4. Data filtered for read coverage ≥20x. Performed with prcomp

[135] at default settings.

Table 2.6: PCA summary table of brain eRRBS data, sex chromosome data

excluded

PC1 PC2 PC3 PC4 PC5

Standard deviation 45.428 33.6986 30.8861 26.7423 24.6001

Proportion of variance 0.377 0.2075 0.1743 0.1307 0.1106

Cumulative proportion of variance 0.377 0.5845 0.7588 0.8894 1.0000

Data filtered for read cov. ≥20x. Performed with prcomp at default settings.

5Brain samples are all from animals from Pedigree B (and also from the same
litter), so pedigree of origin is not a consideration here.
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As was the case in the mouse brain, heart samples did not show distinct clustering

by gender with unsupervised hierarchical clustering, whether Chr X and Y data

was included or not (Figure 2.14 A and B). Overall, the hierarchical clustering re-

sult suggests that heart samples display DNA methylation patterns that are fairly

constant between individuals, with individuals branching off in a step-wise man-

ner and very short distances (’Height’, y-axis) between branches. Sparse clustering

of heart data for 10,000 permutations again did not resolve samples according to

gender (Figure 2.14 C and D). As for brain data, heart data was tested for labeling

errors or file corruption using Chr Y counts and hierarchical clustering of Chr X

data only (Appendix A.3).
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Figure 2.14: Hierarchical clustering of mouse heart eRRBS data. Data filtered for

read coverage ≥20x.(a) Unsupervised hierarchical clustering (hclust), sex chromo-

some data included. Distance method: correlation. Clustering method: Ward. (b)

Unsupervised hierarchical clustering, sex chromosome data excluded. (c) Sparse

clustering (sparcl), sex chromosome data included. (d) Sparse clustering (sparcl),

sex chromosome data excluded.

PCA of heart eRRBS data (Figure 2.15 A, B, D-F) shows that samples separate
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slightly by gender on the first PC when ChrX and Y data is included (Figure 2.15

A). PCA screeplots and the PC summary table (Figure 2.15 C and Table 2.3.7)

show that at least 6 PCs make a significant contribution to the variance of DNA

methylation in the mouse heart. The pairwise PC plots (Figure 2.15 D, E and F)

show further details of heart eRRBS variation with Chr X and Y data excluded,

and although there is some separation by gender at the first PC it is not complete.
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Figure 2.15: Principal component analysis (PCA) of mouse heart RRBS data. (a)

3D plot of the first three PCs with sex chromosome data included and (b) excluded.

(c) PCA screeplot. (d) Plot of PCs 1 and 2, (e) Plot of PCs 2 and 3, (f) Plot of PCs

3 and 4. Data filtered for read coverage ≥20x. Performed with prcomp [135] at

default settings.

Table 2.7: PCA summary table of heart eRRBS data, sex chromosome data

excluded

PC1 PC2 PC3 PC4 PC5

Standard deviation 30.147 27.7960 26.2103 25.0253 23.8695 2

Proportion of variance 0.2549 0.2168 0.1927 0.1757 0.1598

Cumulative proportion of variance 0.2549 0.4717 0.6644 0.8401 1.0000

Data filtered for read cov. ≥20x. Performed with prcomp at default settings
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Mouse brain and heart both harbour gender-specific differentially methylated

cytosines and regions

Despite the lack of clustering by gender seen with HC and PCA, both brain and

heart harbor gender-specific DMCs (Table 2.8). With application of the same strin-

gent parameters used for liver analyses (see section 2.3.4) 959 gender-specific

autosomal DMCs were identified in the brain and 116 in the heart.

Table 2.8: Gender-specific differentially methylated cytosines (DMCs) and regions

(DMRs) identified in liver, brain and heart eRRBS data

Liver

DMCs (methylKit) DMRs (eDMR)

Min. cov. for inclusion 20 20

Sample cov. per group 6 6

% methylation difference threshold 25 20

No. CpGS included (after filtering) 668,134 668,134

No. significant DMCs / DMRs 766 222

Brain

DMCs (methylKit) DMRs (eDMR)

Min. cov. for inclusion 20 20

Sample cov. per group 3 3

% methylation difference threshold 25 20

No. CpGS included (after filtering) 1,531,504 1,531,504

No. significant DMCs / DMRs 959 185

Heart

DMCs (methylKit) DMRs (eDMR)

Min. cov. for inclusion 20 20

Sample cov. per group 3 3

% methylation difference threshold 25 20

No. CpGS included (after filtering) 1,531,905 1,531,905

No. significant DMCs / DMRs 116 4
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Brain autosomes display hypermethylation at gender-specific DMCs in fe-

males

The strong tendency for hypermethylation in female liver autosomes was also

found in the brain. Figure 2.16 A shows a clear preponderance of this hyper-

methylation in females relative to males in the brain, but this is not the case in

the heart, where there appears to be a relatively even distribution of methylation

levels between the genders (Figure 2.16 C). The heart harbors very few DMCs

(116) compared to the liver and brain (766 and 959, respectively), and not all

autosomes display differential methylation at the thresholds applied (≥20x read

depth across all samples for inclusion of CpGs, minimum 25% methylation dif-

ference and maximum q-value of 0.01 for calling a DMC). The stronger degree

of gender-bias in brain compared to heart is clearly illustrated in the clustered

heatmaps of methylation levels (Figure 2.16 B and D), although the DMC profile

from one male brain (M5 B) appears much more similar to that of females than to

that of the other males.
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Figure 2.16: (A) Bar plot of brain gender-specific differentially methylated cy-

tosines showing % of sites from all covered (≥20x across all samples) sites on

autosomes. (B) Heatmap of gender-specific differentially methylated cytosines in

brain. (C) Bar plot of heart gender-specific differentially methylated cytosines

showing % of sites from all covered (≥20x) sites on autosomes (D) Heatmap

of gender-specific differentially methylated cytosines in heart. Heatmaps display

methylation level of DMCs, with 1 being 100% methylated. Unsupervised hier-

archical clustering applied on both x- and y-axis with 1- correlation and Ward

method for agglomeration.
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Both brain and heart autosomal gender-specific DMCs occur largely outside

of CpG islands and shores

As found in the liver, DMCs in brain and heart were mostly outside CpG islands

(Figure 2.17). If anything, there was a depletion of sites mapping to CpG islands

and shores in DMCs (Figure 2.17, C and D) as compared to the whole filtered

datasets (Figure 2.17 A and B).
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Figure 2.17: CpG island annotation of brain and heart eRRBS data. (A) Brain

eRRBS data filtered for read coverage ≥20x. (B) Heart eRRBS data filtered for

read coverage ≥20x. (C) Brain gender-specific DMCs. (D) Heart gender-specific

DMCs. Annotation was performed with in-house scripts to mm10 CpGi tables

(UCSC).
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Brain and heart gender-specific DMCs are depleted in coding sequences

Although the brain and heart background eRRBS datasets (≥20x read depth across

all samples) displayed similar annotations to genes (Figure 2.18 A and B), this is

not the case for each tissue’s gender-specific DMCs, with brain DMCs displaying

depletion at 5’UTRs, and heart displaying depletion for all coding sequences ex-

cept 3’UTRs (Figure 2.18 C and D).
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Figure 2.18: Annotation of brain and heart eRRBS data to genic features. Top

panel: Data filtered for read coverage ≥20x. Bottom panel: Gender DMCs. Anno-

tation was performed with in-house scripts to mm10 RefSeq gene tables (UCSC).
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Gene ontological associations of gender-specific differentially methylated cy-

tosines are highly specific to known functional pathways of each tissue

Using the genomic coordinates of the DMCs and the ontology program GREAT

[139] functional pathways associated with the gender DMCs from the brain were

determined. As was the case in the liver, many pathways, processes and functions

held significant associations according to this analysis (Figure 2.19). GO asso-

ciations are largely of a tissue function-specific nature, in processes involved in

synaptic and neuronal function and also muscle function.
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Figure 2.19: Significant gene ontological results of brain autosomal gender DMCs

with GREAT. Molecular function, biological process and cellular component re-

sults only. Data filtered for read coverage ≥20x across all samples. Genome

background: mouse NCBI build 38 (UCSC mm10, Dec 2011). GREAT settings:

Basal+extension (constitutive 5.0 kb upstream and 1.0 kb downstream, up to

1000.0 kb max extension), statistical significance set as FDR adjusted p-value

<0.05.
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Gene ontological analysis did not yield any significant associations for heart DMCs

using the same criteria, which is not surprising given the small number (116) of

DMCs in the heart that were applied to GO analysis. However, when data was

filtered with lower stringency and tiled (read coverage ≥10x across all samples,

100 bp tiles) prior to DM calling, two pathways were significant in heart DMTs.

These were ATM Signaling pathway and Integrin Signaling pathway, with -log 10

Binomial p-values of 5.69 and 4.09, respectively (Appendix A.4).

Very little overlap is seen between gender-specific DMCs and DMRs in the

three tissue types

Subsequent analyses investigated whether or not there was any overlap of the gen-

der DMCs identified among tissues of distinct germ layer origin that might suggest

differential methylation patters are set in early development. Despite the large

number of DMCs identified across the three tissues in total, there was no overlap

of DMCs between liver, brain and heart. Only 2 liver gender DMCs were present in

the brain, an none were present in the heart (Figure 2.20). Brain and heart shared

10 DMCs. This tissue specificity of gender DMCs is made even more clear given

the number of CpG sites shared between and among the filtered datasets (read

coverage ≥20x across all samples). Table 2.3.7 gives the number of CpGs taken

through to DM analysis for each tissue, and also the number of CpGs that were in

common between tissues. For example, 606,594 CpGs were present in all filtered

datasets, representing 90% of the total CpGs from liver. 1,465,049 (89%) of CpGs

from brain were also present in filtered data from heart. Despite this degree of

overlap only 10 DMCs were shared between the two tissues.
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Figure 2.20: Gender DMCs from mouse liver, heart and brain. Venn diagram shows

overlap of DMCs from each tissue. Bar chart shows total number of DMCs from

each tissue.
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Table 2.9: Number of CpGs in datasets from liver, brain and heart and

number in common between datasets

Number of CpGs in each filtered dataset

Liver 668,134

Brain 1,639,868

Heart 1,531,905

Number of CpGs in common between filtered datasets

liver and brain 629,604

liver and heart 618,611

brain and heart 1,465,049

liver, brain and heart 606,594

Data filtered for read coverage ≥20x across all samples. Note that brain and

heart CpGs that were covered ≥20x in all samples were much more numerous

than those in liver. This is due to the different sample numbers in each

comparison (3 by 3 vs. 6 by 6).
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These results suggest that gender differences in cytosine methylation do not arise

in the germline. The question arose of whether gender DMTs might be common

to tissues of the same embryonic origin (i.e. set early in development). DMTs

from additional mesodermal tissues studied by Reizel et al. (skeletal muscle and

spleen) were compared with our mesodermal (heart) DMTs. From this analysis

1729 and 259 gender DMTs were identified in muscle and spleen respectively

(Figure 2.21), but these DMTs were exclusive to both each other and to the heart.

A small proportion (˜5%) of gender DMTs in the liver (derived from endoderm)

were also present in the muscle.

1251

Heart DMTs
(255)
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Liver DMTs
(1318)

255259

Spleen DMTs
(259)

Muscle DMTs 
(1729)

67

Figure 2.21: Venn diagram of DMTs from mesodermal tissue (heart, spleen and

muscle) and liver. Riezel et al. DMTs from 100bp tiles filtered for read coverage

≥10x across all samples. Figure credit: CS.

2.3.8 Hypervariable CpG methylation sites in mouse liver, brain

and heart display little concordance

The functional significance of small but widespread and stochastic changes in

epigenetic variability is possibly more important than originally realised. Such

loci have been found to be associated with increased variability in the expres-

sion of genes in nearby regions , and with certain cancers [146]. Therefore, the
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approach of investigating CpGs that displayed hypervariable DNA methylation be-

tween genders was taken next. Hypervariable CpGs were defined as those with a

standard deviation (for methylation level) at or above the 95th percentile. Many

sites reach this degree of hypervariability in liver, brain and heart (Figure 2.22,

bottom panel). Annotation of common (between liver, brain and heart) hypervari-

able sites to mm10 RefSeq genes and CpG islands display a very similar pattern to

that observed with annotation of DMCs (Figure 2.23). Again, as seen with gender

DMCs, very little concordance of hypervariable sites is seen between the three tis-

sues, with only 384 (0.002% of the total 191,987) hypervariable sites in common

between all three (Figure 2.22).

Liver Heart

Brain
Size of each list

Liver Heart Brain

27984

2311

64697

384

2728 9198

69680

81990
33407

76590

Figure 2.22: Venn diagram of hypervariable CpG sites (above the 95th percentile

of variance), sex chromosome data excluded. Bar chart shows total number of

hypervariable CpGs from each tissue
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Figure 2.23: Annotation of hypervariable CpGs (above the 95th percentile of vari-

ance) common to all three tissues. (A) Annotated to mm10 RefSeq gene and (B)

CpG island tables (UCSC). Sex chromosome data excluded. Data filtered for read

coverage ≥20x across all samples.

2.3.9 Intersections of DMCs from liver, brain and heart with

histone modifications

Post-translational modification of the histone proteins that form nucleosomes is

an important regulator of gene expression. At the global level, acetylation of hi-

stone tails is associated with transcriptional activation and hypoacetylation with

transcriptional repression. Methylation of histone tails can mark the presence of

either active or silent genes. H3K4 methylation is associated with transcriptional

activity and is often found on or near promoter sequences of very active genes

[147, 148, 149]. Acetylation of H3K27 is also associated with transcriptional ac-

tivity and antagonism of genes regulated by H3K27me3, a key repressive mark

with strong associations with heterochromatin [150, 151, 152]. However, rela-

tionships between DNA methylation and histone modifications are complex and

remain largely unknown, and thus the next analyses were designed to test if there

was a significant degree of association between DMCs identified in each of the

three tissues with such modifications. This was achieved by analysis of direct

intersections between gender DMCs with H3K27ac and H3K4me ChIP-Seq peak

calls (broadpeak files) from adult (8 wk) mouse liver, heart and cortical plate

(ENCODE/LICR, [153]). In order to obtain an empirical p-value, each intersec-
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tion result was tested for 10,000 random sample permutations. Table 2.10 details

lengths of lists for gender DMCs and histone modifications and numbers of in-

tersecting loci in each comparison. Histograms of intersection permutations are

shown in Figures 2.24 and 2.25. Red lines represent the actual number of inter-

secting loci. A red line at a higher intersection number (X-axis) than that of the

distribution of random resamplings (10,000 permutations) indicates a significant

empirical p-value.

Table 2.10: Details of DMC and histone peak list lengths and intersecting sites

No. of DMCs Length of ChIP-Seq peak list No. of intersections

Liver with H3K27ac 766 38483 102

Brain with H3K27ac 959 36814 56

Heart with H3K27ac 116 44033 2

Liver with H3K4me 766 77178 432

Brain with H3K4me 959 90057 252

Heart with H3K4me 116 86167 12

Figure 2.24 shows that DMCs are not significantly associated with (as tested by

number of intersections) sites of H3K27 acetylation in any of the three tissues.

However, Figure 2.25 shows that DMCs are significantly associated with sites of

H3K4 methylation in liver and heart but not in brain.
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Figure 2.24: Intersections of liver (A), brain (B) and heart (C) DMCs with

H3K27ac ChIP-Seq peaks from ENCODE/LICR [153]. Red line represents the ac-

tual number of overlapping loci. A red line at a higher intersection number (X-

axis) than that of the distribution of random resamplings (10,000 permutations)

indicates a significant p-value.
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Figure 2.25: Intersections of liver (A), brain (B) and heart (C) DMCs with H3K4me

ChIP-Seq peaks from ENCODE/LICR [153]. 10,000 permutations. Red line rep-

resents the actual number of overlapping loci. A red line at a higher intersection

number (X-axis) than that of the distribution of random resamplings indicates a

significant p-value.
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2.4 Discussion

Gender bias in DNA methylation is an area that is poorly studied and in which de-

tailed investigations are called for. Most of the work in this chapter was prompted

by the observation of a strong tendency for cytosine hypermethylation in the au-

tosomes of female mouse livers. This finding led to an in-depth investigation of

gender differential methylation in other tissue types and the testing of the hy-

pothesis that DNA methylation differences were inborn or established in the very

early stages of development. Although the initial observation was published by

another group during the course of the current investigation [134], many addi-

tional insights into the nature of gender differences in DNA methylation variation

in different tissues were gained.

Liver and brain both display widespread gender differences in cytosine methy-

lation at autosomes, and these differences are much more numerous than that

seen in the heart. Gender-specific cytosine methylation in the brain is remarkable

because it occurs on a higher background of inter-individual variation than that

observed in other tissues. It is interesting to consider this in relation to functional

and physiological characteristics of each organ, where a high degree of variability

and plasticity is a key feature of the central nervous system, in contrast to the heart

which is required to function within very narrow physiological parameters. Exten-

sive variation in the DNA methylome of the human brain has been recognised only

recently [154], and has been attributed largely to genetic variation. However, in

the current study all samples were derived from isogenic mice, suggesting that at

least some proportion of the inter-individual variation in brain DNA methylation

may be purely epigenetic in nature, and sex-specific epigenetic signatures may be

overlaid on this.

Despite the identification of many hundreds of gender-specific DMCs and DMRs,

few were found to be common among tissues. Even tissues originating from the

same embryonic germ layer displayed a completely unique set of gender-biased
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methylation loci. Converse to the initial hypothesis of this chapter, this lack of

concordance between tissues of different embryonic origin suggests that the DNA

methylome undergoes gender differentiation in multiple tissues at some point af-

ter gastrulation, in response to tissue-dependent mechanisms.

Although the methylome data was enriched for CpG islands, most of the statisti-

cally significant DMCs and DMRs identified were situated outside of CpG island

and shores. From the perspective of coding sequence annotations, the majority of

these differences are situated either intergenically or in introns. One possibility

is that these DMCs and DMRs are associated with unknown regulatory regions.

Existing literature on the functions of DNA methylation tends to focus on promot-

ers, genic regions and known enhancers, or heterochromatic regions and as such

we have some understanding of the probable characteristics and functions of DNA

methylation in these contexts. The results presented here highlight how complex

the complete picture of DNA methylation functions and associations with other

epigenetic marks is likely to be.

Ontological analysis showed enrichment for tissue-specific pathways in liver, brain

and heart, indicating that gender-specific epigenetic differences are likely to have

a tissue-specific function. This idea is supported by the finding that gender-

specific methylation in the liver correlates with hepatic gene expression, partic-

ularly when the methylation differences occur in regions corresponding to tissue-

specific enhancers [134]. The expression of more than a thousand genes in the

mammalian liver is sex-dependent, which is not surprising given that sexual di-

morphism in both steroid and drug metabolism underpin normal liver physiol-

ogy [155]. Whether gender-biased methylation in heart and brain also influence

their respective transcriptomes is not known, however the tissue-specific func-

tional pathways identified with ontological analysis suggest this is likely to be the

case. The significant association of gender DMCs from both liver and brain with

H3K4me datasets specific to each tissue also suggest that they may be involved

in epigenetic gene regulation in a tissue specific manner. Although a significant
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degreee of association was not found with K3k27ac, it would be of interest to test

the association of gender DMCs with a much wider range of known histone modi-

fications.

The mechanisms underpinning gender-specific DNA methylation are largely un-

known. However, two recent studies have implicated testosterone in the process.

In the mouse forebrain, male-specific methylation patterns can be induced in fe-

males by neonatal administration of exogenous testosterone [129]. In the liver,

testosterone can trigger male-specific demethylation of certain regions; like fe-

males, castrated males maintain these regions as methylated [134]. However,

not all gender-specific DNA methylation can be attributed to the actions of testos-

terone: in an unbiased comparison more than three hundred gender differences

were identified between the liver methylomes of females and castrated males.

While these testosterone-independent differences account for only a small fraction

of all liver differences, they show the same strong tendency for hypermethylation

in females. This suggests that other sex-specific trans-acting factors are likely to

influence gender differences in methylation. Such factors may involve early and

indirect actions of the sex chromosomes, as has been shown for early embryonic

gene expression [156]. Female hormones such as estradiol are also capable of

skewing gene expression patterns [157], and so may also be a contributor.

Hypervariable DNA methylation sites display the same lack of concordance across

tissues as that seen in gender-specific DMCs and DMRs. Despite liver, brain and

heart all harboring tens of thousands of hypervariable cytosines, these are largely

unique to each tissue. Annotations of concordant sites across the three tissues to

genic and CpG island regions give few clues to their possible functions. Perhaps

these sites are more responsive to external signals from the cellular environment

than those of lower variability, and act in trans to influence gene expression. On

the other end of the spectrum, they may represent random or stochastic DNA

methylation variation with no effect on biological function. However, with the

increasing recognition of epigenetic gene regulation as a stochastic process, and
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the proposed theory by Feinberg and Irizarry [158] by which hypervariable loci

may contribute to adaptive evolution over time (albeit with a genetic component)

further investigations into their functional implications are warranted. Both dif-

ferentially and hypervariably methylated sites occur on a background of seemingly

intrinsic inter-individual variation. This has has also been observed by our group

in a previous study [48] and several times in literature in both human identical

twins and isogenic mice [159, 53, 158]. Therefore, it becomes difficult to tease

out variation that is attributable to a specific feature, such as gender.

One possible source of the DNA methylation differences found in this work is that

of cellular heterogeneity both between individual DNA samples and between the

genders. Heterogeneity among samples could have come about from the tissue

collection process, where, despite careful sampling in all cases (5mm coronal sec-

tion of the rostral end of the brain, a 5mm apical section of the heart, and the

extreme caudal section of the left lobe of the liver) only an approximately equiv-

alent sampling site could be obtained. Anatomical and functional differences do

exist between the genders in each tissue type however, such as the well-known

gender-specific drug efficiency and toxicity characteristics [155, 160, 161], and

the hypothesis that gender differences are widespread across autosomes follows

from this. However, DNA methylation variability resulting from cellular hetero-

geneity is improbable for the liver and heart samples, where cellular composition

is known to be relativity homogeneous.

The development of more reliable and easily-accessible technologies in the coming

years may overcome many of the limitations encountered in this study. In partic-

ular, it may address the issue of cellular heterogeneity, which is a widespread

confounder of genome-wide DNA methylation studies; the cellular composition

of each tissue sample used is likely to be variable, and thus is likely to influence

the observed inter-individual variation. Samples of similar size were taken from

approximately the same anatomical location from each frozen tissue, but this is

likely to be within only millimeter levels of accuracy. Computational methods that

attempt to correct for this in bisulfite sequencing data are so far specific to blood

88



2. Gender-specific DNA methylation

samples, so it was not possible to apply such a correction the data in this study.

This problem should be largely addressed as single-cell sequencing technology be-

comes more sophisticated and easily-accessible in terms of cost.

Another limitation of this study is that of breadth of genome coverage. Although

it provides high-resolution data, eRRBS only gives a snapshot of DNA methyla-

tion across the genome. However, the increased read depth compared to whole

genome bisulfite sequencing remains a significant advantage. In addition, DNA

methylation was analysed in the CpG context only. Although this is the most fre-

quently occurring methylation motif in the human genome, and that for which

functional associations are the most widely-studied, it is possible that methylation

in several other motifs may contribute to gender and inter-individual variation in

the samples.

The reliability of differential methylation calling software is obviously of crucial

importance to interpretation of data from all studies in this area. This problem

is highlighted in Chapter 4 where it is shown that there is likely a high propor-

tion of false negatives in this study (i.e. many genuine differences may have been

missed due to over-conservative DM calling). However, this conservative calling

of DMCs/DMRs, the stringent data filtering and the experimental verification per-

formed by COBRA at selected loci mean that results of this study can be considered

with very high confidence.
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Chapter 3

Transgenerational epigenetic

inheritance

3.1 Introduction

The field of epigenetics could be said to have began in the mid 1900s, with the

observations of researchers such as Conrad Waddington and John Gurdon in cel-

lular differentiation and pluripotency [162, 3, 163], but many areas of uncer-

tainty remain. One of these areas is the extent to which epigenetic modifications

can be passed on, through meiosis, to subsequent generations. This process is

termed transgenerational epigenetic inheritance (TEI) and occurs frequently in

plants [164, 165], but the extent to which it occurs in mammals is unknown. TEI

is of importance to all fields of biology, especially human medicine and complex

disease, because it provides an interface by which an organism’s environment can

lead to changes in phenotype that are independent of underlying DNA sequence,

but which can nevertheless affect subsequent generations.

TEI is widespread in plant genomes and it is well established that the transposable

elements originally described by Barbara McClintock are central components of

heritable transcriptional silencing. Plant systems have obvious benefits as experi-
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mental models for TEI, owing to tractable mechanisms of inheritance and ease of

propagation; animal models provide a much more complex system. Nevertheless,

TEI has been found to occur in animals such as worms and flies but so far at a few

discrete genomic loci. Extensive background to TEI, including examples of loci

subject to TEI across plants and animals were given in Chapter 1, section 1.10 and

Table 1.10. In mammals, well-characterised examples include the metastable Avy

and Axin(Fu) loci, and the findings of Anway et al. of long-term inheritance (four

generations) of male infertility from vinclozolin administration in pregnant female

mice [166, 167, 168]. Such examples provide proof that TEI occurs in mammals

at least at discrete loci, and, along with improvements in high-throughput epige-

nomic technologies, call for investigations into whether TEI occurs more exten-

sively across the genome.

3.1.1 Evidence for widespread TEI in mammals: A cumula-

tive increase in DNA methylation variation with multi-

generational methyl donor supplementation

It is well established that dietary methyl donor supplementation of parents can

influence epigenetic states of offspring [88, 49, 169, 85]. In 2011 our laboratory

described the effects of methyl donor supplementation on the DNA methylomes of

isogenic mice [48] over several generations. DNA from mice that had received di-

etary methyl donor supplementation was subject to CpG Island microarray analysis

and DNA methylation profiles were compared to those of unsupplemented mice.

These isogenic mice displayed some intrinsic variation in methylation profiles, but

variation was amplified in mice that received methyl donor supplementation, and

this increase in epigenomic variation was cumulative over multiple generations of

supplementation. Figure 3.1 (reproduced from Li et al. [48]) shows the change in

variation that occurred over the 6 generations (F1-F6) of supplementation. This

cumulative increase in epigenetic variability indicated that some of the induced

variation escaped epigenetic resetting and was inherited between generations.

In addition, although the animals were isogenic, the DNA methylation profiles
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of siblings were more similar than those of non-siblings, suggesting there were

pedigree-specific epigenetic differences in these animals despite isogenicity.
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Figure 3.1: A) Pseudo three-dimensional plot showing principal components anal-

ysis (PCA) of microarray data from control (red) and F1 (blue) and F6 (green)

supplemented mice. The same plot is shown from three different perspectives.

Ellipsoids around the PCA points were determined by standard deviations; size is

indicative of overall variance within the group. (B) Box-and-whisker plots show-

ing distribution of standard deviation values of intra-group log Cy3/Cy5 ratios

across all microarray probes. Whiskers indicate 90th and 10th percentile values. **

= p<0.001. Reproduced from [48] (Creative Commons License)

3.1.2 Isogenic mice as a model for studying TEI

The detection of widespread and cumulative changes in DNA methylation among

isogenic mice detailed above, and the availability of a large colony of isogenic

mice that were derived from the same founders but subsequently bred into several
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separate lines, prompted the design of the experiments detailed here. The ideal

system for detecting TEI events on a genome-wide basis would involve having

both the genetic and epigenetic information, at high coverage and accuracy, for

many individuals. Although this experimental scenario is becoming more attain-

able with technological improvements and decreasing costs, it is still beyond the

means of most laboratories, and was well beyond the budget of this project. There-

fore, animals from the laboratory’s existing colony were subject to sibling-sibling

matings (following more than 200 generations of prior inbreeding, see Methods

section 3.2.1), with two initial pairs chosen that were as distantly related as pos-

sible within the colony, giving two separate pedigree lines. One of these pedigrees

was subject to methyl donor supplementation prior to the experiments with the

aim of maximizing epigenetic variation between the two pedigrees. Thus, result-

ing pedigrees had DNA methylomes that were as divergent as possible while still

possessing the same genomic DNA sequence, and the confounder of DNA variation

was minimized for the detection of pure epigenetic changes. Methylation profiles

of animals from each pedigree were compared over three generations.

The underlying aim of this section was to determine the extent to which transgen-

erational epigenetic inheritance occurs in the mammalian genome. The starting

hypothesis, that transgenerational epigenetic inheritance is widespread, predicted

that DNA methylation patterns within pedigrees would be more similar than be-

tween pedigrees (inter-pedigree variation will exceed that of intra-pedigree varia-

tion). The null hypothesis was that inter-individual variation in DNA methylation

patterns is independent of parentage.
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3.2 Methods

Methods employed in this chapter are the same as those detailed in Chapter 2

(section 2.2), unless otherwise detailed here.

3.2.1 Mice, breeding strategy and diets

The aim of the breeding strategy was to generate pedigrees within an isogenic

strain (C57BL/6) that are genetically identical but distantly related within the

pedigree. Following 3-5 generations of inbreeding from distantly related mice

(minimum of 6 generations since the last common ancestor) within the labora-

tory’s own colony, three generations of liver samples were subjected to genome-

wide DNA methylation analysis by eRRBS.

The mice used in this study (as for Chapter 2) are descended from the C57Bl/6

colony maintained at Oak Ridge National Laboratories (originally obtained from

the Jackson Laboratories, stock #000017). Mice were housed at the BioCore fa-

cility at the Victor Chang Cardiac Research Institute. Mice in pedigree A were fed

ad libitum on control (NIH-31), those in pedigree B were fed supplemented (NIH-

31 plus (per kg) 15g choline, 15g betaine, 7.5g L methionine, 150mg zinc, 15mg

folic acid, 1.5mg vitamin B12) diet (Specialty Feeds, WA, Australia) until the pair

preceding F0.

Methyl donor supplementation of animals (pedigree B line only) occurred until

the generation prior to ‘F0’ (founder pairs in Figure 3.2). All supplemented ani-

mals were methyl donor supplemented from conception. For the duration of the

experiment (F0 generation onwards), mice were weaned onto the control diet

and mated; control diet was continued for the duration of breeding. Mice were

euthanized for tissue collection by C02 at 24 weeks of age.
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3.2.2 Tissue Samples

Mouse liver sections were collected from 24 week old C57BL/6J mice, and snap

frozen prior to storage at -80 °C until DNA extraction. DNA was extracted from

tissue (˜3 mm x 3 mm sections) from the extreme caudal section of the left lobe

of the liver.

3.2.3 eRRBS batching

In order to first test if animals could be separated by pedigree with eRRBS data,

an initial pilot experiment was performed on 6 samples from each of the two

pedigrees. Following this, a second batch of samples were processed and data

from both batches was used in subsequent pedigree comparisons.

Batch 1 samples

Samples were processed (by Zymo Research) in two batches. The first of these

was 12 liver samples (6 male, 6 female), which were processed for eRRBS library

construction in parallel and with the same lot of reagents at each step . The sam-

ples were sequenced in 2 separate lanes of an Illumina Hi-Seq 2000 Flowcell with

samples 69827,69828,69829,69830,72364 and 72365 in one lane and samples

75535,75536,75538,75539,75541 and 75542 in a separate lane.

Batch 2 samples

The 12 samples employed in this chapter from batch 2 were processed in a cohort

of 24, and at twice the depth at which batch 1 samples were sequenced. The 24

eRRBS libraries were processed in groups of 8, with libraries for samples specific

to this chapter prepared in two lots. Library preparation batches were numbers 2

and 3 (see Table 3.3.3 of results, column 6). Libraries were then indexed, pooled

and and 6-plexed (6 samples per pool) across three lanes of each of two flow cells

95



3. Transgenerational epigenetic inheritance

of an Illumina Hi-Seq 2000. Flow cell and lane numbers are are given in Table

3.3.3 of results.

3.2.4 eRRBS sequencing

Sequencing was performed by Zymo Research (ZR) on Illumina Hi-Seq 2000 as

part of the Methyl-MiniSeqTM service. A paired-end (non-directional) method was

employed with a 50 bp read length for all samples, but at 2x the standard sequenc-

ing depth for the second batch (batches are described in section 3.3.3). Dark Se-

quencing (Illumina) was used http://www.illumina.com/documents/products/

technotes/technote-hiseq-low-diversity.pdf, as is standard practice for RRBS.

3.2.5 Batch effect correction

The removeComp function of methylKit [136] was used for removal of variation

attributed to PCs for batch effect removal. Note that this method removes the

associated variation at the sites (CpGs), not the sites themselves, hence dataset

sizes (No. of CpGs) remained the same.

3.2.6 Differential methylation analysis

MethylKit

Differential methylation analysis was performed with the methylKit package [136].

Lower thresholds of coverage and methylation differences were applied for anal-

yses described in this chapter compared to those in Chapter 2. This was done be-

cause the differences between pedigrees were much more subtle than those found

between genders, and also due to a smaller number of CpGs passing through the

‘minimum per group’ coverage threshold, which, due to larger sample sizes in

pedigree comparisons, led to more strict filtering and thus fewer CpGs making it

to the DM step. Thus, CpGs with read coverage of <10x (a standard threshold
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used in the field and recommended by Ziller et al. [170]) were excluded from

analyses in this section, as well as those with coverage at or above the 99.9th cov-

erage percentile. CpG sites with data from both strands were merged. Thresholds

for calling a differentially methylated cytosine (DMC) are stated in each figure.

MethylKit employs logistic regression if there are biological replicates, as was the

case with all datasets used in this thesis. methylKit applies a sliding linear model

(SLIM) method for p-value correction.

eDMR

eDMR [140] was used for identification of differentially methylated regions (DMRs).

Formation of DMCs into regions by eDMR was performed with a maximum dis-

tance between DMCs of 100bp, minimum number of DMCs per region of 1, mini-

mum number of CpGs per region of 3, q-value maximum of 0.01 and a percentage

difference (taken as the average of DMC percentage difference) as stated in each

result section.

p-value calculation in ‘one to many’ analyses

These were computed by Pearson’s Chi-squared test with Yates’ continuity correc-

tion (chisq.test, [135]).
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3.3 Results

3.3.1 Overall scheme of animal breeding and sample collection

The aim of the breeding scheme was to increase epigenetic variation while min-

imising the confounder of genetic variation. Figure 3.2 depicts the breeding strat-

egy. Pedigrees were produced from founding pairs within our pre-existing colony

(isogenic C57BL/6) that were as distantly related as could be found within our

colony, resulting in a minimum of 6 generations between generation ‘F0’ (Figure

3.2) and the last common ancestor of the two pedigrees. Pedigree B ancestors re-

ceived dietary methyl donor supplementation from conception, with offspring (F0)

weaned onto control diet. Sibling-sibling matings were carried out from at least

two generations prior to generation F0, and all subsequent matings were sibling-

sibling. Initially, liver samples were collected from 6 males and 6 females from

one generation of each pedigree 1. As described in Chapter 2, males displayed

less inter-individual variation in gender comparison PCA’s (Chapter 2, Figure 2.4),

and as the confounder of gender-specific variation needed to be minimized for

pedigree comparisons, male liver samples were used for the next batch of RRBS,

resulting in a total of 18 male samples employed for further exploration of pedi-

gree differences. eRRBS was performed in two batches, with details to follow in

section 3.3.3.

1These were M1 L to M6 L and F1 L to F6 L but female samples are not shown
in Figure 3.2 or listed in Table 3.3.2 as these focus on subsequent pedigree inves-
tigations
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Pedigree B

A-1

F0

Pedigree A

F0

Male

Female

Last common ancestor > 6 generations ago

*

* Ancestors methyl donor 
supplemented

Legend

A-2

A-3

B-1

B-2

B-3

Batch 1 samples (for eRRBS)

Figure 3.2: Breeding and liver sample schematic of mouse pedigrees. F0 denotes

ancestors of the sampled generations, called ‘founder’ pairs. Asterisk denotes

methyl donor supplemented pedigree. Grey background denotes those samples

that were subject to eRRBS in main batch 1, all others were processed in main

batch 2.

As described in Chapter 2, initial investigations sought to test if the pedigrees could

be differentiated from one another based on DNA methylation data from eRRBS

of 6 animals from one generation of each pedigree. Results showed clustering first

by gender and then pedigree (Figure 3.3 A, repeated from Chapter 2) and this

was strongly supported by bootstrap resampling results (Figure 3.3 B). Therefore,

further investigation of pedigree differences was warranted.
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Figure 3.3: Unsupervised hierarchical clustering of DNA methylation data from

mouse liver eRRBS. Data filtered for read coverage ≥20x across all samples, sex

chromosome data excluded. (A) Produced with hclust. Distance method: Pearson

correlation. Clustering method: Ward’s. (B) Multiscale bootstrap resampling of

unsupervised hierarchical clustering (10,000 iterations). Produced with pvclust.

au (red) = approximately unbiased p-value, bp (green) = bootstrap probability.

Grey numbers (below branches) are edge numbers.

3.3.2 Summary of eRRBS datasets for investigations of pedi-

gree differences and transgenerational epigenetic inher-

itance

Table 3.1 gives details of the dataset used for pedigree comparisons and investi-

gations of transgenerational epigenetic inheritance. 2 All analyses for this chapter

included sex chromosome data, in contrast to Chapter 2. Although the threshold

for inclusion of CpGs used in Chapter 2 was ≥20x read depth across all samples,

2Generations numbers and therefore generation names are arbitrary. Gener-
ation names are offset between pedigrees by one, generations A-1 and B-2 are
equivalent and were those investigated in initial analyses with both genders shown
in Figure 3.3
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this stringency was lowered for the analyses in this chapter. With the larger dataset

(9 by 9 versus 6 by 6 for gender comparisons in the liver) and more subtle epi-

genetic differences in the pedigree comparisons, the data loss through coverage

filtering was deemed to high with the ≥20x setting. A number of permutations of

read depth, sample coverage and methylation percentage difference were trialled

before a ≥10x read depth in 6 out of 9 samples in each group (pedigree) was

chosen and used for subsequent tests, unless otherwise stated. Other thresholds

trialled included read depth of 0x, 5x, 10x, 20x and 50x and methylation percent-

age differences of 0, 5 and 25. As shown in Table 3.1, most samples yielded data

for ˜5 million CpGs and this decreased to ˜2.5 million with read depth filtering of

≥10x.

With the aim of differential methylation (DM) calling that was as reliable as possi-

ble, the second batch of data (comprised of 12 of the 18 pedigree study samples),

was sequenced at twice the depth of the first batch (see Methods section 3.2.3 for

details). This gave an average CpG read depth (coverage) of 20-34x for samples

in batch 1, and 25-45x for samples in batch 2. Both batches have high coverage

relative to most published RRBS data and both were filtered to the same mini-

mum coverage (≥10x) prior to DM calling. However, this could still lead to some

differences in clustering and other measures of variation.
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Table 3.1: Size of eRRBS datasets of 18 males liver samples

Sample Mouse no.a Pedigree-generation Batch No. CpGs No. CpGs at ≥10 x cov.

M1 L 69827 A-1 1 4,688,976 2,472,244

M2 L 69828 A-1 1 4,602,988 2,284,388

M3 L 72364 A-1 1 4,756,606 2,274,872

M4 L 75535 B-2 1 4,640,407 3,000,727

M5 L 75536 B-2 1 4,636,310 3,091,189

M6 L 75541 B-2 1 4,750,488 3,115,144

M7 L 71963 A-2 2 5,376,404 3,000,727

M8 L 71964 A-2 2 5,376,601 3,091,189

M9 L 72622 A-2 2 5,533,855 3,115,144

M10 L 72616 B-1 2 5,609,012 3,088,858

M11 L 72617 B-1 2 5,303,795 2,908,684

M12 L 72618 B-1 2 5,583,632 3,057,212

M13 L 75005 A-3 2 5,476,257 3,054,343

M14 L 75006 A-3 2 5,320,165 3,037,108

M15 L 76808 A-3 2 5,546,496 3,094,428

M16 L 78720 B-3 2 5,007,755 2,815,687

M17 L 78955 B-3 2 5,510,293 3,136,891

M18 L 79749 B-3 2 5,366,753 3,064,172

Sex chromosome data included. a Listed for reference to Methods section 3.2.3

3.3.3 Overall variation and batch effects in the pedigree eRRBS

dataset

As shown in Figure 3.4 A, several principal components contribute significantly

to variation within the dataset (only the top 10 PCs are shown in the scree plot3.

Table 3.2 details the proportion of variance attributable to each PC, with 0.1165,

0.0902 and 0.0851 for PCs 1, 2 and 3 respectively. Thus, no one component is

dominating the variation seen, but rather there are several PCS of incrementally

decreasing influence. Overall, samples did not separate according to pedigree

when all 18 were applied to PCA (Figure 3.4 B to C). However, generations within

each pedigree (as depicted by shapes of the PCA points) did appear to cluster to-

3Scree plots show PCA eigenvalues on the Y-axis and the number of factors
(components) on the X-axis
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gether tightly, with the exception of generation A-1 (blue squares), which displays

much more inter-individual variation than any of the other generations. Note

that this group (A-1) is not from the pedigree that received methyl donor supple-

mentation intended to amplify epigenomic variation. A-1 samples were, however,

processed in a batch separate from all others except those in B-2 (see Table 3.3.3),

and this a possible cause of the difference in variability. Because the epigenome

is influenced by the environment, genuine clustering by generation would not be

surprising; some generations are comprised of only one litter (see Table 3.3.3)

and hence their epigenomes may be characteristic of a specific intrauterine envi-

ronment, and even where this was not the case, it cannot be ruled out that mere

separation by cage, differences in parental behavior and other influences could

lead to epigenomic variation between these isogenic animals. Samples from the

second main batch (those in A-2, A-3, B-1 and B-3) do not show separation by

generation and litter in these plots, but again, rather than indicating that these

are not major contributors to the DNA methylation variation, this may be caused

by the influence of batch.
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Table 3.2: PCA summary table of DNA methylation data from male liver

eRRBS

Figures rounded to 4 decimal places. eRRBS data filtered for read coverage

≥10x across 6 of 9 samples per group (pedigree).

Table 3.3: Animal breeding and batching of experiments for eRRBS of 18

male liver samples

Library preparation (Lib. Prep.), sequencing Flowcell and sequencing lane

information was provided by Zymo Research (CA).

When unsupervised hierarchical clustering was applied to the dataset a clear batch

effect was found. The correlation heatmap and dendrogram in Figure 3.5 A and B

(respectively) clearly show separation of those samples that were processed with

the first main batch prepared and sequenced approximately 6 months prior to the

second. Details of batching for eRRBS library preparation and sequencing are

given in Table 3.3.3, with main batch information in the fifth column. The sam-
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ples sent in the initial, exploratory experiments (labeled M1 L, M2 L, M3 L, M4 L,

M5 L and M6 L in Figure 3.5 and from generations A-1 and B-2) stand out in

Figure 3.5 (A to C) compared to all 12 of those done in the later batch (batch

2). In order to check the strength of this clustering and determine if any other

variables were likely to be detectable below the dimension of batch, a sparse clus-

tering analysis was performed with sparcl [137] for 10,000 permutations. Sparse

clustering was described in Chapter 2, but briefly, a lasso-type penalty [144, 145]

is applied for feature selection and regularization of high-dimensional data. With

this analysis (Figure 3.5 C) the same clustering occurred as seen in Figure 3.5 B

(with only minor shifts), showing that this clustering by batch was probably (and

unfortunately) robust. Although other batching was used, such as separation by

flow cell or lane in sequencers (Table 3.3.3), samples did not show any obvious

grouping according to anything other than the main batching into two different

library and sequencing lots.
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samples. B) Unsupervised hierarchical clustering. C) Sparse clustering, 10,000

permutations. Data filtered for ≥10 x coverage depth. Correlation: Pearson. Clus-

tering: Ward’s agglomerative method
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3.3.4 Efforts to achieve batch effect removal

A major batch effect like that shown in Figures 3.5 and 3.4 could prove a major

confounder in the search for genuine pedigree differences, in which the effect size

was expected to be fairly small. Batch effects can yield significant non-biological

variation from several aspects of experimentation, including non-random sam-

ple preparation, sample mislabeling and even slight differences in sequencing

reagents (reviewed by Leek et al. [171]). Although batch effects are extensively

described in the literature for data such as microarray (methods include Combat

[172] and Harman [173]) this is not the case for sequence-based genome-wide

DNA methylation methods such as RRBS. Results from the present study showed a

fairly clear batch effect cause that was unavoidable given the financial constraints

and the need for an initial ‘pilot’ experiment before a larger sample set was se-

quenced. However, it was surprising to find that there were no usable methods

specifically designed for batch effect correction of either RRBS or WGBS data. BE-

clear [174] is designed for this task in DNA methylation microarray experiments,

Harman [173] can be adapted for such data, and surrogate variable analysis (SVA)

[175] is widely used for high-throughput gene-expression and RNA-sequencing

data. SVA works on the assumption of symmetrical and unbounded data distri-

bution, which are not characteristics of eRRBS data. Nevertheless, attempts were

made to apply SVA both directly and via the RnBeads [176] pipeline, but data

formating and other barriers rendered this futile.

A further possibility was batch effect correction by removal of variation attributed

to particular principal components, as commonly employed for microarray and

other biological datasets (reviewed in [177]), and this approach was implemented

in methylKit [136] (as the function removeComp) during the latter stages of this

project. This function retrieves principal components from the methylation per-

centage data and (with numerical variables) uses a correlation test for associations

followed by removal of methylation percentage variation for the specified PCs. Fig-

ure 3.6 shows unsupervised hierarchical clustering of pedigree DNA methylation

data with batch effect correction by this method, with the additive removal of PC1
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variation (Figure 3.6 A), PC1 and 2 variation (Figure 3.6 B) and PC1, 2 and 3 vari-

ation (Figure 3.6 C) 4. From these results it appeared that subtraction of variation

from PC1 (Figure 3.6 A, with a proportion of variation attributed to PC1 of 0.1165

in Table 3.2) removed obvious clustering by main batch; the further steps in 3.6 B

and C are probably excessive given the formation of new branching structures of

unknown origin.
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Figure 3.6: Unsupervised hierarchical clustering with batch effect correction by re-

moval of variation attributed to principal components. A) Data less PC1 variation,

B) less PC1 and PC2 variation, C) less PC1, PC2 and PC3 variation. Data filtered

for ≥10 x coverage depth. Correlation: Pearson. Clustering: Ward’s agglomerative

method

4Note that this method sees removal of variation at sites (CpGs), rather than
the removal of sites themselves. Dataset sizes therefore remain the same
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3.3.5 Results of approaches for looking beyond batch effects

With the knowledge of a strong batch effect that was likely to affect downstream

differential methylation (DM) calling results, two approaches were taken for the

following analyses. One of these was to include all 18 samples in analysis, but

with computation of differentially methylated cytosines (DMCs) after removal of

PC1 variation. 5 The second approach was to apply DMC analysis to samples of

the same batch only. Thus, DMC results described in this section are of three types:

1. Differential methylation analysis of all samples after batch effect correction

by way of PC1 variation removal

2. Differential methylation analysis of batch 1 samples only (6 total, 3 from

each pedigree)

3. Differential methylation analysis of batch 2 samples only (12 total, 6 from

each pedigree, sequenced at twice the depth of batch 1 samples)

Minimum methylation % difference threshold was set at 15% for DM results shown

in this chapter. This is lower than that used in gender comparisons in Chapter 2,

primarily because of the small expected effect size in pedigree comparisons. The

q-value threshold of 0.01 remained.

Table 3.4 summarises DMC and DMR results from these approaches. Note that

the number of CpG sites included after filtering is influenced both by the coverage

filtering and the sample coverage per group setting. For ‘all samples’ tests, this was

set to include CpGs which were covered at ≥10x in 6 of the 9 samples per group

(pedigree). For ‘Batch 1 only’ and ‘Batch 2 only’ tests, this was set at ≥10x in 3 of

3 samples per group and 4 of 6 samples per group, respectively. The number of

CpGs included does not change for batch corrected data because the variation (of

methylation levels) attributed to PC1 is removed, not the CpG sites themselves.

5DM analysis results for the full dataset without batch effect correction can be
found in Appendix A.5.
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Table 3.4: DMC and DMR summary for all samples, all samples less PC1 variation

and batch-specific analyses

No. of CpGs included after filtering No. of DMCs No. of DMRs

All samples (18) 1408753 775 12

All samples, batch corrected 1408753 214 4

Batch 1 only samples 1458489 1501 64

Batch 2 only samples 2348446 795 15

For ‘all samples’ tests, filtering was set to include CpGs which were covered at ≥10x in 6

of the 9 samples per group (pedigree). For ‘Batch 1 only’ and ‘Batch 2 only’ tests, filtering

was set at ≥10x in 3 of 3 samples per group and 4 of 6 samples per group, respectively.

DMCs identified with methylKit [136], DMRs with eDMR [140]. DMC criteria: Min.

methylation difference 15%, q-value threshold 0.01. DMR criteria: Min. methylation

difference 15% ( taken as the average across DMCs in the DMR), min. 3 CpGs and 1

DMC per DMR (eDMR default), maximum distance between DMCs in DMRs: 100bp

Differential methylation analysis of full dataset (18 samples) less PC1 varia-

tion

A relatively small number of DMCs (214) were identified using the full dataset

with batch effect correction and 70% of these were annotated to repeat regions

(Figure 3.7 D). This is a considerably higher level of enrichment to repeat se-

quences that those seen in equivalent analyses in gender comparisons (Chapter 2)

and other figures in this section. 6 The small degree of differential methylation

shown in this batch corrected data is likely due to the removal of a large degree of

variation (all from PC1) and additionally, this analysis is asking that inter-pedigree

differences be maintained throughout the generations.

6The assumption is made that the background CpGs have equivalent annotation
levels to those of the background data shown in chapter 2 section 2.3.6, given that
the same tissue is used and some of the data is shared between studies.
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Figure 3.7: All pedigree samples (18) after removal of PC1 variation A) Hyper-

and hypomethylated DMCs per chromosome. B) Annotation of DMCs with genic

features. C) Annotation of DMCs with CpG islands and shores. D) Annotation of

DMCs with repeats (RMSK). Data filtered for ≥10x coverage depth across 3 (of 3)

samples per group. DMC criteria: Minimum methylation difference 15%, q-value

threshold 0.01.

Differential methylation analysis in batch 1 samples only

Differential methylation analysis of batch 1 data (6 male livers, 3 from each pedi-

gree) identified 1501 DMCs and 64 DMRS with methylKit [136] and eDMR [140],

respectively. This large number of DMCs relative to the previous section (3.3.5)

may be owing to removal of some genuine (biological) differences from DM results

in section 3.3.5; it is possible that the removal of PC1 variation is too ‘blunt’ as a

tool for dealing with artefactual variation only. Figure 3.8 A shows that identified

DMCs have similar degrees of hyper- and hypo-methylation on each chromosome

(bar plot is relative to pedigree B), with the exception of the X chromosome. An-

112



3. Transgenerational epigenetic inheritance

notation to mm10 RefSeq (UCSC) genes (Figure 3.8 B) shows that 14% of the

1501 pedigree DMCs correspond to promoters and 16% to exons. This is unre-

markable given the equivalent results described in the gender analyses (Chapter 2

section 2.3.6), assuming the background CpGs have equivalent annotation levels.

CpG island and repeat annotations (Figure 3.8 C and D) are also unremarkable

with 12% of DMCs corresponding to islands, 17% to CpG island shores and 34%

to repeats.

As in Chapter 2, DMRs were obtained with a minimum CpG content of 3, min-

imum DMC number of 1, and maximum distance between DMCs in a DMR of

100bp. Although the methylation % difference threshold was set at 15% (taken as

average of DMCs across a DMR) for DMR calling, only 64 DMRs were identified.

The clustered heatmap (Figure 3.8 E) shows methylation % in these eDMRs, with

pedigree A clustered at the LHS.
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Figure 3.8: Differential methylation analysis in batch 1 samples only: A) Hyper-

and hypomethylated DMCs per chromosome. B) Annotation of DMCs with genic
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(UCSC). D) Annotation of DMCs with repeats (RMSK, UCSC). E) Heatmap of

DMRs from eDMR, colour graded by methylation % (blue-red) of DMRs, averaged

across DMCs. Unsupervised hierarchical clustering applied to both samples over-

all (x-axis) and individual DMRs (y-axis). Data filtered for ≥10x coverage depth

across 3 (of 3) samples per group. DMC and DMR criteria: Minimum methylation

difference 15%, q-value threshold 0.01.

The small number of DMRs formed from the 1501 DMCs indicates that most most

of the pedigree differences occur at isolated CpGs, rather than in co-localised

groups of DMCs (i.e. regions). Gene ontological (GO) association tests were
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performed with GREAT [139] and, using the strict setting of ‘Two nearest genes’

with 10.0 Kb max. extension, 31.7% of DMCs gave significant association with

ontological terms. Figure 3.9 shows the terms resulting from GO (from molec-

ular function, biological process and cellular component sections only). Overall,

GO terms are of a general nature, related to molecular binding, metabolic func-

tions and nuclear processes. Given the nature of the comparison (that is, between

pedigrees where differential methylation is not necessarily expected to be related

to a particular biological function or phenotypic state), these GO term associa-

tions are comprehensible. GO analysis with the 64 DMRs with GREAT (using the

same settings of ‘two nearest genes’ with 10.0 Kb max. extension) identified the

MGI expression (Jackson Laboratories) term ‘TS10 embryo endoderm’ (binomial

raw p-value 7.56190e-7, binomial FDR q-value 7.09457e-3), which is comprised

of region-gene association with the genes Otx2 7 , Efna3 8 and Cldn4 9. These

DMRs were distributed across chromosomes, with at least one DMR occurring on

every chromosome other than Y. Overall these DMC and DMR results from batch

1 samples show that pedigree-specific DNA methylation occurs in a widespread

(i.e. distributed across chromosomes) manner as subtle but probably biologically

significant variations.

7Otx2 encodes a homeobox family of TFs with roles in head development [153]
8Efna3 encodes a Cell surface GPI-bound ligand involved in migration and ad-

hesion during neuronal, vascular and epithelial development [153]
9Cldn4 products have a role in tight junctions in the intercellular space via

calcium-independent adhesion [178, 179]
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Figure 3.9: Gene ontological analysis results of batch 1 pedigree DMCs. Performed

with GREAT [139] version 3.0.0. Molecular function, biological process and cellu-

lar component results only. Data filtered for read coverage ≥10x across all samples

(3 per group). Species assembly: mouse NCBI build 38 (UCSC mm10, Dec 2011).

GREAT settings: ‘Two nearest genes’ with 10.0 Kb max extension. Other settings

left as default.
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Differential methylation analysis in batch 2 samples only

Pedigree differential methylation analysis of batch 2 samples identified 795 DMCs

and 15 DMRS. DMCs show similar degrees of hyper- and hypo-methylation on

each chromosome (Figure 3.10 A, bar plot is relative to pedigree B), with the

exception of perhaps Chromosomes Y (hypermethylated in pedigree A) and 17

(hypomethylated in pedigree A). Annotation to genic features, CpG island and

repeat annotations (Figure 3.10 B to D) are similar to those of batch 1 DMCs (Fig-

ure 3.8), with the exception of a higher percentage of DMCs annotating to repeats

(45% compared to 34%). GO analysis in GREAT with the same settings described

previously (‘Two nearest genes’ with 10.0 Kb max extension) only gave one signif-

icant association. This was for MSigDB Predicted Promoter Motif (CAGCTG) for

replication initiator 1, with binomial raw p-value 1.65863e-9 and binomial FDR

q-value 3.40019e-7.
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Figure 3.10: Differential methylation analysis in batch 2 samples only: A) Hyper-

and hypomethylated DMCs per chromosome. B) Annotation of DMCs with genic

features (RefSeq, UCSC). C) Annotation of DMCs with CpG islands and shores

(UCSC). D) Annotation of DMCs with repeats (RMSK, UCSC). E) Heatmap of

DMRs from eDMR, colour graded by methylation % (blue-red) of DMRs, averaged

across DMCs. Unsupervised hierarchical clustering applied to both samples over-

all (x-axis) and individual DMRs (y-axis). Data filtered for ≥10x coverage depth

across 4 (of 6) samples per group. DMC and DMR criteria: Minimum methylation

difference 15%, q-value threshold 0.01.

Only 15 DMRs were identified in batch 2 DM analyses, with clustering and methy-

lation % of DMRs shown in the heatmap (Figure 3.10 E). DMR sizes ranged from

27 to 2,245 bp but did not yield any associations. The 2,245 bp DMR was com-

prised of 41 CpGs of which only 4 were differentially methylated, and on manual

inspection in UCSC Genome Browser [180] did not align with features in sur-
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rounding regions out to a total span of 6,735 bp.

3.3.6 The ‘one to many’ approach for tracing pedigree specific

differential methylation

The aim of the following experiments was to further investigate pedigree-specific

differential methylation while avoiding the potentially confounding batch effects.

In addition to looking at the whole dataset in batch corrected form (less PC1 varia-

tion) and in within-batch tests, comparisons were performed with each generation

in isolation, and CpGs displaying differential methylation (DMCs) in some of these

tests were then extracted from data from animals in the other generations. In other

words, DMCs were identified in one generation 10 and ‘followed through’ in other

generations to test if they were maintained. There were two possible approaches

for this: first, identification of all DMCs in generation ‘1’ (e.g. A-1 vs B-1), all in

generation ‘2’ (e.g. A-2 vs B-2), and all in generation ‘3’ (e.g. A-3 vs B-3), followed

by extraction of overlapping (from all 3 comparisons) DMCs. However, such an

approach sees the reference comparison set change in each generation, and thus

risks the loss of robust DMCs. The second possible approach involved keeping the

reference sample set stable across comparisons. That is, to use a single generation

set (e.g. A-2) as the reference set and identify DMCs between that set and the

other generation/s in the other pedigree. This was performed as the comparison

of A-2 vs B-1, A-2 vs B-2 and A-2 vs B-3 and was done reciprocally for the other

pedigree (i.e. B-1 vs A-2, B-1 vs A-3 and B-1 vs A-4). This approach is referred to

here as ‘one to many’.

As in the previous section, this ‘one to many’ approach was applied to both batch

corrected data and to data from the same batch only (batch 2). In the case of

application to batch 2 data, this sees only two comparisons in each direction as

only two generations are represented in batch 2 data (i.e. A-3 vs B-1 and A-3

10Recall that generation numbers within pedigrees are arbitrary
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vs B-3 for with a pedigree A reference set and B-1 vs A-3 and B-1 vs A-4 for the

reciprocal with pedigree B). Because it is uncertain if PC1 variation is genuinely

a result of batching, after a brief summary of DMC overlaps from batch corrected

data, the following sections focus primarily on DM results from the batch 2 ‘one

to many’ tests. A summary of DMCs and DMRs identified in each test is given in

Table 3.3.6 11.

Table 3.3.6 shows that in ‘one to many’ test with batch-corrected data, there are

large differences in the number of DMCs and DMRs produced from comparisons

of animals in the same batch (A-1 to B-2, B-1 to A-2 and B-1 to A-3) compared

to comparisons of animals across batches (A-1 to B-1, A-1 to B-3 and B-1 to A-1).

This may indicate again that noise from batching is still present in this data on

which batch-effect removal has been attempted. In contrast, ‘one to many’ tests

with batch 2 only animals all give very similar numbers of DMCs (between 1298

and 1520) and DMRs (between 30 and 49).

11As the tests were performed reciprocally, some of the tests are equivalent and
thus gave the same number of DMCs and DMRs
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Table 3.5: Summary of DM results from ‘one to many’ tests

Batch corrected data

Generations compared CpGs included in test No. of DMCs No. of DMRs

A-1 to B-1 1,408,753 2022 34

A-1 to B-2 1,408,753 452 4

A-1 to B-3 1,408,753 1816 36

B-1 to A-1 1,408,753 2022 34

B-1 to A-2 1,408,753 510 8

B-1 to A-3 1,408,753 592 13

Batch 2 only data

Generations compared CpGs included in test No. of DMCs No. of DMRs

A-2 to B-1 2,248,724 1362 30

A-2 to B-3 2,206.965 1298 43

B-1 to A-2 2,248,724 1362 30

B-1 to A-3 2,228313 1520 39

Data filtered for ≥10x coverage depth across 3 (of 3) samples per group. DMC criteria:

Minimum methylation difference 15%, q-value threshold 0.01. DMR criteria: Minimum

methylation difference 15% (taken as the average across DMCs in the DMR), minimum 3

CpGs and 1 DMC per DMR (eDMR default), maximum distance between DMCs in one

DMR: 100 bp

‘One to many’ differential methylation analysis with batch corrected data

As shown in Table 3.3.6 and depicted in Figure 3.11, this analysis was performed

reciprocally, with tests of A-2 animals against B-1, B-2 and B-3 animals and tests of

B-1 animals against A-2, A-3 and A-4 animals. Figure 3.11 shows that these tests

gave 120 (Figure 3.11 A) and 87 (Figure 3.11 B) overlapping DMCs, respectively.

These DMCs that overlap in all tests are likely to be very robust pedigree-specific

DMCs.
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Figure 3.11: Venn diagram of DMCs identified in ‘one to many’ analyses with batch

corrected data from the full dataset (18 males).

The 120 overlapping DMCs identified from A-2 x B-1 to B-3 (Figure 3.11 A) were

distributed across most chromosomes (excepting Chr13) and gave GO enrichment

results (with GREAT at default settings) for Mouse Phenotype and MSigDB miRNA

Motifs (Figure 3.13). Mir-203 has been associated with stemness, particularly in

epithelial cells [181, 182], and mir-496 with breast cancer progression [183, 184].

Figure 3.12 shows the methylation % differences between the pedigrees at each

DMC, taken as the average methylation difference from all three tests.
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Figure 3.12: Methylation differences at overlapping DMCs identified in ‘one to

many’ analyses with batch corrected data in the direction of pedigree A to B. (120

DMCs, in common from A-2 x B-1, A-2 x B-2 and A-2 x B-3). Each bar represents

an individual DMC. Methylation % differences taken as the average methylation

difference across all three tests

abnorm al neural tube closure
open neural tube

anencephaly
abnorm al nasal capsule m orphology

absent  nasal capsule
absent  m andible

0 1 2 3 4 5 6 7
7.35

6.63
6.11

5.66
5.21

4.32

M ouse Phenot ype
-log10(Binom ial p value)

Targets of MicroRNA CATTTCA,MIR-203
Targets of MicroRNA CATGTAA,MIR-496

0 1 2 3 4 5 6
6.84

4.87

M SigDB m iRNA M ot ifs
-log10(Binom ial p value)

Figure 3.13: GO results from overlapping DMCs from ‘One to many’ tests with

batch corrected data. GO performed with GREAT version 3.0.0. Species assembly:

mm10 (UCSC). Association rule: Basal+extension: 5 Kb upstream, 1 Kb down-

stream, 10 Kb max extension

Overlapping DMCs from the equivalent tests in the other direction (B-1 x A-1 to

A-3) were primarily on Chr9 (32 of 87). Figure 3.14 shows the methylation %
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differences between the pedigrees at each DMC, taken as the average methylation

difference from all three tests. The light-green shaded section highlights the block

of these robust pedigree DMCs on chromosome 9. Despite this clustering of DMCs

that are hypomethylated in pedigree A, these 87 DMCs were not enriched in gene

ontologies.
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Figure 3.14: Methylation differences at overlapping DMCs identified in ‘one to

many’ analyses with batch corrected data in the direction of pedigree B to A (87

DMCs, in common from B-1 x A-1, B-1 x A-2 and B-1 x A-3). Each bar represents

an individual DMC. Methylation % differences taken as the average methylation

difference across all three tests

‘One to many’ differential methylation analysis with batch 2 data

Because of the finding that a batch effect is likely still present in ‘batch corrected’

data (section 3.3.6 and Table 3.3.6), within-batch comparisons followed, in which

DMCs overlapping from the reciprocal ‘one to many’ tests from batch 2 animals

were identified. This saw A-3 animals compared to B-1 and B-3, and B-1 animals

compared to A-3 and A-4, with a summary of resulting DMCs given in Table 3.3.6.

Figure 3.15 A shows the ‘one to many’ DMCs that overlap when the DM tests are

applied in the direction of pedigree A to B. 142 DMCs overlap in this test, and

these are likely to be robust pedigree-specific DMCs and likewise for the 281 over-

124



3. Transgenerational epigenetic inheritance

lapping DMCs identified in tests in the other direction (3.15 B). p-values (Pearson’s

Chi-squared test with Yates’ continuity correction) for both overlaps (n=142 and

281) reached the lowest reportable values and thus have been reported as <0.001

in Figure 3.15.

These overlapping DMCs, though likely to be robust, did not show enrichment

at any gene ontologies with GREAT [139]. Both sets of overlapping DMCs were

widely distributed across the genome and present on all chromosomes. Figures

3.16 and 3.17 show the methylation % differences between the pedigrees at each

DMC (taken as the average methylation difference from both comparisons) for

the directions of pedigree A to B and B to A, respectively. The lilac shaded sec-

tion shows a block of these overlapping DMCs on Chromosome 5, and light-green

shaded section highlights a block again on chromosome 9, as was also found with

batch corrected DMC sets in Figure 3.14 .

In order to examine the same sites in the Batch 1 data and see if these robust DMCs

from one to many analyses are present (i.e. maintained in other generations of the

same pedigree), the locations of the overlapping DMCs from batch 2 only analyses

were extracted from the batch 1 data and their p-value distributions are shown in

Figures 3.15 C and D. Cartoons at the bottom of each of 3.15 A and B illustrate the

direction of DM testing. The high peak near 0 and comparatively low and uniform

distribution along the rest of the x-axis is indicative that the overlapping DMCs are

also differentially methylated in batch 1 data, whether or not they were called as

DM in batch 1 only tests. Methylation differences of these DMCs in batch 1 data

(Figures 3.15 E and F) show a near normal distribution.
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Figure 3.15: ‘One to many’ DMCs from batch 2 data. A) Venn diagram of DMCs

from A-2 x B-1 and B-3. B) Venn diagram of DMCs from B-1 x A-2 and A-3. C)

p-value distribution of overlapping DMC sites from (A) in batch 1 data. D) p-value

distribution of overlapping DMC sites from (B) in batch 1 data. E) Methylation

difference (%) of overlapping DMC sites from (A) in batch 1 data. F) Methylation

differences of overlapping DMC sites from (B) in batch 1 data. Frequency (Y-axis

of C-F) is occurrence of the p-value per DMC set.
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Figure 3.16: Methylation differences at overlapping DMCs identified in ‘one to

many’ analyses with batch 2 data in the direction of pedigree A to B (142 DMCs),

in common from A-3 animals compared to B-1 and A-3 animals compared to B-3.

Each bar represents an individual DMC. Methylation % differences taken as the

average methylation difference across all three tests

0

20

40

60

80

100

-20

-40

-60

-80

Av
g.

 m
et

hy
la

tio
n 

di
ffe

re
nc

e 
(%

)

Figure 3.17: Methylation differences at overlapping DMCs identified in ‘one to

many’ analyses with batch 2 data in the direction of pedigree B to A (281 DMCs),

in common from B-1 animals compared to A-2 and B-1 animals compared to A-3.

Each bar represents an individual DMC. Methylation % differences taken as the

average methylation difference across all three tests
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With application of all of the DMCs identified in ‘one to many’ tests from both

directions in batch 2 data (rather than the strict approach of using overlapping

or common DMCs only), Figure 3.18 shows the p-value distribution of these DMC

locations as extracted from batch 1 data. Cartoons at the bottom of each of 3.18 A-

D illustrate the direction of differential methylation testing. All of the distributions

show high peaks near 0 (p-value=0) and a relatively uniform distribution towards

1 (p-value=1), indicating that these DMCs may be significantly different between

pedigrees in batch 1 samples also, whether or not they were called as DMCs in

batch 1 only tests or not.
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Figure 3.18: p-value distributions of batch 1 CpGs from DMCs identified in each

‘one to many’ test performed with batch 2 data. Frequency (Y-axis) is occurrence

of the p-value per DMC set.
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3.3.7 Discretisation of methylation levels for identification of

pedigree-specific DNA methylation patterns

The finding that batch 2 DMC locations also displayed p-value distribution that

were skewed towards 0 in batch 1 data (even if they were not necessarily identified

as ’DMCs’ in batch 1 comparisons) suggested that the standard DMC identification

process may be too stringent to capture all the sites of methylation variation that

may be carried through the generations. This prompted an approach that was less

oriented in testing for ‘differential’ methylation per se. For this analysis, a discreti-

sation approach was employed for identification of CpGs with methylation profiles

that were specific to pedigrees. The discretisation approach saw CpGs allocated

into one of three possible bins according to methylation percent, and thus data

was simplified into a form analogous to that of the three diploid allelic states. This

approach has been used previously in several studies using DNA methylation data

from both microarray and bisulfite sequencing experiments. The exact boundaries

of each bin vary in the literature and are somewhat arbitrary. Some categorise

data into three groups according to distribution of methylation % relative to the

mean [185, 186], while others categorise by simple assignment of data according

to probe β-values or methylation percentage. Heyn et al. [187] categorised probes

into ‘AA’, ‘AB’ or ‘BB’ representing β-value <0.33, >0.33 but <0.66 and >0.66, re-

spectively. A similar approach was used by Capra et al. [188], only CpGs were

allocated into bins of <10%, 11-79%, and >80%. This approach is in line with

the natural distribution seen in methylation historgrams from bisulfite sequenc-

ing experiments , where clear peaks are observed at the extreme ends (<10% and

>80%) and this is the approach employed here. Thus, CpGs were assigned a value

of 0, 1 or 2 representing <10% , 11-79%, and >80%, respectively. This was ap-

plied to data both before and after a batch effect correction step where variation

from PC1 was removed. As seen in hierarchical clustering and PCA results in the

previous section, this component likely arises from the separation of library prepa-

ration and sequencing in two groups carried out approximately 6 months apart. It

is important to note again that the batch effect correction saw removal of varia-

tion in methylation % statistically associated with PC1, rather than the removal of
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actual CpG sites.

From a total CpG number of 1,355,030 after filtering for ≥10x read depth, ˜7%

of discretised CpGs are specific to pedigree A (that is, the CpG methylation is as-

signed to the same bin in all of the individuals from that pedigree but not the

other pedigree) prior to batch effect correction, and ˜0.22% after. Similar re-

sults were obtained for pedigree B-specific descretised CpGs, with ˜9% prior to

batch effect correction and ˜0.39 % after. Thus, if it is assumed that PC1 variation

results primarily from the batch effect, a very small proportion of CpGs display

methylation levels that run with pedigree when a discretisation approach is ap-

plied. Figure 3.19 shows that very few CpGs remain in the 0 and 2 methylation %

bins after batch effect correction by the method of PC1 variation removal. Again,

although initial clustering results suggested an association between PC1 variation

and batch, this does not appear to be complete in the light of batch-specific anal-

ysis. Figure 3.19 may indicate over-correction (i.e. that PC removal is not an

optimum method for batch effect correction in these data) due to probable re-

moval of genuine biological variation.

Table 3.6: CpGs specific to pedigrees after discretisation of methylation percentage

All data Batch corrected data

No. pedigree specific No. total % No. pedigree specific No. total %

Pedigree A 99,547 1,355,029 7.35 3071 1,355,029 0.23

Pedigree D 117,862 1,355,029 8.70 5416 1,355,029 0.40

Data from 18 male liver samples, filtered for ≥10x read depth across all samples.

Discretisation of methylation: <10% = 0, 11-80% = 1, >80% = 2.
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Figure 3.19: Counts of CpGs in each methylation bin for original pedigree data

(18 samples) and batch corrected data (18 samples). Top panel (A,B): Pedigree

A original and batch corrected data. Bottom panel (C,D) Pedigree D original and

batch corrected data. Filtered for ≥10x read depth prior to binning/discretisation.

Discretisation of methylation: <10% = 0, 11-80% = 1, >80% = 2.

Differential methylation statistics at the locations of pedigree-specific discretised

CpGs gave anticonservative p-value distributions, where the peak near 0 is large

for all 3 bins for both pedigrees and the remainder of the x-axis displays clear

uniformity (Figure 3.20 A to F). The distributions suggest that these CpGs are

likely sites of pedigree differential methylation in the standard (non-discretised)

sense also.
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Figure 3.20: Distribution of p-values for methylation differences from pedigree-

specific discretised data. A) Pedigree A specific in methylation bin 0. B) Pedigree

B specific in methylation bin 0. C) Pedigree A specific in methylation bin 1. D)

Pedigree B specific in methylation bin 1. E) Pedigree A specific in methylation bin

2. F) Pedigree B specific in methylation bin 2. All CpGs filtered for ≥10x read

depth prior to binning/discretisation. Discretisation of methylation: <10% = 0,

11-80% = 1, >80% = 2. Frequency (Y-axis) is occurrence of p-value per CpG set
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Because discretisation results with batch corrected data showed signs of over-

correction (Figure 3.19 B and D), the next analyses focused on discretised pedigree-

specific CpGs without batch effect correction. Figure 3.19 shows that, although

they represent a very small fraction of the total filtered CpGs, there are neverthe-

less tens of thousands of pedigree-specific CpGs in each methylation bin. Those in

bins 0 and 2 are of the most interest because they have the most extreme methyla-

tion levels (<10% and >80%). For bin 0, ˜21,000 are pedigree A-specific, ˜35,000

are pedigree B-specific and for bin 2 ˜48,000 are pedigree specific for each pedi-

gree.

Pedigree-specific discretised CpGs occurred across all chromosomes. Figure 3.21

shows the counts of CpGs in methylation bins 0 and 2 (representing <10% and

>80% methylation, respectively). These CpGs are specific to each pedigree (in the

same bin for all samples in pedigree A but not in pedigree B, and vice versa) and

also in the bins of either low (bin 0 = <10%) or high (bin 2 = >80% ) methy-

lation. As was seen in Figure 3.20 A, B, E and F, they also display anticonserva-

tive p-value distributions indicating that many are likely significantly differentially

methylated.
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Figure 3.21: Pedigree-specific discretised CpGs across chromosomes. A) Pedigree

A specific in methylation bin 0. B) Pedigree B specific in methylation bin 0. C)

Pedigree A specific in methylation bin 2. D) Pedigree B specific in methylation bin

2. X-axis shows count of Pedigree-specific discretised CpGs. Y-axis shows chro-

mosomes. All CpGs filtered for ≥10x read depth prior to binning/discretisation.

Discretisation of methylation: <10% = 0, 11-80% = 1, >80% = 2.

135



3. Transgenerational epigenetic inheritance

GO analyses with those CpGs displayed in Figure 3.21 (Pedigree A or B specific

in methylation bin 0, Pedigree A or B specific in methylation bin 2) gave a large

number of enrichments for the low methylation (bin 0) pedigree-specific CpGs for

both pedigree. Because there were too many to report here, only ‘pathway’ GO

terms were chosen for presentation in Figures 3.22 and 3.23. Less GO term en-

richments were given for those with high methylation level (bin 2) so all categories

are shown in Figures 3.24 and 3.25.
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Figure 3.22: Gene ontological analysis results of pedigree A-specific discretised

methylation loci, bin 0 (methylation level <10%). Performed with GREAT [139]

version 3.0.0. Pathway results only (MSigDB Pathway and Panther Pathway).

Missing blue bar indicates the lowest reportable p-value. Species assembly: mouse

NCBI build 38 (UCSC mm10, Dec 2011). GREAT settings: ‘Two nearest genes’ with

1.0 Kb max extension. Other settings left as default.
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Figure 3.23: Gene ontological analysis results of pedigree B-specific discretised

methylation loci, bin 0 (methylation level <10%). Performed with GREAT [139]

version 3.0.0. Pathway results only (MSigDB Pathway and Panther Pathway).

Missing blue bar indicates the lowest reportable p-value. Species assembly: mouse

NCBI build 38 (UCSC mm10, Dec 2011). GREAT settings: ‘Two nearest genes’ with

1.0 Kb max extension. Other settings left as default.

137



3. Transgenerational epigenetic inheritance

Genes with high-CpG-density prom oters with unm ethylated histone H3 in MEF cells (EFs).
Genes with high-CpG-density prom oters that  have no histone H3 m ethylat ion m arks in brain.

Genes different ially expressed in ES cells with DPPA4 [GeneID= 55211]  knockout .
Unm ethylated germ line-specific genes w high-CpG-density prom oters in prim ary fibroblasts.

Unm ethylated germ line-specific genes w high-CpG-density prom oters in sperm .

0 2 4 6 8 10 12 14 16 18
19.98

15.36
12.79

7.42
6.26

M SigDB Pert urbat ion
-log10(Binom ial p value)

Figure 3.24: Gene ontological analysis results of pedigree A-specific discretised

methylation loci, bin 2 (methylation level >80%). Performed with GREAT [139]

version 3.0.0. Species assembly: mouse NCBI build 38 (UCSC mm10, Dec 2011).

GREAT settings: ‘Two nearest genes’ with 1.0 Kb max extension. Other settings

left as default.
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Figure 3.25: Gene ontological analysis results of pedigree B-specific discretised

methylation loci, bin 2 (methylation level >80%). Performed with GREAT [139]

version 3.0.0. Species assembly: mouse NCBI build 38 (UCSC mm10, Dec 2011).

GREAT settings: ‘Two nearest genes’ with 1.0 Kb max extension. Other settings

left as default.

It is of interest that in this analysis with discretised methylation, the low methyla-

tion (bin 0) pedigree-specific CpGs show much more functional association from

GO analysis than those in the high methylation bin. Furthermore, Figure 3.25

(from bin 2) shows a number of GO enrichments specifically related to male germ

cell development and health, whereas those associated with bin 0 pedigree-specific

loci were of broad nature.
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3.4 Discussion

This chapter has described an in-depth search for pedigree-specific patterns in the

mouse DNA methylome. This was prompted by the documented occurrence of

transgenerational inheritance of epigenetic marks at discrete loci in mammals and

on a widespread basis in plants and lower animals. Previous research from our

laboratory showing cumulative DNA methylation variation increases over multi-

ple generations of methyl-donor supplementation [48] also prompted this work

and the specific experimental design utilising pedigrees of isogenic mice. The

cumulative nature of the variation change over generations, using a method of

relatively broad genome coverage (array), suggested that transgenerational epi-

genetic inheritance is not restricted to the few documented loci but may in fact

be a widespread phenomena in the mammalian genome. If this is indeed the case

it would have important implications for not only our fundamental knowledge of

how phenotypic variation comes about, but also for the search for causative mech-

anisms of human disease, in particular those which cannot be explained fully by

genetic variants, such as heart disease, asthma and diabetes.

Initial results from the current work in a small number of samples indicated a

separation of isogenic mice according to pedigree of origin (following clustering

by gender), as shown in unsupervised hierarchical clustering results with boot-

strap resampling (Figure 3.3). These results from the initial pilot study warranted

further investigation of the starting hypothesis, that transgenerational epigenetic

inheritance is widespread in the mammalian genome. Data quality and read cov-

erage was high in both batches of these data and many CpGs were called differen-

tially methylated between pedigrees in a range of tests. However, the strong batch

effects discovered in the pedigree datasets in section 3.3.3 led to a cautious ap-

proach in the assignment of pedigree-specific differentially methylated cytosines

and regions, and also a detailed investigation of the data with and without batch

effect correction.

139



3. Transgenerational epigenetic inheritance

This situation was challenging due to a paucity of information on batch effects in

genome-wide bisulfite sequencing data from both RRBS and WGBS. No methods

existed that were specifically designed for DNA methylome data, which is unique

to other genome-wide data (such as methylation microarray and DNA sequence).

Linear regression-based methods for RNA expression data could not be readily ap-

plied, and this meant that the few possible approaches to such a challenge were

not ideal in underlying statistical assumptions. The removal of PC1 saw the batch

effect seemingly removed in hierarchical clustering results (section 3.3.4 and Fig-

ure 3.6). However, some results suggested that batch effect correction by this

method (PC removal) was not optimal. These included the tendency for a higher

frequency of DMC calling in batch corrected data when comparisons were per-

formed across compared to within batches (Table 3.3.6) and the almost complete

removal of CpGs in bins 0 (methylation % <10) and 2 (methylation % >80) when

a discretisation approach was taken (Figure 3.19).

Detection of pedigree-related variation by PCA with the 18 sample cohort was

impeded by the large degree of variation in batch 1 samples compared to batch

2 (prior to batch effect correction, Figure 3.4). PCA analyses showed that, un-

surprisingly, the methylation data are of very high-dimensionality, with several

principal components each contributing a small proportion of the variation (Fig-

ure 3.2). In general, hierarchical clustering results did not support the hypothe-

sis (that loci exhibiting transgenerational epigenetic inheritance occur frequently

across the genome) which predicted that inter-pedigree variation would exceed

intra-pedigree variation. Figure 3.6) showed that, in batch corrected data, sam-

ples did not display any tendency to group together by pedigree. However, given

the pitfalls identified with the removal of PC1 as a method of batch correction (dis-

cussed above), it may be that genuine pedigree differences were removed along

with technical variation.

The aims of this study were not centered around identification of sites of func-

tional importance between pedigrees, but rather the identification of general DNA
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methylation patterns within pedigrees and the question of whether or not such

differences, however subtle, could be traced down generations. Given how little

is known a about DNA methylation functions in trans, the approach of looking for

nearby genomic features according to linear (bp) distances is likely to miss the

vast majority of functional associations. This situation should improve as knowl-

edge is gained on where genomic and epigenomic features are co-located in three-

dimensional space. Given the above, the use of methods for traditional differen-

tial methylation detection (most often applied for detection of sites of functional

significance to a disease or specific phenotype state) were probably not optimal

for for testing the hypothesis. Nevertheless, many CpGs of significant differential

methylation were found between the pedigrees and these tended to occur as iso-

lated DMCs rather than in DMRs (for example, section 3.3.5). Furthermore, these

isolated DM sites were distributed widely across most chromosomes (sections 3.7

to 3.3.5). In general, where pedigree DMCs occurred, these did not show either

enrichment or depletion at gene, CpG island or repeat features, with the excep-

tion of DMCs from batch corrected data from the full pedigree cohort, where a

high enrichment was found to repeats (Figure 3.7). Gene ontological associations

with DMCs from within-batch comparisons tended to be numerous but of a gen-

eral nature, such as molecular binding and nuclear processes (Figure 3.8).

As another approach for minimising the batching confounder (and in addition to

considering the whole dataset in batch corrected form and with within-batch tests)

comparisons were performed with each generation in isolation in ‘one to many’

analyses. DMCs from these tests were then extracted from data from animals in

the other generations to see if they were maintained as differentially methylated.

In the strictest application, this saw only overlapping DMCs (that can be consid-

ered robust pedigree-specific DMCs) from the reciprocal tests being applied to this

method (section 3.3.6). p-value distributions of these CpG sites in batch 1 data

indicated that these DMCs are likely also present in other generations in a pedi-

gree of origin manner (Figure 3.15 and Figure 3.18 for the wider DMC groups).

It can be said with some confidence, therefore, that pedigree-specific methylation

differences do occur in these isogenic mice.
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With the aim of simplifying the methylation data and making pedigree-specific

patterns more easily identifiable, the final approach employed in this study saw

discretisation of CpGs into binned categories of methylation level, as has been uti-

lized in several earlier studies (discussed in 3.3.7). Data was manipulated into

a simplified form where CpGs were assigned bins representing ‘active’ (methyla-

tion <10%), ‘silent’ (methylation >80%) or ‘intermediate’ methylation states. The

removal of nearly all sites in both the ‘active’ and ‘silent’ bins (0 and 2, respec-

tively, Figure 3.19) suggested overcorrection of data with the removal of PC1. In

data not subject to batch correction, 117,862 of the discretised CpGs were spe-

cific to pedigree A (i.e. the CpG methylation was assigned to the same bin in

all 9 individuals from pedigree A but this was not the case for pedigree B) and

99,547 to pedigree B, in each case representing ˜8% of all of the CpGs in the

test. These results indicate methylation events that are dependent on parentage in

these isogenic animals. Furthermore, when p-values of methylation differences in

normal form (non-binned/continuous) were calculated at these pedigree-specific

discretised CpGs they displayed anticonservative distributions (Figure 3.20). As

was shown with most DMC analyses, these pedigree-specific loci were distributed

widely across the genome (Figure 3.21).

Overall, the study detailed in this chapter reveals relatively widespread DNA methy-

lation variation that is specific to pedigree, despite the isogenicity of the animals.

The experiments detailed here were subject to financial constraints and were de-

signed as carefully as possible to maximize experimental feasibility in the context

of these constraints. Thus, relatively few samples were applied to each analysis,

and it was necessary to assume isogenicity as it was not feasible to sequence DNA

of each animal. Animals used in this study originate from a C57Bl/6 colony main-

tained at Oak Ridge National Laboratories, which were originally obtained from

the Jackson Laboratories. Mouse strains are considered inbred after 20 genera-

tions of sibling matings [189], with heterozygosity being “eliminated” by 19.1%

with each subsequent generation [190]. Mice used in this work have been subject

to more than 200 generations (50 years) of sibling matings, and as such would

have very high genetic uniformity.
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A separate issue is that of genetic drift within a mouse colony, and whether the

genomes of the animals from each pedigree could have deviated from one-another

to a degree that could drive the observed epigenetic variation. Pedigree founders

(F0 in Figure 3.2) were six generations removed from a common ancestor, giv-

ing six generations in which a mutation could become fixed between pedigrees.

Sampled generations were a maximum of 10 generations removed from a com-

mon ancestor, but a mutation (more specifically a single nucleotide variant or

SNV) in these generations would not give a difference between pedigrees overall.

The Jackson Laboratory recommends that after breeding an inbred mouse strain

from founders for ten generations, colonies are re-established from frozen stock to

guarantee no genetic drift artefacts arise [191]. By this criterion, genetic drift is

unlikely to be a factor in the current work, but translating mutation fixation into

quantitative molecular events applicable to a small population across only a few

generations is difficult. However, it is instructive to give a rough estimate of the

mutation load due to genetic drift that may become fixed after six generations of

physical separation. The base-substitution mutation rate estimated for C57BL/6

mice is 5.4 x 10 -9 per nucleotide per generation [192] (a much lower rate than de-

scribed earlier in transgenic mice by Lynch [193]), which gives a rate of 29 SNVs

per generation across the diploid mouse genome (at ˜5.4 billion bases). Perhaps 7

or 8 of these would become fixed after 6 subsequent generations (25%) and to this

would have to be added additional SNVs arising in later generations and either on

their way to fixation or elimination. At most, the total number of accumulated

SNVs is unlikely to be more than 20-30 across the whole genome. Thus, at most,

one would expect no more than 5-10 of the 40 million CpG dinucleotides in the

mouse genome to be affected. Furthermore, those mutations that are fixed would

not necessarily affect gene expression or function. In conclusion, such a low level

of mutation is highly unlikely to be a confounder in the current work. Neverthe-

less, in an ideal scenario the sequencing of both the DNA and DNA methylation,

at high accuracy (and relatedly, high coverage) for each sample could confirm

that genetic drift is negligible. This is becoming more and more feasible with the

advancement of high-throughput sequencing technologies and decreasing cost to

laboratories. In the context of adding value to epigenomic data, accuracy must be
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considered equally as critical as throughput because variations much smaller than

can be currently detected with confidence may be biologically significant.

It is also possible that methylation in other genomic contexts (such as CHH, CHG),

despite being much less frequent in the mammalian genome, could contribute

to transgenerational effects and also epigenetic inheritance. We know very little

about the function of other forms of DNA methylation and this is worthy of on-

going research. In addition, the marrying of DNA methylation data with that of

other epigenetic marks such as chromatin would be of great utility for understand-

ing where and how transgenerational epigenetic inheritance occurs.

As was also discussed in Chapter 2, more reliable and easily-accessible sequence

data, more sophisticated statistical models and increased computational power

may overcome many of the limitations that were encountered here. Hopefully,

with ongoing incremental advances in our understanding of the nature of DNA

methylation, the correct statistical models for such analyses will emerge. With

the very high-dimensionality that is typical of epigenetic data, machine learning

methods may prove to be the way forward.
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Chapter 4

Comparison and performance

evaluation of differential DNA

methylation analysis methods

4.1 Introduction

DNA methylation is a key regulator of gene expression, is known to be involved

in several types of cancer and other complex disease and is a popular marker for

research of epigenetic contributions to disease risk [194, 158, 146, 195, 196] (re-

viewed in [197]). Single nucleotide resolution, high-throughput sequencing of

bisulfite converted DNA is now widely used in epigenetic studies. Despite this

abundance of data, the field of statistical analysis of DNA methylation remains

immature.

Statistical considerations for epigenetic analyses are complex. DNA methylation

data, although based on sequencing, differs from DNA sequence data in many as-

pects and requires a different conceptual understanding. Whereas DNA sequence

gives a digital (albeit quaternary) signal, and remains constant over experimen-

tal time, from batch to batch and from lab to lab, this is not the case with DNA
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methylation. Because methylation at any given CpG is a probabilistic event, the

methylation level can be considered a continuous variable, and its value can be

affected by several factors, both biological and technical. The precision of the

methylation measurement is a product of depth of sequencing at each CpG, which

is often constrained. Several reads are used to calculate an average methylation

level at each base, and a methylation proportion or percentage results. Thus, there

is no simple “on” or “off” signal, with bases assigned as ‘hyper-’ or ‘hypo-’ methy-

lated in a somewhat arbitrary way. Although DNA methylation is more stable

than other epigenetic marks [198, 199] it is nonetheless given to wide fluctua-

tions with, for example, changes in sample composition. It is therefore common

to encounter a large amount of confounding noise along with the biological signal

of interest. Given this complexity, choosing the most reliable method for statistical

analysis of DNA methylation data is a major challenge. Furthermore, CpGs are

not methylated in isolation (completely independently of each other) and usually

neighbouring CpGs have similar methylation levels [200, 201, 54, 202, 203]. This

correlation feature can be helpful in predicting methylation levels at nearby CpGs

with smoothing algorithms (for example, BSmooth [204]) but also adds a layer of

statistical complexity.

In the course of analysing gender and pedigree methylation, several different anal-

ysis methods with varying statistical models were tried. Surprisingly, very low de-

grees of concordance were observed among these results, and this concordance

was considerably lower than that observed in other fields, such as differential ex-

pression analysis. This situation may ultimately represent a barrier to further ad-

vancement in epigenetic research and to the implementation of epigenomic data

in human medicine.

In order to address this problem as it was encountered in the course of this project,

this chapter presents a systematic comparative analysis of several open-source dif-

ferential methylation (DM) calling methods for bisulfite sequencing data. Four em-

pirical Reduced Representation Bisulfite Sequencing (RRBS) datasets were used,
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as well as corresponding simulated datasets.

4.1.1 A brief summary of acquisition and data processing

methods for DNA methylation data

Data acquisition

Several methods exist for producing DNA methylation data, the most relevant to

this thesis being RRBS (reduced representation bisulfite sequencing) [205, 107]

and eRRBS (enhanced RRBS) 1, which employ the DNA bisulfite conversion

method originally described in 1994 [106]. Two of the datasets used in this

chapter are from RRBS (SHR rat and mouse kidney tumour sets) and two from

eRRBS (liver data for gender comparisons and brain and liver data for tissue

comparisons). RRBS and eRRBS differ only in the use of an extra restriction

enzyme for eRRBS (Msp1 and TaqαI, as opposed to just Msp1 for RRBS) with a

corresponding increase in the frequency of restriction sites and thus a somewhat

broader genome coverage. Details of these methods are given in chapters 1

and 2 (section 2.2.5, 2.2.6, and 2.2.7) but briefly, restriction enzyme digestion

enriches for CpG rich regions and yields low molecular weight DNA fragments

for subsequent steps. This is followed by bisulfite conversion of DNA (acting

on unmethylated cytosines and effecting C-T conversion), size selection by gel

electrophoresis or bead enrichment and end-repair and A-tailing for sequencing

adapter ligation. Finally, high-throughput DNA sequencing is performed, most

commonly on Illumina platforms. Quantification of average methylation levels at

individual cytosines is carried out with reference to the sequence of a reference

genome. A very broad and useful overview of steps in DNA methylation research

is given in [208], though some of the software methods mentioned are no

longer maintained or available, and indeed many new methods have since been

published.

1Not to be confused with ERRBS versions described in [206] and [207]
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The production of suitable libraries is an important choice that will affect many

downstream data processing and analysis steps (reviewed in [209]). An overview

of DNA methylation data acquisition methods was detailed in Chapter 1. This

introduction concentrates on DNA methylation analysis from genome-wide

bisulfite sequencing experiments from the point of obtaining sequence onwards.

Pre-processing, quality control and alignment

Adapter trimming

As with many other high-throughput sequencing applications, Adapter contami-

nation in sequencing reads can lead to significant decreases in mapping efficiency

and thus the loss of large numbers of sequencing reads. It is therefore important

to remove as much of this adapter contamination as possible from the reads

before the step of alignment to the reference genome. Several methods have

been developed for this purpose, and the Babraham Bioinformatics group have

contributed significantly to this area, including the development of cutadapt [108]

which is widely used for adapter trimming and removal of filled-in nucleotides

resulting from the end-repair step in RRBS library preparation.

Quality control

Quality control is crucial at both the library preparation and sequencing steps of

RRBS, eRRBS and WGBS. Also written by the Babraham group, FastQC [143] is

the most widely-used tool for quality control of both standard DNA and bisulfite

sequencing experiments, though several other methods exist.

Read alignment or mapping

The most widely-used alignment and mapping tool for bisulfite sequencing data is

Bismark [110], again a creation of the Babraham group. This software combines

the widely used short-read alignment tool Bowtie2 [111] with methylation calling
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functionality, and creates output for methylation in CpG, CHG and CHH contexts.

Other available tools for alignment of base-space WGBS/RRBS data include

BS-Seeker [112] and RRBSMAP [113], but as with all fields in high-throughput

sequencing, new software is continually being developed.

4.1.2 Differential DNA methylation analysis

Methods developed for statistical analysis of DNA methylation data fall into two

broad categories: test-based and beta-binomial model-based methods. The use

of Fisher’s Exact test is still common for comparisons of two samples and even

where replicates are used [210, 211, 212, 213, 214] but is becoming less so as in

favour of beta-binomial modelling of CpGs (such as that employed in methylSig

[215]), which is able to factor in sampling variation within groups as well as true

variation between samples and CpG sites.

The distribution of DNA methylation ratios is characteristically bimodal and

displays either near complete (100%) methylation or near 0%, giving two modes,

one at each extreme end of the distribution. This is illustrated in Figure 4.1,

showing the methylation level distribution from forward and reverse reads of one

of the samples used in this thesis.
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Figure 4.1: Example of CpG methylation level distribution, from sample M1 L

(male liver, pedigree A

Beta-binomial model-based methods are a natural choice for this type of data,

and many software packages such as BiSeq [216], MOABS [217] and DSS [218]

adopt this approach. For whole genome data from WGBS, smoothing approaches

are often employed, such as BSmooth [204], which has been implemented into

several other pipelines. Regression-based models are also widely employed,

with methylKit [136] a popular example, and also the method with which

many studies in this thesis were conducted. Logistic Regression is based on the

underlying assumption that each observation is independent, and although this is

not the case with CpG methylation [200] the methylKit package, in combination

with eDMR [140], yielded robust differential methylation results as observed by

COBRA validations shown in Chapter 2 (section 2.3.6).

4.1.3 The differential DNA methylation analysis software

Much of the available software for DNA methylation data analysis is implemented

in Bioconductor, a site for open-source bioinformatics tools written in R, though

some are in other languages. A general overview of each method employed in this
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chapter is given below and in Table 4.1. As previously mentioned, each method

was used against four empirical RRBS and eRRBS datasets.

Generally, the default parameters recommended by the authors of the methods

were used. This includes p-value or q-value cutoff limits. Unless otherwise men-

tioned, a methylation difference of 25% was set as the minimum difference re-

quired for calling a CpG as differentially methylated. For differentially methylated

region (DMR) calling, where the method allowed, a minimum of 1 DMC and 3

CpG sites was the requirement for formation of a DMR. If coverage filtering was

not implemented in the method, this was applied manually so that all DM analysis

was carried on data with coverage ≥20x. Sections below detail how each method

was specifically employed.

MethylKit

MethylKit [136] is currently the most widely used differential DNA methylation

analysis method, and applies logistic regression analysis for all tests where there

is more than one sample in each group, as was the case with all comparisons

described in this chapter. Reads with coverage of ≤20x were removed prior to

DM analysis steps, as were CpGs with coverage at or above the 99.9th coverage

percentile. The purpose of this upper cutoff is to exclude cytosines that may have

been subject to amplification bias and thus have extremely high read depth. CpGs

were further filtered so that only those that were covered by ≥20x in all samples in

the analysis were were included, unless there was an uneven number of samples

in each treatment group, as was the case for the Tumour dataset, where the lower

of the two numbers (3) was used as the minimum requirement for inclusion. Both

individual differentially methylated cytosines (DMCs) and 200 bp differentially

methylated tiles (DMTs) were called with this method.
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MethylSig

MethylSig [215] applies a beta-binomial model and calibrated Type 1 error rate.

Significance calling is based on the likelihood ratio test. This package was applied

to both individual DMC calling and tiled analysis. As for methylKit, sites were fil-

tered to include only those with read depth ≥20x across all samples, except in the

case of the uneven replicate numbers in treatment groups in the Tumour dataset.

Individual DMCs and 200 bp DMTs were identified with this package. MethylSig

can be used with or without the incorporation of local information (from neigh-

bouring CpGs), with the aim of more accurately estimating dispersion and methy-

lation levels at each CpG. The standard method and that utilising local information

are referred to here as ‘methylSig’ and ‘methylSig L’, respectively. Where methyl-

Sig ‘L’ was applied, a window size of 200 bp either side of the CpG was used for

both dispersion and methylation level. A q-value cutoff of 0.01 was used for DM

calling.

MOABS M1, M2 and M3

MOABS [217], a C++ pipeline, is comprised of three very different DM calling

methods, and thus gives a usefully broad representation of statistical approaches.

Primarily, MOABS uses a beta-binomial hierarchical model approach. It calls DMCs

using one of three approaches:

Method 1 (‘M1’): Fisher’s exact test (FET)

Method 2 (‘M2’): Credible Methylation Difference metric (CDIF). The CDIF cal-

ibrates each DMC or DM region according to read depth and the nominal

(directly calculated from ratios from each group) methylation difference,

so that CpGS with high read depth but minimal methylation difference are

not assigned inflated (overly significant) p-values. Likewise, if the nominal

methylation difference is great but the read depth is low, the CDIF is de-

signed to balance p-value accordingly.
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Method 2 (‘M3’): A hidden markov model (HMM) is employed for grouping of

sites into DMRs

MOABS is comprised of a suite of functions and the mcomp module is the part

employed here.

DSS

DSS [218] employs a lognormal-beta-binomial hierarchical model and a Wald test

for hypothesis testing. This method does not incorporate a function for filtering by

coverage depth, so this was done manually prior to running the package. There is

also no function in DSS for specifying the number of replicates in each treatment

group that must be covered, so data was not filtered in that way, resulting in a

larger number of sites being included in the DM analyses (see 4.3.2). For identifi-

cation of DMRs, a minimum of 3 CpG sites was used. The p-value threshold was

0.05.

eDMR

eDMR [140] is a DMR analysis package designed as an extension to methylKit

and uses an empirical tiling method for the formation of regions and DMRs. The

default settings of 3 CpGs and 1 DMC were used as the minimum requirement for

formation of DMRs. Q-value threshold for significance was 0.01.
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Table 4.1: Differential DNA methylation analysis software employed in this chap-

ter. *Fisher’s Exact Test

Name Implementation Remarks

methylKit R

• Employs FET* in the case of a one by one

comparison or pooled samples, logistic regression

if there are replicates.

• Incorporates a basic tiling function

• P-value adjusment: SLIM method

eDMR R

• Extension to Methylkit, constructs DMRs

using a weighted cost function

• Empirical construction of sites into regions

based on spatial proximity

• Stouffer-Liptak test to combine DMCs within

a region and calculate the significance of DMRs

methylSig R

• Based on a beta-binomial model and factors in

coverage and meth. level variation

within groups at each CpG or DMR

• Calibrated Type I error rate

• Statistic based on the likelihood ratio test is used

to evaluate significance

• Performs site-specific or sliding window tests

• Incorporates local information across a chromosome

to improve estimates of variance and/or

meth. levels.

MOABS C++

• Beta-Binomial hierarchical model

• DM calling by 3 methods: FET,

Credible Methylation Difference metric or HMM

DSS R

• Bayesian hierarchical model

• Incorporates information sharing across CpG sites

• Wald test for hypothesis testing
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4.1.4 Differential methylation analysis software features

Features and functions of each method differ, and as such the number of sites

(CpGs) included in each DM test differs (see Table 4.3.2). This is predominantly

because not all methods allow filtering of data according to a read depth threshold

across a specified number of samples in each group. Methods that do include

functions for this type of filtering are methylKit [136], methylSig [215] and eDMR

[140]. Additionally, methods differed as to whether a p-value or q-value (p-value

adjusted for the False Discovery Rate) threshold argument was provided, or both.

Table 4.2: Features provided by each DM method

Coverage filter Samples per group % diff. threshold Tiling DMRs p-value q-value

methylkit • • • • •

methylSig • • • • •

methylSig La • • • • • •

MOABS M1 • • • •

MOABS M2 • • • •

MOABS M3 • • • •

DSS • • •

eDMRb • • • • • •

Coverage gives the read depth at a given CpG. ‘Samples per group’ refers to the ability to

specify the number of samples in a group that must be covered in order for a CpG to be

included in DM analysis. Q-value is p-value corrected by the false discovery rate (FDR). a

methylsig ‘L’ is HM’s own naming of the second method provided by this software

package. b An extension to methyLkit for DMR formation.
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4.2 Methods

4.2.1 Sample collection, data acquisition and general process-

ing

Gender comparison data set from mouse liver tissue

Samples used were M1 L – M6 L and F1 L – F6 L. Details of samples, processing,

eRRBS and sequencing are given in Chapter 2 Methods (section 2.2.4 to 2.2.7).

Brain and liver tissue comparisons data set

Liver samples used in these comparisons were from three males from those de-

tailed above in the gender comparison dataset, namely M4 L, M5 L and M6 L.

Brain samples used were from the same 3 animals, with sample names B4 L, B5 L

and B6 L, with further details of methods described in Chapter 2.

Spontaneously hypertensive rat kidney data set

Rat kidney samples were from Wistar Kyoto (WKY) and spontaneously hyperten-

sive rats (SHR) maintained at the BioCore facility at the Victor Chang Cardiac

Research Institute. RRBS libraries were prepared in-house by Paul Young and

Matthias Deubbert according to standard protocols (as descibed in [205]) and se-

quenced on Illumina HiSeq X Ten at the Kinghorn Center for Clinical Genomics

using Dark Sequencing (Illumina), as is standard protocol for RRBS. Data was

pre-processed and aligned to the RN6 reference genome using Bismark [110] and

Cutadapt [108]. Alignment was to rat genome Rnor 6.0 (NCBI, July 2014).
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Mouse kidney tumour dataset

Data was accessed from SRA (NCBI) project SRP032946, runs SRR1028845-

SRR1028852 [219]. Data was pre-processed and aligned by Paul Young using Bis-

mark [110] and Cutadapt [108]. Alignment was to NCBI mouse build 38 (UCSC

mm10, Dec 2011).

4.2.2 Differential DNA methylation analysis

Six methods were used for DMC calling, five for DMR calling and two for DMT

calling. Table 4.1 lists the characteristics of each method. Details of how each

method was applied are described in Section 4.1.3.

4.2.3 Concordance of differential DNA Methylation analysis

methods

DMC concordance was performed using custom R scripts, with a direct intersect

of the single base (DMC) position required. DMR concordance was performed

with BEDTOOLS2 intersectBed [142] and custom R scripts. A 50% non-reciprocal

overlap was required for DMR intersections. Concordance plots were created with

the R package ggplot2 [220]. Chi-squared tests were employed for significance

calculations using the R function chisq.test (Rcore [135]).

For the concordance analyses performed with ‘high confidence’ data only, all four

datasets were filtered prior to analysis so that only those CpGs with read depth

≥20x and ≤200x across all samples were included in DM calling.
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4.2.4 Annotation of CFPS to genomic features

Candidate false positive set (CFPS) annotations were performed with BEDTOOLS2

intersectBed [142] and custom R scripts. A direct intersect of the single base

(DMC) position with the feature was required for intersections. chisq.test (Rcore

[135]) was used for significance calculations, with default settings. Common SNPs

from build 142 (dbSNP, mm10, UCSC) were used for SNP annotations to mouse

CFPSs. RMSK, simple repeat and nested repeat annotation tracks were obtained

from UCSC (rn6 / Rnor 6.0 and mm10 GRCm build 38).

4.2.5 Data simulation with WGBSSuite

Simulated data was produced with the functions of WGBSsuite [221], which de-

rives parameters for simulation from the real dataset following an analysis mod-

ule. Each of the 4 datasets were simulated to a size of 100,000 CpGs per sample

and according to the parameters unique to each dataset as derived from the WG-

BSsuite analysis component. For the simulated data with a smaller proportion of

DMCs, DMCs from the original simulated data were randomly sampled using the

R function ’sample’ (Rcore [135]) to a size of 1% of the original number of DMCs.

Specific parameters used for each simulation were:

Gender dataset

Probability of success in a methylated region: 0.930975004439264

Probability of success in a unmethylated region: 0.0654521766046931

Error size in methylated regions: 0.2

Error size in unmethylated regions: 0.2

Average number of reads in the methylated regions: 34.1041594053007

Average number of reads in the umethylated regions: 34.1041594053007

Number of replicates to be simulated: 3
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Number of samples to be simulated: 2

Phase difference in the differentially methylated regions: 0.05

Balance of hypo/hyper methylation: 0.5

Exponential decay functions that define distances between CpG values:

0.0458962824400768, 0.00149095897032435

Distribution model of methylated reads at each CpG: Binomial

Tissues (brain v. liver) dataset

Probability of success in a methylated region: 0.915914243774273

Probability of success in a unmethylated region: 0.100475221496719

Error size in methylated regions: 0.2

Error size in unmethylated regions: 0.2

Average number of reads in the methylated regions: 42.3546106671129

Average number of reads in the umethylated regions: 42.3546106671129

Number of replicates to be simulated: 3

Number of samples to be simulated: 2

Phase difference in the differentially methylated regions: 0.05

Balance of hypo/hyper methylation: 0.5

Exponential decay functions that define distances between CpG values:

0.0300972571855119, 0.00145849239811136

Distribution model of methylated reads at each CpG: Binomial

Spontaneously hypertensive rat (SHR) kidney dataset

Probability of success in a methylated region: 0.953390728410605

Probability of success in a unmethylated region: 0.13020893799619

Error size in methylated regions: 0.2
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Error size in unmethylated regions: 0.2

Average number of reads in methylated region: 47.3556923321296

Average number of reads in umethylated region: 47.3556923321296

Number of replicates to be simulated: 3

Number of samples to be simulated: 2

Phase difference in the differentially methylated regions: 0.05

Balance of hypo/hyper methylation: 0.5

Exponential decay functions that define distances between CpG values:

0.0467931108740018, 0.00064911475422461

Distribution model of methylated reads at each CpG: Binomial.

Kidney tumour dataset

Probability of success in a methylated region: 0.93888490754294

Probability of success in a unmethylated region: 0.0702004710536413

Error size in methylated regions: 0.2

Error size in unmethylated regions: 0.2

Average number of reads in the methylated regions: 31.5911839866154

Average number of reads in the umethylated regions: 31.5911839866154

Number of replicates to be simulated: 3

Number of samples to be simulated: 2

Phase difference in the differentially methylated regions: 0.05

Balance of hypo/hyper methylation: 0.5

Exponential decay functions that define distances between CpG values:

0.0419743992510522, 0.000754379412592663

Distribution model of methylated reads at each CpG: Binomial.
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TPR and TNR calculations

Sensitivity (also termed the true positive rate or TPR) was calculated with custom

R scripts as TPR=TP/(TP+FN), where TP is the number of true positives and

TN the number of true negatives. Specificity (also termed the true negative rate

or TNR) was calculated as TNR= TN/(TN+FP) where TN is the number of true

negatives and FP the number of false positives.

4.2.6 Venn diagrams

These were created with Jvenn [222] using chr-base positions.
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4.3 Results

4.3.1 Overall scheme and work-flow of DM method compar-

isons

With the aim of making the methods evaluations comparable to real-world

experiments, and to see if dataset types and experimental scenarios influenced

performance outcomes, differential methylation analysis was first applied to

four empirical datasets. Two of the datasets were used in the other chapters

of this thesis, namely the liver samples for ‘Gender’ comparisons and the brain

and liver samples for ‘Tissues’ comparisons (sample details are given in section

4.2.1. The spontaneously hypertensive rat (‘SHR’) dataset was kindly provided by

colleagues as detailed in 4.2.1. Mouse kidney tumour (‘Tumour’) datasets were

downloaded from the Sequence Read Archive (SRA), also detailed in section 4.2.1.

Figure 4.2 shows the general work-flow of these experiments. As shown, the sam-

ples numbers differed between 3 and 7 individuals for each group (test or control)

within each dataset. The Tumour comparison was uneven, as is often the case in

experimentation for clinical outcomes, with 5 test (tumour) samples and 3 control

samples. Following data pre-processing steps detailed in 4.2.1, CpG data for all

datasets was applied to 6 methods for differentially methylated cytosine (DMC)

identification, 2 methods for differentially methylated tile (DMT) identification

and 5 methods for differentially methylated region (DMR) identification. Meth-

ods used are detailed in Table 4.1 and 4.1.4.

162



4. Comparison and performance evaluation of differential DNA methylation analysis
methods

Gender dataset
Mouse liver 
C57BL/6 
6 male, 6 female
eRRBS

Tissues dataset
Mouse 
C57BL/6 
3 liver, 3 brain
eRRBS

SHR dataset
SHR rat kidney
7 Spontaneously hypertensive
7 Wistar Kyoto
RRBS

Tumour dataset
Mouse kidney
C57BL/6 x 129
3 tumour, 5 normal
RRBS

General processing (if applicable) - Bowtie2, Bismark, Cutadapt
File format conversion as required for each method - custom scripts

Differential methylation analysis
methylKit methylSig

(2 methods)
DSS MOABS

(3 methods)
eDMR

DMCs
Cytosines

DMTs
Tiles

DMRs
Regions

methylKit
methylSig
methylSig `L’
MOABS M1
MOABS M2
DSS

methylKit
methylSig

eDMR
DSS
MOABS M1
MOABS M2
MOABS M3

Figure 4.2: Flowchart of general RRBS data and software comparisons workflow

4.3.2 DMC calling and concordance of the six methods

Identification of individual DMCs is a common approach to differential methyla-

tion analysis. Six methods were applied to the 4 datasets, with details provided

in 4.3.2. Numbers of DMCs called varied widely between methods and between

datasets, with MOABS M1, which applies FET, consistently calling many more

DMCs than other methods (Table 4.3.2). For example, MOABS M1 called between

11,179 and 231,756 DMCs across the 4 datasets, whereas the range for methylKit

was 1,414 to 67,085, with methylSig calling even more conservatively. Mouse

kidney Tumour data yielded a relatively large number of DMCs, and these
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numbers are comparable to those produced from the tissue (brain versus liver)

comparisons. This is not unexpected, and may be in part due to the nature of

the actual biological variation, with widespread epigenomic changes a known

occurrence in cancer, and the major contribution of epigenetic marks to the

process of cellular differentiation into specific tissues. Additionally, because the

tissues dataset was only a 3 by 3 comparison, more CpGs make it through the

filtering step where a specified number of samples per group are required to be

covered for inclusion. In the 6 by 6 gender comparisons this, in practice, gives a

much more strict threshold for inclusion in DM analysis which likely effects the

resulting number of DMCs, as does decreased variation owing to larger sample

numbers. Gender comparisons with liver tissue generally yielded a relatively

small number of DMCs, with methylSig calling the most conservatively (395

DMCs). methylSig ‘L’ (methylSig with ‘local information’), as previously detailed,

incorporates the dispersion parameter from neighboring CpGs at a user-specified

distance from a given CpG. A low dispersion parameter (near 0) will see the mean

methylation calculation heavily weighted by coverage, whereas a value closer

to 1 will see that all samples contribute evenly to the methylation calculation,

with minimal dependency on coverage. For this method, 200bp in either di-

rection (from a given CpG) was chosen as the size for inclusion of this information.
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Table 4.3: Datasets and DMC calling

methylKit methylSig methylSig L MOABS M1 MOABS M2 DSS

Significance thresholda q <0.01 q <0.01 q <0.01 p <0.05 p <0.05 p <0.05

Gender

No. CpGs included in DM analysis 1,189,022 1,262,327 1,262,327 4,274,344 4,274,344 3,768,055

No. DMCs called 1,414 395 632 17,313 2,027 1,446

Tissues

No. CpGs included in DM analysis 741,512 1,463,325 1,463,325 3,974,637 3,974,637 2,564,848

No. DMCs called 67,085 19,247 66,903 231,756 109,636 81,359

Spontaneously hypertensive rat (SHR)

No. CpGs included in DM analysis 1,148,429 1,481,947 1,481,947 1,992,143 1,992,143 1,664,474

No. DMCs called 3,469 2,480 1,365 11,179 5,148 4,105

Kidney tumour

No. CpGs included in DM analysis 280,728 1,364,621 1,364,621 2,256,576 2,256,576 1,613,978

No. DMCs called 31,457 11,250 22,441 175,803 76,397 41,132

Datasets and DMC calling. Data was not pre-filtered (prior to input into the DM software

which most often had inbuilt filtering functions, see 4.1.4), with the exception of sites at

unmapped chromosomes and ChrX and ChrY data for gender comparisons. Methylation

difference threshold of ≥25% for DMCs. a p- or q-value threshold was applied according

to the functionality or recommended setting provided by each method.

Figures 4.3 A to D show heatmaps of DMC concordance given as the proportion

of overlap between DMCs. Concordance was calculated by overlapping DMCs (by

genomic location) and based on the union of DMCs from each method. MethylSig

results have a low degree of concordance with other methods across all 4 datasets.

MOABS M2 applies a Beta-Binomial hierarchical model and produces a ‘credible

methylation difference’ (CDIF) value which sees the nominal methylation value

adjusted according to read depth and the degree of variation between replicates or

samples in a group. This method has a relatively high degree of concordance with

DSS which applies a lognormal-beta-binomial hierarchical model (Figure 4.3), and

calls more conservatively than MOABS M2.
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Figure 4.3: Concordance of methods in DMC identification, with no prior filtering

of CpG data files. Each figure represents a dataset: A) gender, B) tissues, C)

SHR and D) tumour. Methylation difference threshold of ≥25%. Concordance

calculated over the union of DMCs from each method pair. Light blue cells indicate

those comparisons where concordance was very low (near 0), dark blue indicates

a higher degree of concordance.

In general, the six DM methods display a low degree of concordance. This may

be influenced in part by the fact that MOABS M1, MOABS M2 and DSS call very

high numbers of DMCs, but methylKit and methylSig, which generally call a con-

servative number, still yield very low concordance with a minimum of 0.005 in the

tumour comparisons and a maximum of 0.2681 in SHR comparisons. A generally

higher degree of concordance is seen in the SHR dataset as compared to the other

3, with a maximum as high as 0.7241 for MOABS M2 and DSS (also high in the

Tissues comparison, at 0.7241). The reason for this higher concordance is un-

166



4. Comparison and performance evaluation of differential DNA methylation analysis
methods

known, but many characteristics of the dataset may contribute to this, such as the

fact that it has the largest sample size per group (7 test and 7 control), and thus

overall degrees of variation may be lower. Furthermore, concordance is very low

independent of dataset type and degrees of concordance do not appear to correlate

with statistical method or the number of DMCs called. For example, DSS shows

a degree of concordance with methylKit which is equivalent to that with MOABS,

and DSS/MOABS concordance (which both yield large numbers of DMCs) is at a

similar level to that shown between methylkit/methylsig (which both call a small

number of DMCS).

4.3.3 Differentially methylated tile calling

A tiling approach can provide the benefit of increased statistical power in DM

calling, as the total reads from each CpG in a tile are used for the methylation

calculation. Tiling functionality is included in methylKit and methylSig, and a

200 bp fixed window size was applied. Numbers of differentially methylated tiles

(DMTs) identified were greater with methylSig than methylKit (see Appendix A.2),

but tiled results were not taken further. In general, DMT results were not found to

be more informative than DMCs, and were more difficult to interpret than DMRs,

with regards to potential biological function. Therefore, DMC and DMR calling

results are the main focus of this chapter.

4.3.4 DMR calling and concordance

A further step in the investigations was the concordance of methods that call for

DM regions (DMRs) rather than individual DMCs. A 50% non-reciprocal overlap

was required for DMRs in these concordance tests. Where possible, a minimum

CpG and DMC value of 3 and 1, respectively, was set for DMR calling. Overall de-

tails of DMR results are given in Table 4.3.4. Much like DMC concordance, DMR

concordance was found to be very low (Figure 4.4. Of the 5 methods employed,

MOABS M3 (applying a Hidden Markov Model) displayed the highest overall con-

167



4. Comparison and performance evaluation of differential DNA methylation analysis
methods

cordance for gender, tissue and tumour datasets, closely followed by MOABS M2

(employing the ‘credible difference metric’). eDMR, an extension to methylKit,

does not show an overly high degree of concordance relative to the other DMR

calling methods. eDMR was, however, the method employed for formation of

DMRs in Chapter 2 where 9 of 10 selected, high-significance DMRs validated ac-

cording to COBRA (section 2.3.6).
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Figure 4.4: Concordance of methods for DMR identification. Each figure rep-

resents a dataset: A) gender, B) tissues, C) SHR and D) tumour. Methylation

difference threshold of ≥25%, taken as the average across DMCs in the region.

Concordance calculated over the union of DMRs from each method pair. Light

blue cells indicate those comparisons where concordance was very low (near 0),

dark blue indicates a higher degree of concordance.
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Table 4.4: Datasets and DMR calling

eDMR DSS MOABS M1 MOABS M2 MOABS M3

Significance threshold a q <0.01 q <0.01 p <0.05 p <0.05 p <0.05

Gender

No. CpGs included in DM analysis 1,189,022 3,768,055 4,274,344 4,274,344 4,274,344

No. DMRs called 218 13 14,775 1,262 140

Tissues

No. CpGs included in DM analysis 741,512 1,463,325 1,463,325 3,974,637 3,974,637

No. DMRs called 5,729 3,045 137,844 61,283 14,566

Spontaneously hypertensive rat (SHR)

No. CpGs included in DM analysis 1,148,429 1,481,947 1,481,947 1,992,143 1,992,143

No. DMRs called 475 10 8,998 4,159 171

Kidney tumour

No. CpGs included in DM analysis 280,728 1,364,621 1,364,621 2,256,576 2,256,576

No. DMRs called 4,438 2,662 72,699 31,028 11,443

Methylation difference threshold ≥25% for each DMR. Minimum CpG and DMC set at 3

and 1 (respectively) where possible. a p- or q-value threshold was applied according to

the functionality or recommended setting of each method.

4.3.5 Investigation of the causes of low concordance of DMC

and DMR calling methods

As very low degrees of concordance were found with both DMC and DMR results

across the four datasets, the characteristics of DMCs identified by each method

were investigated. Average coverage (read depth) and average methylation dif-

ference (fraction) of DMCs were plotted for each method. Figure 4.5 gives an

example of how the DMCs called by each method differ in distribution accord-

ing to these values. In this example plot, which is representative of results in all

datasets (to follow in Figures 4.6 to 4.9), methylKit (blue points) calls DMCs at a

much more restricted distribution than MOABS M1 and M2 (black and red points,

respectively). This will be in part due to the fact that methylKit includes a func-
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tion to exclude CpGs that are covered at extremely high read depth (and thus give

highly significant p-values) which are likely to be artefactual results from ampli-

fication bias during sequencing. The cutoff applied for this in methylKit was the

99.9th percentile of read depth. Those DMCs at high y-axis limits for MOABS M1

and M2 are thus likely to be false positives, particularly where the methylation

difference (x-axis) is small. All three methods show a tapering or curving off at

very low coverage and methylation difference (toward the bottom center of the

plot, near 0 at both x and y-axes) which is a good indication that obvious false

positives are excluded at this extremity.

Avg. methylation difference 

)sdaer fo .on( egarevoC .gvA

-0.5                          0                         0.5

008               006              004              002                0

Figure 4.5: Average methylation and average coverage example plot using MOABS

M1, MOABS M2 and methylKit

Figure 4.6 shows these scatterplots for each of the 6 DMC calling methods sepa-

rately as applied to the gender dataset. Note that a y-axis value of 800 was applied

to all DMCs in these plots in order to make them visually comparable; MOABS M1

and M2 saw extreme outliers at very high coverage levels that are not displayed

in these plots. Equivalent plots with no pre-defined y-axis limit are given in Ap-

pendix A.3.2, where outliers can be seen with read depth values in the thousands.

MOABS M1 and M2 give DMCs at a much wider distribution than other methods.

This is unsurprising given the high DMC calling rate of these methods. It can be
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assumed that a high level of false positives are being called at the very high y-axis

values, but it is also possible that methylKit, methylSig and DSS are undercalling.

MOABS M2 DMCs display a much more curved distribution and the lower values

of both axes than MOABS M1. This suggests that the CDIF metric employed in

MOABS M2 is effectively dealing with the contribution of high read depths at sites

where the nominal methylation difference is very low.
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Figure 4.6: Scatterplots of gender DMCs called by each method. Y-axis limit of

800 to allow visual comparison. Average methylation difference (x-axis) and av-

erage coverage (y-axis). A) methylKit B) methylSig C) methylSig ‘L’ (with local

information from variance and dispersion) D) MOABS M1 E) MOABS M2 F) DSS.

Figure 4.7 shows the equivalent scatterplots for each of the 6 DMC calling methods

for the tissue comparisons dataset (brain and liver). Again, a y-axis limit of 800
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was applied to these plots in order to make them visually comparable. Plots with

no pre-defined y-axis limits are shown in Appendix A.3.2. The much greater num-

ber of DMCS from tissue comparisons (compared to those from the gender dataset

and detailed in Table 4.3.2) display a very wide distribution in the less conserva-

tive calling methods. Notably, methylKit and methylSig have called DMCs at the

corners of the distribution near methylation and coverage of 0, which are likely to

be false positives. MethylSig ‘L’ and DSS display a similar overall distribution to

methylKit and methylSig but with less DMCs called at the extreme lower limits.
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Figure 4.7: Scatterplots of tissue (brain and liver) DMCs called by each method.

Y-axis limit of 800 to allow comparison. Average methylation difference (x-axis)

and average coverage (y-axis). A) methylKit B) methylSig C) methylSig ‘L’ (with

local information from variance and dispersion) D) MOABS M1 E) MOABS M2 F)

DSS.
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Plots of average coverage and average methylation difference of DMCs between

spontaneously hypertensive and control rats (SHR and WKY) (Figure 4.8) show

very different distributions than the other three datasets. Gender and tissue

datasets were produced using similar preparation and sequencing from the same

laboratories, and their similar distributions fit this batching. SHR DMCs show

much wider distribution across values that are moderate to high in both coverage

and methylation difference. Whether this represent biological or experimental

(technical) differences is unknown. However, again methylKit appears to find

many DMCs at distribution points that are indicative of false positives (low cover-

age and methylation difference), and a generally conservative level of DM calling.

MOABS M1 and M2 have called many DMCs at extremely high coverage in the

SHR dataset, which likely result from amplification bias.
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Figure 4.8: Scatterplots of SHR DMCs called by each method. Y-axis limit of 800 to

allow comparison. Average methylation difference (x-axis) and average coverage

(y-axis). A) methylKit B) methylSig C) methylSig ‘L’ (with local information from

variance and dispersion) D) MOABS M1 E) MOABS M2 F) DSS.

Plots of average coverage and average methylation difference in Figure 4.9

(tumour comparisons) show similar DMC characteristics to those observed in

gender and tissue comparisons, apart from a relatively flat distribution from all

methods other than MOABS M1 and M2. It is interesting to consider why this

dataset would yield so few DMCs in the higher levels of methylation difference

across most methods. The plots are much more densely populated, as this dataset

gave a much higher DM rate overall than gender and SHR comparisons, but lower

than that of the tissues dataset (see Table 4.3.2). This high degree of differential

174



4. Comparison and performance evaluation of differential DNA methylation analysis
methods

methylation may be in part from real biological variation, given the comparison

is between cancer and normal tissue samples, where large epigenetic aberrations

are expected. Alternatively, the high degree of difference could be from technical

sources. The tumour dataset displayed a much wider degree of variation in

coverage from sample to sample (data not shown), and in overall the coverage

in this dataset was much lower. This is illustrated in section 4.3.6 and Table

4.3.6, where only 58,623 CpGs pass the filtering parameters of ≥20x and ≤200x

coverage, a figure which is approximately 10 times smaller than that of the other

three datasets.

Overall, the relationship between coverage and methylation difference in DMCs

from each method appears to be specific to each dataset.
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Figure 4.9: Scatterplots of kidney tumour DMCs called by each method. Y-axis

limit of 800 to allow comparison. Average methylation difference (x-axis) and

average coverage (y-axis). A) methylKit B) methylSig C) methylSig ‘L’ (with local

information from variance and dispersion) D) MOABS M1 E) MOABS M2 F) DSS.

4.3.6 DMC calling and concordance of the six methods with

high confidence CpGs only

Results from section 4.3.5 indicated that differences in data filtering functionality

between methods was likely to be contributing to the low levels of concordance

described in section 4.3.2. Therefore, the next analysis saw CpG data pre-filtered

in a strict manner, with only those CpGs with coverage ≥20x and ≤200x across all

samples taken as input for the DM methods. These data are referred to as ‘high
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confidence’, as they are likely to be robust and not prone to erroneous methylation

level calling from low read depth, or extremely high coverage caused by amplifi-

cation bias in sequencing. This degree of pre-filtering is not common-practice in

DM studies and therefore the concordance of all data shown in Figure 4.3 is still

informative. As detailed in Table 4.3.6, this strict pre-filtering resulted in exactly

the same number of CpGS applied as input for all six DM methods within each

dataset.

Table 4.5: Datasets and DMC calling with ‘high confidence’ data

methylKit methylSig methylSig L MOABS M1 MOABS M2 DSS

Significance threshold a q <0.01 q <0.01 q <0.01 p <0.05 p <0.05 p <0.05

Gender

No. CpGs included in DM analysis 586,233 586,233 586,233 586,233 586,233 586,233

No. DMCs called 708 185 394 704 345 244

Tissues

No. CpGs included in DM analysis 465,559 465,559 465,559 465,559 465,559 465,559

No. DMCs called 45,351 13,844 24,825 45,228 27,046 21,941

Spontaneously hypertensive rat (SHR)

No. CpGs included in DM analysis 565,907 565,907 565,907 565,907 565,907 565,907

No. DMCs called 1,524 1,224 814 1,520 1,157 1,033

Kidney tumour

No. CpGs included in DM analysis 58,623 58,623 58,623 58,623 58,623 58,623

No. DMCs called 5,381 0 3,544 5,366 2,961 2,471

CpG data filtered to include only CpGs with coverage of ≥20x and ≤200x across all

samples in the dataset. No further filtering applied prior to DM analysis (within the DM

software itself). Methylation difference threshold of ≥25%. a Significance thresholds

were applied according to the functionality of and recommendations for each method.

It was expected that the application of high confidence data only would increase

the concordance levels between methods, but this was not so in all cases. Figure

4.10 shows that, although MOABS M1, MOABS M2 and DSS display reasonable

concordance levels of up to ˜0.8, those of the more conservative calling methods

are still extremely low. MethylSig did not call any DMCs from tumour high confi-

dence data and therefore cells are coloured grey in those comparisons. Probably,

this low degree of concordance is due to both undercalling of those DM methods

and the relatively small starting CpG sample sizes put into the statistical models.

Significance testing by Chi-square test was applied to the DMC concordance results
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from the gender dataset (shown in Figure 4.10 A) and resulting pvalues were low

(p<0.000001) for all comparisons. This indicates that concordance, although low,

is higher than that expected by chance.
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Figure 4.10: Concordance of methods for DMC identification with high confidence

data only. Each figure represents a dataset: A) gender, B) tissues, C) SHR and D)

tumour. CpG data filtered to include only CpGs with coverage of ≥20x and ≤200x

across all samples in the dataset. No further filtering applied prior to DM analysis

(within the DM software itself). Methylation difference threshold of ≥25%.

4.3.7 Identification of candidate false positive sites

The following analyses asked if low-concordance CpG sites (candidate false-

positive sites, or CFPS) arise from non-technical sources (such as coverage).

CFPS could arise, for example, from genomic features that are problematic for
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sequencing, such as repeats. Here, CFPSs are defined as those that were called by

one DM method only. Figures 4.11 to 4.14 depict DMCs called for each dataset

with each of the 6 methods. CFPS counts can be seen in the apex of each triangle

in the star venns.

Most DMC calling methods produced CFPS in all datasets, and the number of

CFPS was generally in line with the number of DMCs called by a method in total.

MOABS M2 (coloured orange in venn diagrams), however, produces few CFPSs

across all the datasets (minimum 0, maximum 3). This is largely due to the extent

of overlap between MOABS M1 and M2, where in Figure 4.11 712 DMCs are

in common between M1 and M2. This value is even higher in the three other

datasets (Figures 4.12, 4.13 and 4.14).

MOABS M1 (coloured yellow in venn diagrams), based on FET, called many more

DMCs across all four datasets than other methods, and has called a high number

of CFPS in all cases, with a maximum CFPS number of 91,288 from tissue com-

parisons. Tissue and tumour comparisons produced the highest number of CFPS

overall, mostly due to high calling rates of methylSig L and MOABS M1 (Figures

4.12 and 4.14). MethylKit and DSS gave low CFPS numbers, but not low CFPS

rates relative to total numbers of DMCs. This is in line with their conservative DM

calling rates and tight distributions previously described in section 4.3.5, Figures

4.6 to 4.9.
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Figure 4.11: DMC overlaps and CFPS from the gender dataset. Numbers of DMCs

at each overlap are given in the top diagram, and total DMC numbers are depicted

at bottom. Default or suggested parameters were used for each method, details

given in sections 4.1.3 and 4.3.2.
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Figure 4.12: DMC overlaps and CFPS from the tissues dataset. Numbers of DMCs

at each overlap are given in the top diagram, and total DMC numbers are depicted

at bottom. Default or suggested parameters were used for each method, details

given in sections 4.1.3 and 4.3.2.
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Figure 4.13: DMC overlaps and CFPS from the SHR/WKY dataset. Numbers of

DMCs at each overlap are given in the top diagram, and total DMC numbers are

depicted at bottom. Default or suggested parameters were used for each method,

details given in sections 4.1.3 and 4.3.2.
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Figure 4.14: DMC overlaps and CFPS from tumour dataset. Numbers of DMCs at

each overlap are given in the top diagram, and total DMC numbers are depicted

at bottom. Default or suggested parameters were used for each method, details

given in sections 4.1.3 and 4.3.2.

4.3.8 Association of candidate false positive sites with genomic

features

CFPSs were next annotated against genome features (repeats and SNPs) in

order to determine if particular genome regions or features are likely to yield

unreliable DNA methylation data with high false positive rates. Simple, nested
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and Repeat Masker (RMSK) repeat annotation files (mm10 and rn6, UCSC) and

common SNPs (uniquely mapped SNPs that appear in at least 1% of the sample

population) were employed for these annotations (annotations of CFPS with

SNPs were applied to the mouse datasets only). As genomic repeats have low

sequence complexity they are often problematic in DNA sequencing applications,

and thus may be a source of CFPSs or generally misleading methylation level

calculations and subsequent erroneous DM calls. Figure 4.15 shows heatmaps of

p-values from Chi-square tests of CPFS as annotated with these feature (tests are

for independence between CPFSs and feature overlaps). Feature tracks were from

mm10 or rn6 (UCSC) as detailed in Methods section 4.2.4. Grey cells indicate

where an accurate chi-squared test was not possible, which occurred where either

no or very few CFPS were called.

CFPSs from all methods applied to the gender dataset gave significant p-values

for association with at least one of the repeat feature tracks (Figure 4.15 A). An

association with SNPs was only given from MOABS M1, with a p-value <0.01. For

the tissues comparison dataset there is an association with SNPS and CFPSs from

methylSig, methylSig ‘L’ and MOABS M1, and an overall high degree of association

between CFPSs and repeats (4.15 B). Spontaneously hypertensive rat DM analyses

do not show a great deal of association between the repeat features and the CFPSs

identified (4.15 C) compared to the other datasets, with the exception of those

CFPSs from DSS. For mouse kidney tumour comparisons (4.15 D) a high associa-

tion of CFPSs with repeat features is seen with three of the six DM methods (with

MOABS M2 giving no CFPSs, as is the case with all datasets). The consistently

low p-values of methylKit DMCs annotations likely result from smaller numbers of

DMCs and CFPSs and, accordingly, low statistical power of the chi-squared tests.
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Figure 4.15: Chi-squared test of genome feature overlaps with CFPS from each

dataset. A) gender, B) tissues, C) SHR and D) tumour. Grey cells indicate where

an accurate chi-squared test was not possible. Statistically significant associations

are denoted by asterisks as shown in the legend at right (* p<0.05, ** p<0.01,

*** p<0.001).

4.3.9 Data simulation and sensitivity and specificity investiga-

tions of DM calling methods

Lack of concordance between methods was yet to be fully explained, in particular

it was unknown if methods were tending to under- or over-call DMCs. Data

simulation enables this evaluation according to a known ‘truth’ of differentially

methylated loci, and thus was employed with the aim of benchmarking the six

DMC calling methods. Much like other aspects of differential DNA methylation

analysis, simulation of bisulfite sequencing data is an immature area, and the

only published method capable of simulating data from RRBS experiments at

the time of this work was WGBSsuite [221]. Following analysis of each of the

four empirical datasets with the WGBSsuite analysis module, data was simulated
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to a size of 100,000 CpGs per sample. The simulation module of WGBSsuite

employs a 2-state hidden Markov model for simulating CpG locations followed

by a modulated hidden Markov model designed to recapitulate behavior and

information sharing at nearby CpGs. Output from the WGBSsuite analysis module

specified the parameters to be used for each argument in the simulation step

(exact parameters used for each of the four simulations are given in Methods

section 4.2.5), said to allow simulation of data that has similar characteristics to

input data. Thus, simulations were performed with the expectation of simulated

data that was specific to each experimental scenario represented by the four

datasets. One major restriction of WGBSsuite was that a maximum of 3 replicates

in 2 sample groups were allowed, which did not allow complete recapitulation of

each experimental scenario.

Sensitivity and specificity in simulated datasets containing a high proportion

of differential methylation

The 100k CpGs per sample simulation gave a very high proportion of differentially

methylated loci relative to real results. This proportion was ˜0.5 for all four sim-

ulated datasets. Details are given in Table 4.3.9. All simulated data was applied

to DM calling methods with a coverage threshold of ≥10x. The sensitivity (true

positive rate) and specificity (true negative rate) of each method were calculated

at methylation difference levels of 5% and 10%.
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Table 4.6: 100k CpGs Simulated RRBS data and DM calling

100,000 CpG Simulated RRBS data

methylKit methylSig methylSig ‘L’ MOABS M1 MOABS M2 DSS

Significance threshold a q <0.01 p <0.05 p <0.05 p <0.05 p <0.05 p <0.05

Gender

No. CpGs included in DM analysis 100,000 100,000 100,000 100,000 100,000 100,000

No. DMCs in sumulated data 44,800 44,800 44,800 44,800 44,800 44,800

No. DMCs called (at 5% diff. / 10% diff.) 246 / 246 9,213 / 3,514 6,270 / 1,433 14989 / 4,252 2,212 / 74 767 / 20

Tissues

No. CpGs included in DM analysis 100,000 100,000 100,000 100,000 100,000 100,000

No. DMCs in sumulated data 44,066 44,066 44,066 44,066 44,066 44,066

No. DMCs called(at 5% diff. / 10% diff.) 374 / 344 9,003 / 3870 6520 / 1,507 15,862 / 4,386 2,605/ 72 977 / 15

SHR

No. CpGs included in DM analysis 100,000 100,000 100,000 100,000 100,000 100,000

No. DMCs in sumulated data 44,657 44,657 44,657 44,657 44,657 44,657

No. DMCs called(at 5% diff. / 10% diff.) 818 / 765 10,324 / 3,111 7,346 / 1,379 17,8009 / 3,329 2,617 / 54 1,023 / 19

Tumour

No. CpGs included in DM analysis 100,000 100,000 100,000 100,000 100,000 100,000

No. DMCs in sumulated data 44,578 44,578 44,578 44,578 44,578 44,578

No. DMCs called(at 5% diff. / 10% diff.) 70 / 70 10,201 / 3,373 6,975 / 1,567 15,090 / 4,123 2,003 / 60 605 / 7

Simulation by WGBSsuite a Due to the failure of methylSig to call DMCs from the

simulated data at the significance threshold of q<0.01 as applied in previous analyses,

this was changed to p<0.05 for the remaining sections. Coverage threshold of ≥10x for

inclusion of CpGs in DM analysis.

Table 4.7 shows sensitivity and specificity results from each method, with datasets

identifiable by colour. The sensitivity of a method is defined as the true positive

rate and specificity the true negative rate, as calculated by standard formulae

detailed in Methods section 4.2.5.

All methods show very low sensitivity and very high specificity according to this

analysis. Given this result, it seems likely that DM methods generally undercall, as

the vast majority of true positives are missed, but very few are called as differen-

tially methylated in error. This appears to be the case even for those methods that

yielded strikingly high numbers of DMCs in all previous analyses (MOABS M1 and

M2, and in some cases DSS).
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Table 4.7: Sensitivity and specificity of all methods with the 100,000 CpG simu-

lated datasets

methylKit

Gender Tissues

Sensitivity (TPR) Specificity (TNR) Sensitivity (TPR) Specificity (TNR)

5% meth. diff. 0.0053 0.9999 5% meth. diff. 0.0083 0.9998

10% meth. diff. 0.0053 0.9999 10% meth. diff. 0.0075 0.9998

SHR Kidney tumour

Sensitivity (TPR) Specificity (TNR) Sensitivity (TPR) Specificity (TNR)

5% meth. diff. 0.0179 0.9996 5% meth. diff. 0.0015 0.9999

10% meth. diff. 0.0169 0.9998 10% meth. diff. 0.0015 0.9999

methylSig

Gender Tissues

Sensitivity (TPR) Specificity (TNR) Sensitivity (TPR) Specificity (TNR)

5% meth. diff. 0.1827 0.9814 5% meth. diff. 0.1776 0.9790

10% meth. diff. 0.0705 0.9936 10% meth. diff. 0.0777 0.9920

SHR Kidney tumour

Sensitivity (TPR) Specificity (TNR) Sensitivity (TPR) Specificity (TNR)

5% meth. diff. 0.2078 0.9811 5% meth. diff. 0.2044 0.9804

10% meth. diff. 0.0646 0.9959 10% meth. diff. 0.0677 0.9936

methylSig L

Gender Tissues

Sensitivity (TPR) Specificity (TNR) Sensitivity (TPR) Specificity (TNR)

5% meth. diff. 0.1258 0.9885 5% meth. diff. 0.1320 0.9874

10% meth. diff. 0.0284 0.9971 10% meth. diff. 0.0306 0.9971

SHR Kidney tumour

Sensitivity (TPR) Specificity (TNR) Sensitivity (TPR) Specificity (TNR)

5% meth. diff. 0.1504 0.9886 5% meth. diff. 0.1417 0.9882

10% meth. diff. 0.0284 0.9980 10% meth. diff. 0.0317 0.9972

MOABS M1

Gender Tissues

Sensitivity (TPR) Specificity (TNR) Sensitivity (TPR) Specificity (TNR)

5% meth. diff. 0.2805 0.9561 5% meth. diff. 0.2937 0.9478

10% meth. diff. 0.0846 0.9917 10% meth. diff. 0.0864 0.9897

SHR Kidney tumour

Sensitivity (TPR) Specificity (TNR) Sensitivity (TPR) Specificity (TNR)

5% meth. diff. 0.3452 0.9568 5% meth. diff. 0.2877 0.9591

10% meth. diff. 0.0663 0.9933 10% meth. diff. 0.0823 0.9919

MOABS M2

Gender Tissues

Sensitivity (TPR) Specificity (TNR) Sensitivity (TPR) Specificity (TNR)

5% meth. diff. 0.0454 0.9967 5% meth. diff. 0.0537 0.9957

10% meth. diff. 0.0016 0.9999 10% meth. diff. 0.0014 0.9999

SHR Kidney tumour

Sensitivity (TPR) Specificity (TNR) Sensitivity (TPR) Specificity (TNR)

5% meth. diff. 0.0553 0.9973 5% meth. diff. 0.0413 0.9971

10% meth. diff. 0.0009 0.9998 10% meth. diff. 0.0012 0.9999
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DSS

Gender Tissues

Sensitivity (TPR) Specificity (TNR) Sensitivity (TPR) Specificity (TNR)

5% meth. diff. 0.0162 0.9992 5% meth. diff. 0.0204 0.9986

10% meth. diff. 0.0004 0.9999 10% meth. diff. 0.0003 0.999

SHR Kidney tumour

Sensitivity (TPR) Specificity (TNR) Sensitivity (TPR) Specificity (TNR)

5% meth. diff. 0.0219 0.9992 5% meth. diff. 0.0129 0.9994

10% meth. diff. 0.0003 0.9999 10% meth. diff. 0.0001 1

Sensitivity and specificity from simulated 100k CpG datasets with a decreased

proportion of differentially methylated CpGs

The surprisingly low sensitivity for all methods and with all datasets discovered in

the previous analyses, together with the knowledge that the simulated data com-

prised a degree of differential methylation that is much higher than that observed

with real RRBS or WGBS data, prompted recalculation of true positive and true

negative rates after removal of the majority of DMCs as defined by WGBSsuite.

For this analysis, CpGS in simulated datasets that were defined as differentially

methylated (indicated by a flag of ’1’ in simulated data) were reduced in number

by random sampling of the total DMC population so that only 1% were present in

the resulting datasets. This gave a proportion of DMCs in datasets at a much more

realistic level. Specific details of these data are given in Table 4.3.9, along with

the number of DMCs called by each statistical method at 5% and 10% methyla-

tion difference thresholds. The ‘No. of CpGs included in each DM analysis’ given

in Table 4.3.9 are thus the sum of non-DM CpGs (comprising approximately half

of the original 100,000 CpG sets) and the 440 to 448 CpGs that were randomly

sampled from the original simulation results. The table shows that some methods,

in particular methylKit, MOABS M2 and DSS, called very few or no DMCs from

these data.
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Table 4.8: 100k CpGs Simulated RRBS data, 1% of DMCs randomly sampled for

re-inclusion prior to software testing

100,000 CpG Simulated RRBS data, 1% of DMCs sampled prior to software testing

methylKit methylSig methylSig ‘L’ MOABS M1 MOABS M2 DSS

Significance threshold a q <0.01 p <0.05 p <0.05 p <0.05 p <0.05 p <0.05

Gender

No. CpGs included in DM analysis 55,649 55,649 55,649 55,649 55,649 55,649

No. DMCs in sumulated data 448 448 448 448 448 448

No. DMCs called (at 5% diff. / 10% diff.) 0 / 0 1,116 / 387 753 / 210 2,538 / 498 201 / 2 54 / 4

Tissues

No. CpGs included in DM analysis 56,375 56,375 56,375 56,375 56,375 56,375

No. DMCs in sumulated data 440 440 440 440 440 440

No. DMCs called(at 5% diff. / 10% diff.) 0 / 0 1,257 / 479 881 / 214 3,060 / 614 260 / 8 85 / 1

SHR

No. CpGs included in DM analysis 55,790 55,790 55,790 55,790 55,790 55,790

No. DMCs in sumulated data 446 446 446 446 446 446

No. DMCs called(at 5% diff. / 10% diff.) 0 / 0 1,142 / 254 728 / 129 2539 / 397 173 / 12 58 / 6

Tumour

No. CpGs included in DM analysis 55,868 55,868 55,868 55,868 55,868 55,868

No. DMCs in sumulated data 445 445 445 445 445 445

No. DMCs called(at 5% diff. / 10% diff.) 0 / 0 1,195 / 397 806 / 206 2,398 / 494 175 / 4 39 / 0

Simulation by WGBSsuite a Due to the failure of methylSig to call DMCs from the

simulated data at the significance threshold of <q0.01 as applied in previous analyses,

this was changed to <p0.05 for the remaining sections. Coverage threshold of ≥10x for

inclusion of CpGs in DM analysis.

Subsequent TPR and TNR results detailed in Table 4.9 show that the reduction of

the differentially methylated proportion in simulated datasets did not lead to an

increased degree of sensitivity. Many of the sensitivity (TPR) values are 0, owing

to the identification of very few or no DMCs by those methods. Specificity (TNR)

values, already high in the previous analyses, remain close to 1. These results add

further weight to the conclusion that the DM methods, contrary to expectation,

are prone to a large degree of undercalling and low sensitivity.
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Table 4.9: Sensitivity and specificity of all methods using 100k CpGs simulated

dataset with 1% of DMCs randomly sampled for re-inclusion

methylKit

Gender Tissues

Sensitivity (TPR) Specificity (TNR) Sensitivity (TPR) Specificity (TNR)

5% meth. diff. 0 1 5% meth. diff. 0 1

10% meth. diff. 0 1 10% meth. diff. 0 1

SHR Kidney tumour

Sensitivity (TPR) Specificity (TNR) Sensitivity (TPR) Specificity (TNR)

5% meth. diff. 0 1 5% meth. diff. 0 1

10% meth. diff. 0 1 10% meth. diff. 0 1

methylSig

Gender Tissues

Sensitivity (TPR) Specificity (TNR) Sensitivity (TPR) Specificity (TNR)

5% meth. diff. 0.2009 0.9814 5% meth. diff. 0.1886 0.9790

10% meth. diff. 0.0781 0.9936 10% meth. diff. 0.0750 0.9920

SHR Kidney tumour

Sensitivity (TPR) Specificity (TNR) Sensitivity (TPR) Specificity (TNR)

5% meth. diff. 0.2152 0.9810 5% meth. diff. 0.2427 0.9804

10% meth. diff. 0.0650 0.9959 10% meth. diff. 0.0944 0.9936

methylSig L

Gender Tissues

Sensitivity (TPR) Specificity (TNR) Sensitivity (TPR) Specificity (TNR)

5% meth. diff. 0.1384 0.9875 5% meth. diff. 0.1409 0.9853

10% meth. diff. 0.0402 0.9965 10% meth. diff. 0.0409 0.9965

SHR Kidney tumour

Sensitivity (TPR) Specificity (TNR) Sensitivity (TPR) Specificity (TNR)

5% meth. diff. 0.1592 0.9881 5% meth. diff. 0.1730 0.9868

10% meth. diff. 0.0403 0.9980 10% meth. diff. 0.0539 0.9967

MOABS M1

Gender Tissues

Sensitivity (TPR) Specificity (TNR) Sensitivity (TPR) Specificity (TNR)

5% meth. diff. 0 0.9561 5% meth. diff. 0.3250 0.9478

10% meth. diff. 0 0.9917 10% meth. diff. 0.0818 0.9897

SHR Kidney tumour

Sensitivity (TPR) Specificity (TNR) Sensitivity (TPR) Specificity (TNR)

5% meth. diff. 0.3296 0.9568 5% meth. diff. 0.3011 0.9591

10% meth. diff. 0.0673 0.9933 10% meth. diff. 0.0988 0.9919
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MOABS M2

Gender Tissues

Sensitivity (TPR) Specificity (TNR) Sensitivity (TPR) Specificity (TNR)

5% meth. diff. 0 0.9967 5% meth. diff. 0.0500 0.9957

10% meth. diff. 0 0.9999 10% meth. diff. 0 0.9998

SHR Kidney tumour

Sensitivity (TPR) Specificity (TNR) Sensitivity (TPR) Specificity (TNR)

5% meth. diff. 0.0650 0.9974 5% meth. diff. 0.0359 0.9971

10% meth. diff. 0 0.9989 10% meth. diff. 0.0022 0.9999

DSS

Gender Tissues

Sensitivity (TPR) Specificity (TNR) Sensitivity (TPR) Specificity (TNR)

5% meth. diff. 0 1 5% meth. diff. 0.0204 0.9986

10% meth. diff. 0 1 10% meth. diff. 0 0.9999

SHR Kidney tumour

Sensitivity (TPR) Specificity (TNR) Sensitivity (TPR) Specificity (TNR)

5% meth. diff. 0.0291 0.9992 5% meth. diff. 0.0157 0.9994

10% meth. diff. 0 1 10% meth. diff. 0 1
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4.4 Discussion

Overall, the MOABS M2 method tended to perform the best in this study. Although

it was initially assumed that MOABS M1 and M2 were over-calling, sensitivity

results were relatively good compared to other methods, with TPR values near

0.3 in three of the simulated datasets with the lower proportion of differential

methylation (section 4.9). In addition, MOABS M2 only gave four candidate false

positive (section 4.3.7) across all of the four experiments, displayed the highest

levels of concordance (up to 0.8920 with DSS in section 4.3.6) and showed an

appropriate distribution of DMCs in methylation and coverage plots (section

4.3.5), with the most likely false positives (at low coverage and methylation

difference values) suitable excluded. 2

The most conservative DMC caller across this study was methylKit, which was the

method employed for most DM results described in Chapters 2 and 3. methylKit

is currently a widely used method and one of very few that are regularly updated

and maintained. This is despite the fact that methylKit uses logistic regression

and thus cannot factor in intra-group heterogeneity, a likely reason for the

undercalling of DMCs it has displayed in this study. Our own validations by

COBRA showed that the gender-specific DMRs identified by methylKit/eDMR

were likely robust, with 9 of 10 assays giving a positive result. The validations,

low calling rate, low sensitivity and high specificity of methylKit suggest that

DMCs identified in this thesis are highly unlikely to represent false positives, and

indeed that many additional differences may have been missed for gender and

pedigree comparisons.

2The DMAP method [214], which allows a Msp1 fragment based-approach (in
contrast to individual CpG or tiled data) was also initially part of these compar-
isons, but because it required a specific input file format (SAM) that we could only
access for one dataset (SHR), it was not taken through to final comparisons. Addi-
tionally, the M3D method [223] was tested but ultimately was not taken forward
to comparisons because of a requirement for large resources (memory and CPU
numbers) and a long runtime.
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One further finding from this study was that most areas of evaluation did not yield

overly divergent results across the four very different experimental scenarios,

including a cancer sample set, where large epigenomic anomalies are expected.

However, the fact that the tumour dataset was much smaller than other sets and

likely of lower quality (relatively few CpGs passed the more stringent filtering

in section 4.10) complicates the direct evaluation of the influence of biological

context on DM method performance. The application of filtering parameters,

such the exclusion of sites at extremely high read depth and likely resulting

from amplification bias (such as that provided by methylKit) are likely of great

importance to overall performance. However, such aspects still need to be

adaptable to different experimental requirements and also clearly defined and

understandable to researchers with limited programming experience.

Although runtime data is not included in the results described in this chapter this

is an important consideration, particularly as sequencing throughput continues

to increase. MOABS took considerably longer to run than the other methods and

this was the case for both real and simulated data. For example, on the very small

simulated tumour dataset of ˜55,000 CpGs in each of 6 samples, MOABS took

15 minutes to complete in a run using 64 Gb of memory and 8 cores. When this

calculation is extended to more realistic file sizes, a 2 million CpG per sample

dataset would take approximately 9 hours. In practice the runtimes for MOABS

were often much longer than this because three of the four datasets employed in

this study had larger CpG sets and more replicates (for example the gender and

SHR datasets with 12 and 14 samples, respectively). This is surprising given that

the DM module of MOABS (mcomp) is implemented in C++, and that the au-

thors of the method state that efficiency and low resource requirements are a key

advantage of the method [217]. methylSig was the next most resource-intense

method discussed in this chapter but like MOABS it does include a parellelisation

feature. Because the successful use of a new computational method often requires

several attempts and optimisations before reliable and interpretable results are

obtained from primary research, this can be a significant financial consideration.

194



4. Comparison and performance evaluation of differential DNA methylation analysis
methods

Required input file formats, though perhaps seen as a trivial consideration by

computer scientists and more programming-oriented bioinformaticians, are in

fact a crucial consideration for wider implementation of methods by the research

community. In an evaluation such as this, where the researcher is looking to

determine which method is the most reliable for their biological question, the time

required to create different file formats is considerable. Indeed, data formatting

was one of the most time-consuming parts of this study. methylSig and methylKit

both take the same input format which made their implementation much more

efficient. Perhaps a few universal input data formats could be defined in order to

increase the rate of translatable discovery from the epigenomics field.

Methods are often (prior to publication) only tested on small subsets of real data

or on simulated data, and when employed with real WGBS or RRBS data of

several million CpGS are unusable. This was also found by Kishore et al. [224],

who describe some methods being impossible to implement due to high memory

requirements. This is most often the case where methods are implemented in R

and entire data need to be held in memory.

The simulation software applied in this study (WGBSsuite [221] was the only

method available but does not seem to have produced data that is comparable

to the real datasets, with the very high methylation proportion the most obvious

problem. This software was designed for WGBS data, so it is possible that

when applied to RRBS it does not simulate accurately. In addition, the size of

simulated data mentioned by the authors was 5,000. Such small datasets are not

representative of real RRBS or WGBS data and would obviously not be subject to

to the same extreme situation of multiple hypothesis testing. A 5,000 CpG dataset

was used at first but for these reasons this was scaled up to 10,000 and ultimately

100,000 CpGs. It is possible that the simulator is also not designed to produce this

many CpGs, a situation that would result in much reduced utility of a simulator

to real experiments.
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As a relatively immature field, DNA methylation analysis lacks best-practice or

‘gold’ standards. A review in 2016 [225] compared the performance of several

DM analysis methods with RRBS data but according to pre-defined regions of

interest, such as CpG island annotations. The methods covered are therefore

different to those tested here, with the exception of methylKit/eDMR, which was

shown to perform poorly at DMR identification. The authors point out that testing

pre-defined regions carries the advantage of higher statistical power owing to a

lower requirement for multiple-hypothesis testing. As whole genome bisulfite

sequencing becoming more and more widely employed it is useful to consider

that lower resolution methods such as targeted differential methylation assays

and RRBS may be much more powerful for many DM studies, at least with the

field of differential methylation statistics in its current state.

Although read depth is of obvious importance for accurate calculation of average

methylation levels in a sample, recommendations given by Ziller et. al. [170] are

generally that, above a coverage of 10x, resources should be allocated towards

extra replicates as opposed to deeper sequencing for the purposes of increased

sensitivity of DM detection. This trade-off decision is complicated by the fact

that most studies, including the present, use tissue samples and therefore extra

replicates also lead to a significantly higher degree of complexity and confounding

from heterogeneity within samples and between samples in each group. As

single-cell sequencing and cell purification methods become more efficient,

accurate and accessible this problem will hopefully be resolved.

Overall, all of the methods employed in this chapter, representing a fairly broad

range of statistical approaches, display a considerable degree of undercalling of

differentially methylated loci. Although this certainly calls for a large effort in

statistical modeling and analysis of DNA methylation data, it can perhaps also be

seen as reassuring, as published DNA methylation studies may be more likely to

have been overly conservative and missed genuine differential methylation than

to have reported false positives.
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In conclusion, it is recommended that researchers employ a number of DM meth-

ods where possible, and take the union of resulting DMCs or DMRs from these.

This will maximize the sensitivity of detection, which was found to be be very

low in the current study. Given the high performance of the MOABS ‘M2’ method

(employing the CDIF) [217] in a number of analyses, this should be included as

one of the methods. In addition, it is recommended that researchers apply manual

coverage (read depth) filtering of CpG data prior to DM analysis, particularly for

methods which have limited filtering functionality. A lower limit of ≥10x may be

sufficient, but importantly, sites at very high read depth that will yield false pos-

itives should be removed. The 99.9th percentile of read depth as recommended

by methylKit [136] is probably an appropriate threshold. Furthermore, software

development in this area should focus on increasing sensitivity; given the over-

conservative calling of the DM methods, an increased false positive rate would be

an acceptable trade-off for the identification of a great deal of genuine differen-

tially methylated loci that would otherwise go undetected.
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Chapter 5

Conclusions and future work

The major finding in this investigation was the significant gender differences in

DNA methylation across the mouse genome with variations across several tissue

types. These differences are relatively large and able to be reliably detected,

even with over-conservative analysis methods. The discovery of these gender

differences was somewhat serendipitous, as the initial experiments were set up

to test the hypothesis that transgenerational epigenetic inheritance (TEI) is a

widespread phenomenon in the mammalian genome. From initial analyses, it

became obvious that gender differences were much larger than those attributable

to TEI, the latter proving difficult to reliably detect. To this end, several statistical

packages were trialled and surprisingly there were marked differences in the

genomic regions that were called as hypo- or hypermethylated in the experimental

scenarios that were represented.

Somewhat oxymoronically, an obvious area of future work would be to rework

these datasets with improved statistical software packages as they become avail-

able. This would be a cost effective exercise but, based the experiences describe

here with different statistical packages, a reasonable level of programming

proficiency would be required and demands on computer resources could be

large. Until demonstrably improved statistical analysis tools are available, it may

not be feasible to re-investigate the subtle cytosine methylation changes that are
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associated with TEI. On the other hand, the gender-specific methylation differ-

ences are large enough to allow design of experiments for further investigation

with the methods that are currently available. One possible approach is outlined

at the end of this chapter.

Power in epigenetic studies is affected by the presence of multiple states across

cells, tissues and time. This is in contrast to genetic studies such as GWAS, where

alleles are invariable (with some minor and rare exceptions from mutation), and

error rates are correspondingly low. For DNA methylation state calling, factors

such as tissue-specificity, cellular heterogeneity, allele-specific imprinting, and to a

much smaller extent differences between DNA strands all provide extra sources of

error over and above that of the relatively easily quantifiable measurement-errors

encountered with DNA sequencing [119].

The current work contributes significantly to knowledge of natural and intrinsic

epigenomic variability which has been acknowledged as essential for the design

of appropriate standardization processes and power calculations [226]. However,

statistical power for DMC and DMR identification was limited by the use of low

sample numbers. Sample size requirements in studies such as GWAS and EWAS

are inversely related to effect size [227, 119], and therefore statistical power is

likely to be less of a concern for the gender comparisons (Chapter 2) than is the

case for inheritance analyses (Chapter 3), where the DNA methylation variability

between groups was expected (and found) to be relatively small. Here, the

use of isogenic mouse pedigrees affords power benefits over studies employing

human sample sets, where inter-individual epigenetic variation can be affected by

underlying genetic heterogeneity [228, 229, 230, 231].

Although the mean methylation rate difference between groups in a study can be

used as a rough indicator of effect size, this measure excludes other important

information such as degrees of both inter- and intra-individual methylation

variability. Rakyan et al. [119] describe the application of the odds ratio to
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EWAS, a measure typically used as an indicator of effect size for the contribution

of genetic states to binary phenotypic outcomes in GWAS. The odds ratio they

describe is calculated for a randomly chosen DNA strand in the case sample

population and expressed relative to that of the control population. Although

this can be considered a useful starting point for effect size analysis in epigenetic

studies, it (like the mean methylation rate difference) does not factor in other

features of the methylation landscape within groups, such as variance or genomic

dispersion.

Batch effects encountered in the current work (described in Chapter 3) would

also result in lowered statistical power, but were unavoidable due to practical

and financial limitations on the RRBS sequencing components. Bock et al. [208]

highlight the benefits of careful batching to confounder minimization in epigenetic

studies, as well as batch-effect removal prior to differential methylation analysis.

The authors also give conflation of methylation levels at neighbouring CpGs with

similar methylation profiles as a method for bolstering statistical power, but is

usually applied to whole genome data and not RRBS, where coverage is not

contiguous.

Also discussed by Bock et al. [208], computational and experimental steps can be

taken to minimise error and maximize power in the identification of differentially

methylated (DM) regions associated with a particular trait. Manual inspection of

candidate DM regions in a genome browser is one such step and was employed

in the current work to help ensure DM regions were not brought about by

sequencing artifacts, such as read alignment errors at highly repetitive regions. In

addition, inspection of scatterplots of methylation level and sequencing coverage

given in Chapter 4, section 4.3.5 are illustrative of each DM method’s tendency to

include probable false positives (at the very low and very high coverage extremes)

in the candidate DM list. However, because of the discovery of a high degree of

undercalling among the DM methods tested (Chapter 4), error rates from false

positives are unlikely to contribute to decreased statistical power in this work.
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Also recommended by Bock et al. [208] for bolstering accuracy and thus power,

verification of gender DMRs described in Chapter 2 (section 2.3.6) provide further

assurance of technical accuracy.

Methods for directly measuring statistical power are well established for

microarray-based gene expression and GWAS methods, but the complexity of

such calculations for high-throughput sequencing applications is greater, owing

to factors such as sequencing read depth and dispersion [232, 233, 234]. There

are as yet no published methods for power calculation for RRBS and WGBS

experiments, but it is informative to compare the present study to other studies

in the field. Previous studies on gender differences in DNA methylation often

employed much larger sample numbers, such as that by Fuke et al.[120] who

assayed global methylation levels by HPLC, and compared 44 females with

32 males. El-Maarri et al. [121] compared 96 males and 96 females using

methyation assays at select repetitive sequences (LINE1 and Alu repeats) to detect

decreased methylation in females. Zhang et al. [122] used similar methods on 60

male 101 female leukocyte DNA samples to come to a similar finding (a -2.77%

methylation decrease in females). The Bok et al. study [124] assayed 1,505

CpG sites from 800 genes in human DNA. These studies employed larger sample

sets than those described in this thesis (6 male and 6 female samples for gender

tests in Chapter 2, 9 samples for each pedigree for tests in Chapter 3), but did

so using methods that interrogated the genome at much lower resolution and

breadth than the eRRBS method employed here. The trade off of using lower

sample numbers to account for the relatively high cost per sample with RRBS was

ultimately deemed worthwhile in the current work, where the original aim was

to test whether or not TEI was a widespread occurrence across the mammalian

genome. One of the advantages of using RRBS was that relatively high average

coverage (read depth) was obtained, which exceeded 50x at CpGs in genes and

CpG islands, and was between 20-40x overall for each sample studied in this

work (discussed in Chapter 2 section 2.3.2 and section 2.3.4). This depth is

crucial for accuracy of methylation percentage estimation and enabling detection

of relatively small but statistically significant changes between groups. In a study
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more directly comparable to the present, Reizel et al. [134], who also employed

an RRBS approach, came to findings of autosomal hypermethylation in females

using sample numbers of between 3-10 from each gender. Results from the

present work can thus be taken as roughly equivalent, in terms of reliability from

statistical power, as that reported by Reizel et al.

Detailed comments on Chapters 2, 3 and 4 follow.

Chapter 2

In Chapter 2, the observation of a strong gender-bias in cytosine methylation in

liver autosomes prompted investigation of gender differences in several tissue

types, with the hypothesis that DNA methylation differences were inborn or es-

tablished in very early stages of development. It was found that liver and brain

both display numerous and widespread gender differences in cytosine methyla-

tion at autosomes, in contrast to the heart, in which very few DMCs and DMRs

were found. Brain gender-specific cytosine methylation occurred on a higher back-

ground of general inter-individual variation than was observed in other tissues, a

phenomenon that may well reflect the requirement of variability and plasticity

among central nervous system cell populations. In contrast, the heart is required

to function within very narrow physiological parameters and, using the same ar-

gument, one might expect a very minimal degree of inter-individual variation.

These findings of variability and gender differences of a very tissue-specific na-

ture among liver, heart and brain tissue suggested that, contrary to the initial hy-

pothesis, gender differences in cytosine methylation do not arise in the germline.

Gene ontological analysis, which revealed many associations to processes specific

to each tissue, supported this result and indicated that gender-specific epigenetic

differences are likely to have a tissue-specific function. Furthermore, sites of hy-

pervariable methylation, although numerous, are also strongly restricted to tissue-

type. When considered alongside findings by others of a correlation between hep-

atic gene expression and gender specific DNA methylation differences associated
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with tissue-specific enhancers [134], and the fact that over one thousand genes

are subject to sexual dimorphism in the mammalian liver [155], the loci subject

to gender-specific methylation identified here in the liver may well have roles in

many phenotypic differences known to occur between the genders, such as lipid

and drug metabolism. Furthermore, the fact that gender-specific DMTs across

tissues originating from the same germ layer (skeletal muscle, spleen and heart,

all from mesoderm) were exclusive to each tissue type led to the conclusion that

gender-specific methylation patters are established at a time point subsequent to

gastrulation. However, the recent report of gender-specific DNA methylation dif-

ferences being dependent upon testosterone [134] is contradicted by the identifi-

cation of over three hundred gender differences identified between the liver DNA

methylomes of females and castrated males, which displayed the same clear ten-

dency for hypermethylation in females as is found in comparisons using normal

males. Therefore, sex-specific factors other than testosterone are likely to influ-

ence gender differences in methylation, with female hormones such as estradiol

and interactions with sex-chromosome factors being possible candidates.

Chapter 3

A large proportion of the mammalian genome must be maintained as silent (with

retrotransposon the most obvious examples of such loci), and the mechanisms

for gene silencing are constitutively active throughout the life cycle. Therefore, a

large proportion of the genome may well exhibit constitutive TEI. In an effort to

address the original hypothesis, that transgenerational epigenetic inheritance is

widespread in the mammalian genome, Chapter 3 described detailed studies of

pedigree-specific methylation differences among isogenic mice.

These studies were severely hampered by batch effects in the RRBS data, a phe-

nomenon that is under-reported (for methylation data) in the literature and for

which no appropriate statistical methods have yet been developed. Neverthe-

less, the systematic and thorough approach that was employed identified likely
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robust widespread DNA methylation variation that is specific to pedigree, and

which occurs on a background of isogenicity. These differences tended to occur

as isolated differences at individual CpGs, rather than across large blocks or re-

gions. Although (owing to a paucity of information on DNA methylation functions

in trans) functional associations were not a key part of the aims of this chapter,

pedigree-specific DMCs generally did not show either enrichment or depletion at

gene, CpG island or repeat features. Rather than suggesting that the identified

differences are not of functional significance, this may indicate that more effort

is required to address the question of the very complex nature of relationships

between DNA methylation and other epigenetic marks, both with each other and

with the DNA, in regions outside of coding sequences and the widely studied CpG

islands. Overall, Chapter 3 findings warrant further investigations of transgener-

ational epigenetic inheritance in mammals and indicate that the success of these

investigations will depend heavily on the development of more appropriate statis-

tical models for tis high-dimensional data, and very careful experimental design

and technological improvements that will minimise confounding from technical

variation.

Chapter 4

The reliability of differential methylation calling software is crucial to interpreta-

tion of data from this study and from all studies in the field. Chapter 4 described

the strikingly low degrees of concordance that were identified between published

differential methylation (DM) calling methods. Ultimately, this revealed that most

methods are likely to be undercalling and therefore that a majority of differential

methylation is likely to be missed in epigenomic studies, including from those

conducted in the other chapters in this thesis. However, the software employed

in those chapters was methylKit [136], which displayed over-conservative DM

calling (even relative to the other methods employed) and a very low tendency for

calling of false-positives. Taken with the verifications conducted in Chapter 2 with

COBRA on DMRs identified with the methylKit/eDMR pipeline [136, 140], loci

identified as differentially methylated in Chapters 2 and 3 can be considered very
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robust. MOABS M2 [217] performed the best overall in these studies, and this

was not influenced overly by the different experimental scenarios represented by

the four datasets or their simulated equivalents. In addition, it is recommended

that (along with manual coverage filtering of CpG data prior to DM analysis),

researchers use a number of DM methods and take the union of DMCs or DMRs

from these as the differentially methylated set. With the low sensitivity observed

among the DM methods, future method development should employ an increased

trade-off of false-positive rates for a higher level of sensitivity. Furthermore, devel-

opment of more sophisticated batch-correction methods for bisulfite sequencing

data may significantly improve the rate at which such investigations yield useful

and translatable discoveries.

These studies have several limitations and call for many ongoing efforts in the

analysis of the mammalian epigenome. Methylation was investigated in the CpG

context only and it is possible that methylation in other genomic contexts (such

as CHH and CHG) contribute to gender differences, transgenerational effects and

transgenerational epigenetic inheritance. This study was also subject to financial

constraints that saw RRBS employed in two different batches, a factor which

has significantly reduced the utility of the data in testing the original hypothesis.

Recommendations resulting from this situation are that researchers seriously

consider sequencing entire experimental cohorts in a single batch, or failing

that, that all steps of sampling, library preparation and sequencing are carefully

randomized. Additional limitations of the current work were that relatively low

sample numbers were applied to gender and pedigree comparisons, and also the

use of an RRBS rather than WGBS approach, yielding reduced breadth of genome

coverage. Although isogenicity is unlikely to be a major consideration for these

studies (discussed in Chapter 3 section 3.4), having the corresponding genomic

DNA for each individual assayed would allow confirmation of the independence

of the epigenomic differences from the underlying DNA. In addition, the marrying

of DNA methylation data with that of other epigenetic marks and 3D nuclear

organisation data will be of great import to our understanding of the extent and

implications of these epigenomic differences. The success of this approach is
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however, dependent upon increased accuracy and lower costs that will hopefully

come with technological advancement.

Future Work

Putting the use of better analysis methods to one side, the question arises of what

actual molecular experiments could be designed based on the findings in this the-

sis? From what has been discussed in detail above, it is perhaps futile (with the

current state of the field, which is however likely to advance rapidly) to entertain

experiments in which the methylation differences are expected to be small and

subtle. On the other hand, gender differences in DNA methylation are a potentially

fruitful area for future investigations. A powerful approach may be to make use of

mutant mouse strains with diminished sexual dimorphism. The best characterized

of these is the Stat5b-/- mouse in which the male mouse liver is largely feminised,

owing to impaired growth hormone signaling [235]. This mouse has been well

characterized and the Jackson Laboratory maintains mouse strains [236, 235]. An

added advantage of this model is that, as the Stat5b-/- mice are bred from heterozy-

gote Stat5b+/- parents which have minimal phenotype, closely matched controls

are available from the same litter. It would be of particular interest to see if the

changes in methylation patterns reflected those observed here in the testosterone

dependency experiments or were different.
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cent, Isabelle Gillot, and François Cuzin. Rna-mediated non-mendelian in-
heritance of an epigenetic change in the mouse. Nature, 441(7092):469–
474, 2006.

[31] Philipp A Steffen and Leonie Ringrose. What are memories made of? how
polycomb and trithorax proteins mediate epigenetic memory. Nature Re-
views Molecular Cell Biology, 15(5):340–356, 2014.

[32] Valerio Orlando. Polycomb, epigenomes, and control of cell identity. Cell,
112(5):599–606, 2003.

[33] Ru Cao, Liangjun Wang, Hengbin Wang, Li Xia, Hediye Erdjument-
Bromage, Paul Tempst, Richard S Jones, and Yi Zhang. Role of hi-
stone h3 lysine 27 methylation in polycomb-group silencing. Science,
298(5595):1039–1043, 2002.

[34] Birgit Czermin, Raffaella Melfi, Donna McCabe, Volker Seitz, Axel Imhof,
and Vincenzo Pirrotta. Drosophila enhancer of zeste/esc complexes have
a histone h3 methyltransferase activity that marks chromosomal polycomb
sites. Cell, 111(2):185–196, 2002.

[35] Andrei Kuzmichev, Kenichi Nishioka, Hediye Erdjument-Bromage, Paul
Tempst, and Danny Reinberg. Histone methyltransferase activity associ-
ated with a human multiprotein complex containing the enhancer of zeste
protein. Genes & development, 16(22):2893–2905, 2002.

[36] Jürg Müller, Craig M Hart, Nicole J Francis, Marcus L Vargas, Aditya Sen-
gupta, Brigitte Wild, Ellen L Miller, Michael B O’Connor, Robert E Kingston,
and Jeffrey A Simon. Histone methyltransferase activity of a drosophila
polycomb group repressor complex. Cell, 111(2):197–208, 2002.

[37] Betül Hekimoglu and Leonie Ringrose. Non-coding rnas in poly-
comb/trithorax regulation. RNA biology, 6(2):129–137, 2009.

209



Conclusions and future work

[38] Jeannie T Lee. Epigenetic regulation by long noncoding rnas. Science,
338(6113):1435–1439, 2012.

[39] Veronica J Peschansky and Claes Wahlestedt. Non-coding rnas as direct and
indirect modulators of epigenetic regulation. Epigenetics, 9(1):3–12, 2014.

[40] Giuseppe Borsani, Rossana Tonlorenzi, M Christine Simmler, Luisa Dan-
dolo, Danielle Arnaud, Valeria Capra, Markus Grompe, Antonio Pizzuti,
Donna Muzny, Charles Lawrence, et al. Characterization of a murine gene
expressed from the inactive x chromosome. Nature, 351(6324):325–329,
1991.

[41] LB Herzing, Justyna T Romer, Jacqueline M Horn, and Alan Ashworth.
Xist has properties of the x-chromosome inactivation centre. Nature,
386(6622):272–275, 1997.

[42] Barbara Panning, Jessica Dausman, and Rudolf Jaenisch. X chromosome in-
activation is mediated by xist rna stabilization. Cell, 90(5):907–916, 1997.

[43] Györgyi Csankovszki, András Nagy, and Rudolf Jaenisch. Synergism of xist
rna, dna methylation, and histone hypoacetylation in maintaining x chro-
mosome inactivation. The Journal of cell biology, 153(4):773–784, 2001.

[44] Marisa S Bartolomei and Shirley M Tilghman. Genomic imprinting in mam-
mals. Annual review of genetics, 31(1):493–525, 1997.

[45] Marisa S Bartolomei. Genomic imprinting: employing and avoiding epige-
netic processes. Genes & development, 23(18):2124–2133, 2009.

[46] Anne C Ferguson-Smith. Genomic imprinting: the emergence of an epige-
netic paradigm. Nature reviews. Genetics, 12(8):565, 2011.

[47] H. J. Muller. Types of visible variations induced by x-rays indrosophila.
Journal of Genetics, 22(3):299–334, 1930.

[48] Cheryl CY Li, Jennifer E Cropley, Mark J Cowley, Thomas Preiss, David IK
Martin, and Catherine M Suter. A sustained dietary change increases epi-
genetic variation in isogenic mice. PLoS Genet, 7(4):e1001380, 2011.

[49] Robert A Waterland, Dana C Dolinoy, Juan-Ru Lin, Charlotte A Smith, Xin
Shi, and Kajal G Tahiliani. Maternal methyl supplements increase offspring
dna methylation at axin fused. Genesis, 44(9):401–406, 2006.

[50] Dana C Dolinoy, Dale Huang, and Randy L Jirtle. Maternal nutrient
supplementation counteracts bisphenol a-induced dna hypomethylation
in early development. Proceedings of the National Academy of Sciences,
104(32):13056–13061, 2007.

[51] Kevin D Sinclair, Cinzia Allegrucci, Ravinder Singh, David S Gardner, Sonia
Sebastian, Jayson Bispham, Alexandra Thurston, John F Huntley, William D
Rees, Christopher A Maloney, et al. Dna methylation, insulin resistance,
and blood pressure in offspring determined by maternal periconceptional
b vitamin and methionine status. Proceedings of the National Academy of
Sciences, 104(49):19351–19356, 2007.

210



Conclusions and future work

[52] Albert HC Wong, Irving I Gottesman, and Arturas Petronis. Phenotypic
differences in genetically identical organisms: the epigenetic perspective.
Human molecular genetics, 14(suppl 1):R11–R18, 2005.

[53] Mario F Fraga, Esteban Ballestar, Maria F Paz, Santiago Ropero, Fernando
Setien, Maria L Ballestar, Damia Heine-Suñer, Juan C Cigudosa, Miguel
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[94] Didier Wion and Josep Casadesús. N6-methyl-adenine: an epigenetic signal
for dna–protein interactions. Nature Reviews Microbiology, 4(3):183–192,
2006.

[95] Shawn J Cokus, Suhua Feng, Xiaoyu Zhang, Zugen Chen, Barry Merri-
man, Christian D Haudenschild, Sriharsa Pradhan, Stanley F Nelson, Mat-
teo Pellegrini, and Steven E Jacobsen. Shotgun bisulphite sequencing
of the arabidopsis genome reveals dna methylation patterning. Nature,
452(7184):215–219, 2008.

[96] Gulsah Altun, Jeanne F Loring, and Louise C Laurent. Dna methylation in
embryonic stem cells. Journal of cellular biochemistry, 109(1):1–6, 2010.

[97] Melanie Ehrlich and Kenneth C Ehrlich. Effect of dna methylation on the
binding of vertebrate and plant proteins to dna. In DNA Methylation, pages
145–168. Springer, 1993.

214



Conclusions and future work

[98] Xinsheng Nan, Huck-Hui Ng, Colin A Johnson, Carol D Laherty, Bryan M
Turner, Robert N Eisenman, and Adrian Bird. Transcriptional repression
by the methyl-cpg-binding protein mecp2 involves a histone deacetylase
complex. Nature, 393(6683):386–389, 1998.

[99] Yi Zhang, Huck-Hui Ng, Hediye Erdjument-Bromage, Paul Tempst, Adrian
Bird, and Danny Reinberg. Analysis of the nurd subunits reveals a histone
deacetylase core complex and a connection with dna methylation. Genes &
development, 13(15):1924–1935, 1999.

[100] Paul A Wade, Anne Gegonne, Peter L Jones, Esteban Ballestar, Florence
Aubry, and Alan P Wolffe. Mi-2 complex couples dna methylation to chro-
matin remodelling and histone deacetylation. Nature genetics, 23(1):62–66,
1999.

[101] Ciarán O’Riain, Derville M O’Shea, Youwen Yang, Rifca Le Dieu, John G
Gribben, Karin Summers, Johnson Yeboah-Afari, Leena Bhaw-Rosun,
Christina Fleischmann, Charles A Mein, et al. Array-based dna methyla-
tion profiling in follicular lymphoma. Leukemia, 23(10):1858–1866, 2009.

[102] Fabienne Brenet, Michelle Moh, Patricia Funk, Erika Feierstein, Agnes J.
Viale, Nicholas D. Socci, and Joseph M. Scandura. DNA methylation of
the first exon is tightly linked to transcriptional silencing. PLoS ONE, 6(1),
2011.

[103] P. A. Jones. Functions of dna methylation: islands, start sites, gene bodies
and beyond. Nat Rev Genet, 13, 2012.

[104] D. Aran, G. Toperoff, M. Rosenberg, and A. Hellman. Replication timing-
related and gene body-specific methylation of active human genes. Hum
Mol Genet, 20, 2011.

[105] M. P. Ball, J. B. Li, Y. Gao, J. H. Lee, E. M. LeProust, I. H. Park, B. Xie, G. Q.
Daley, and G. M. Church. Targeted and genome-scale strategies reveal gene-
body methylation signatures in human cells. Nat Biotechnol, 27, 2009.

[106] J Clark Susan, Janet Harrison, Cheryl L Paul, and Marianne Frommer.
High sensitivity mapping of methylated cytosines. Nucleic acids research,
22(15):2990–2997, 1994.

[107] Hongcang Gu, Zachary D Smith, Christoph Bock, Patrick Boyle, Andreas
Gnirke, and Alexander Meissner. Preparation of reduced representation
bisulfite sequencing libraries for genome-scale DNA methylation profiling.
Nature Protocols, 6(4):468–81, 2011.

[108] Marcel Martin. Cutadapt removes adapter sequences from high-throughput
sequencing reads. EMBnet. journal, 17(1):pp–10, 2011.

[109] F Krueger. Trim galore. A wrapper tool around Cutadapt and FastQC to
consistently apply quality and adapter trimming to FastQ files, 2015.

215



Conclusions and future work

[110] Felix Krueger and Simon R Andrews. Bismark: a flexible aligner and methy-
lation caller for bisulfite-seq applications. Bioinformatics, 27(11):1571–
1572, 2011.

[111] Ben Langmead and Steven L Salzberg. Fast gapped-read alignment with
bowtie 2. Nature methods, 9(4):357–359, 2012.

[112] Pao-Yang Chen, Shawn J Cokus, and Matteo Pellegrini. Bs seeker: precise
mapping for bisulfite sequencing. BMC bioinformatics, 11(1):203, 2010.

[113] Yuanxin Xi, Christoph Bock, Fabian Müller, Deqiang Sun, Alexander Meiss-
ner, and Wei Li. RRBSMAP: a fast, accurate and user-friendly alignment tool
for reduced representation bisulfite sequencing. Bioinformatics, 28(3):430–
2, 2012.

[114] C. Holden. Sex and the suffering brain. Science, 308, 2005.

[115] M Tevfik Dorak and Ebru Karpuzoglu. Gender differences in cancer sus-
ceptibility: an inadequately addressed issue. Frontiers in genetics, 3:268,
2012.

[116] Michael B Cook, Sanford M Dawsey, Neal D Freedman, Peter D Inskip,
Sara M Wichner, Sabah M Quraishi, Susan S Devesa, and Katherine A McG-
lynn. Sex disparities in cancer incidence by period and age. Cancer Epi-
demiology Biomarkers & Prevention, 18(4):1174–1182, 2009.

[117] Carole Ober, Dagan A Loisel, and Yoav Gilad. Sex-specific genetic architec-
ture of human disease. Nature Reviews Genetics, 9(12):911–922, 2008.

[118] Edward H Morrow. The evolution of sex differences in disease. Biology of
sex differences, 6(1):1, 2015.

[119] Vardhman K Rakyan, Thomas A Down, David J Balding, and Stephan Beck.
Epigenome-wide association studies for common human diseases. Nature
Reviews Genetics, 12(8):529–541, 2011.

[120] C Fuke, M Shimabukuro, A Petronis, J Sugimoto, T Oda, K Miura,
T Miyazaki, C Ogura, Y Okazaki, and Y Jinno. Age related changes in
5-methylcytosine content in human peripheral leukocytes and placentas:
an hplc-based study. Annals of human genetics, 68(3):196–204, 2004.

[121] Osman El-Maarri, Tim Becker, Judith Junen, Syed Saadi Manzoor, Amalia
Diaz-Lacava, Rainer Schwaab, Thomas Wienker, and Johannes Oldenburg.
Gender specific differences in levels of dna methylation at selected loci from
human total blood: a tendency toward higher methylation levels in males.
Human Genetics, 122(5):505–514, 2007.

[122] Fang Fang Zhang, Roberto Cardarelli, Joan Carroll, Kimberly G Fulda,
Manleen Kaur, Karina Gonzalez, Jamboor K Vishwanatha, Regina M San-
tella, and Alfredo Morabia. Significant differences in global genomic dna
methylation by gender and race/ethnicity in peripheral blood. Epigenetics,
6(5):623–629, 2011.

216



Conclusions and future work

[123] B. Sarter, T. I. Long, W. H. Tsong, W. P. Koh, M. C. Yu, and P. W. Laird. Sex
differential in methylation patterns of selected genes in singapore chinese.
Hum Genet, 117, 2005.

[124] M. P. Boks, E. M. Derks, D. J. Weisenberger, E. Strengman, E. Janson, I. E.
Sommer, R. S. Kahn, and R. A. Ophoff. The relationship of dna methylation
with age, gender and genotype in twins and healthy controls. PLoS One, 4,
2009.

[125] Nina S McCarthy, Phillip E Melton, Gemma Cadby, Seyhan Yazar, Maria
Franchina, Eric K Moses, David A Mackey, and Alex W Hewitt. Meta-
analysis of human methylation data for evidence of sex-specific autosomal
patterns. BMC genomics, 15(1):1, 2014.

[126] Hongqin Xu, Fan Wang, Yawen Liu, Yaqin Yu, Joel Gelernter, and Huip-
ing Zhang. Sex-biased methylome and transcriptome in human prefrontal
cortex. Human Molecular Genetics, 23(5):1260–1270, 2014.

[127] Jingyu Liu, Marilee Morgan, Kent Hutchison, and Vince D Calhoun. A study
of the influence of sex on genome wide methylation. PloS one, 5(4):e10028,
2010.

[128] Elin Hall, Petr Volkov, Tasnim Dayeh, Jonathan Lou S. Esguerra, Sofia Salö,
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Appendices

A.1 Chapter 2: Gender-specific DNA methylation

A.1.1 Primer sequences for COBRA validations of gender DM

Figure A.1: Primer sequences for each COBRA validation experiment as shown in
Figure 2.9
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A.1.2 HC of brain and heart data with ChrX data only
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Figure A.2: Unsupervised hierarchical clustering of mouse brain eRRBS data from
ChrX only. Data filtered for read coverage ≥20x across all samples. Produced with
hclust. Distance method: 1- correlation. Clustering method: Ward.
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Figure A.3: Unsupervised hierarchical clustering of mouse heart eRRBS data from
ChrX only. Data filtered for read coverage ≥20x across all samples. Produced with
hclust. Distance method: 1- correlation. Clustering method: Ward.
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A.1.3 GO analysis with 100 bp tiled data
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Figure A.4: Gene ontological analysis of mouse gender autosomal DMTs (100 bp
tiles) with GREAT. Data was filtered for read coverage ≥10x across all samples.
Genome background: Mouse NCBI build 38 (UCSC mm10, Dec 2011). GREAT
settings: Basal+extension (constitutive 5.0 Kb upstream and 1.0 Kb downstream,
up to 10.0 Kb max extension

A.2 Chapter 3: Transgenerational epigenetic inheri-
tance.

A.2.1 Pedigree file details

A.2.2 Differential methylation analysis of the pedigree dataset
identifies 775 DMCs and 12 DMRS

Differential methylation analysis of the full dataset (eRRBS from 18 male livers)
without batch effect correction identified 775 DMCs and 12 DMRS with methylKit
[136] and eDMR [140] respectively. Figure A.5 (A) shows that DMCs are hyper-
methylated on most chromosomes in pedigree A (bar plot is relative to pedigree
B), but these results must be considered in the light of the batch effect described in
Chapter 3 Results (section 3.3.3 onwards). Annotation to mm10 RefSeq (UCSC)
genes (Figure A.5 B) shows that 33% of the 775 DMCs correspond to promoters
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Table A.1: Pedigree study sample and file list

Sample File name (Zymo) Mouse no. Pedigree-generation Batch
M1 L zr656 1 69827 A-1 1
M2 L zr656 2 69828 A-1 1
M3 L zr656 5 72364 A-1 1
M4 L zr656 7 75535 B-2 1
M5 L zr656 8 75536 B-2 1
M6 L zr656 11 75541 B-2 1
M7 L zr886 1 71963 A-2 2
M8 L zr886 2 71964 A-2 2
M9 L zr886 6 72622 A-2 2
M10 L zr886 3 72616 B-1 2
M11 L zr886 4 72617 B-1 2
M12 L zr886 5 72618 B-1 2
M13 L zr886 7 75005 A-3 2
M14 L zr886 8 75006 A-3 2
M15 L zr886 21 76808 A-3 2
M16 L zr886 22 78720 B-3 2
M17 L zr886 23 78955 B-3 2
M18 L zr886 24 79749 B-3 2

and 10% to exons. This is slightly higher to those described in the gender analy-
ses, assuming the background CpGs have equivalent annotation levels. CpG island
and repeat annotations (Figure A.5 C and D) are unremarkable with 34% of DMCs
corresponding to islands, 11% to CpG island shores and 34% to repeats. Although
the methylation % difference threshold was set at 15%, only 12 DMRs were iden-
tified. The clustered (unsupervised) heatmap shows % methylation differences at
these eDMRs (Figure A.5 E) with pedigree A samples on the LHS.
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Figure A.5: Pedigree DMCs from all male liver samples. DMC criteria: Minimum
methylation difference 15%, Q-value threshold 0.01. A) Bar plot of DMCs showing
% of hypo- and hypermethylated CpGs from all covered (≥10x) CpGs B) Filtered
for ≥10x coverage depth across 6 (of 9) samples per group. B) Annotation of
DMCs with genic features (mm10 RefSeq genes, UCSC). C) Annotation of DMCs
with CpG islands and shores (mm10, UCSC). D) Annotation of DMCs with repeats
(to mm10 RepeatMasker tracks, UCSC). E) Heatmap of DMRs from eDMR, colour
graded by methylation % of DMRs (averaged across DMCs in each DMR).
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A.3 Chapter 4: Comparison and performance eval-
uation of differential DNA methylation analysis
methods.

A.3.1 Differentially methylated tile calling

Table A.2: Datasets and DMT calling

methylKit methylSig

Significance threshold * q <0.01 q <0.01

Gender

No. of background tiles ** 410,248 110,051

No. DMTs called 517 46

Tissues

No. of background tiles ** 692,421 161,117

No. DMTs called 70,673 4,387

Spontaneously hypertensive rat (SHR)

No. of background tiles ** 277,387 196,644

No. DMTs called 1,270 781

Kidney tumour

No. of background tiles ** 102,003 137,280

No. DMTs called 11,953 5,847
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A.3.2 Methylation and coverage plots of datasets without Y-axis
limits
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Figure A.6: Scatterplots of gender DMCs called by each method. No preset Y-axis
limit.
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Figure A.7: Scatterplots of tissue (brain and liver) DMCs called by each method.
No preset Y-axis limit.
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Figure A.8: Scatterplots of SHR DMCs called by each method. No preset Y-axis
limit
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Figure A.9: Scatterplots of kidney tumour DMCs called by each method. No preset
Y-axis limit

A.3.3 Benchmarking from simulated datasets with methylKit,
methylSig and Fisher’s Exact test

Benchmarking was carried out with WGBSsuite [221] against three methods that
are integrated in their pipeline. This was done with datasets of 10,000 CpGs which
were simulated using the characteristics unique to each dataset. ROC curves for
each of the four datasets (Figure A.10 show that the methods methylKit, methyl-
Sig and FET perform similarly when these 4 datasets are applied. AUC analysis
however shows that methylKit has not tested as robustly. The generally conserva-
tive calling of this method described in Chapter 3 Results is in line with what is
seen here, as low sensitivity may mean many genuine DMCs are missed, but those
that are called may be robust.
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Figure A.10: Benchmarking from simulated datasets with methylKit, methylSig
and Fisher’s Exact test. A) Simulated gender dataset ROC curve B) Simulated
gender dataset AUC analysis C) Simulated tissues dataset ROC curve D) Simulated
tissues dataset AUC analysis E) Simulated SHR dataset ROC curve F) Simulated
SHR dataset AUC analysis G) Simulated SHR dataset ROC curve H) Simulated
SHR dataset AUC analysis
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